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Abstract

An important question in the evaluation of an additional risk prediction marker is how to interpret
a small increase in the area under the receiver operating characteristic curve (AUC). Many
researchers believe that a change in AUC is a poor metric because it increases only slightly with
the addition of a marker with a large odds ratio. Because it is not possible on purely statistical
grounds to choose between the odds ratio and AUC, we invoke decision analysis, which
incorporates costs and benefits. For example a timely estimate of the risk of later non-elective
operative delivery can help a woman in labor decide if she wants an early elective cesarean section
to avoid greater complications from possible later non-elective operative delivery. A basic risk
prediction model for later non-elective operative delivery involves only antepartum markers.
Because adding intrapartum markers to this risk prediction model increases AUC by 0.02, we
questioned whether this small improvement is worthwhile. A key decision-analytic quantity is the
risk threshold, here the risk of later non-elective operative delivery at which a patient would be
indifferent between an early elective cesarean section and usual care. For a range of risk
thresholds, we found that an increase in the net benefit of risk prediction requires collecting
intrapartum marker data on 68 to 124 women for every correct prediction of later non-elective
operative delivery. Because data collection is non-invasive, this test tradeoff of 68 to 124 is
clinically acceptable, indicating the value of adding intrapartum markers to the risk prediction
model.
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1. Introduction

Many statisticians evaluate an additional marker for risk prediction using the change in the
area under the receiver operating characteristic (ROC) curve, often denoted AUC [1]. An
important issue is how to interpret a small change in AUC. For example an estimate of the
risk of later non-elective operative delivery (instrumental vaginal delivery or cesarean
section) can help a woman in labor decide if she wants an early elective cesarean section to
avoid greater complications from possible later non-elective operative delivery. Schuit et al.
[2] constructed two risk prediction models for later non-elective operative delivery. Model 1
was a baseline model involving only antepartum markers (maternal age, parity, previous
cesarean section, diabetes, gestational age at delivery, gender, and ultrasonic estimated fetal
weight). Model 2 was an extended model that added to the antepartum markers a set of
intrapartum markers (induction of labor, oxytocin augmentation, fever, rupture of
membranes after 24 hours, epidural analgesia, meconium-stained amniotic fluid, and the use
of ST-analysis). In our evaluation, the use of Model 2 instead of Model 1 increased the AUC
from 0.73 to 0.75. We questioned whether this small improvement in AUC with Model 2
versus Model 1 is worth the “cost” in time and money of increased data collection on
intrapartum markers.

1.1 Why decision analysis

In recent years many researchers have criticized the use of change in AUC for evaluating the
performance of an additional marker for risk prediction. As noted by Biswas et al., [3] “The
area under the ROC curve (AUC) has been the standard for evaluating the discrimination
ability of a risk prediction model. However, in the past few years, it has been increasingly
recognized that changes in AUC are not sensitive when few potentially useful factors (such
as biomarkers) are added to a model that already comprises standard risk factors”. Similarly,
Spitz et al. [4] wrote “The receiver operating characteristics curve may not be sensitive to
differences in probabilities between models and, therefore, may be insufficient to assess the
impact of adding new predictors. A very large independent association of the new marker is
required for a meaningful improvement in AUC, and a substantial gain in performance may
not yield a substantial increase in AUC.” The following syllogism summarizes the
aforementioned viewpoint.

1. Arrisk prediction marker has a large odds ratio after adjustment for other markers.
2. The addition of the risk prediction marker increases AUC only slightly.
3. Therefore the increase in AUC is a poor metric for evaluation.

The flaw in the syllogism is the unsupported assumption that a large odds ratio trumps a
small increase in AUC for deciding if the addition of the risk prediction marker is
worthwhile. As Pencina et al. [5] note, “the fact that markers with very large effect sizes are
needed to increase the AUC does not automatically imply that small increases are sufficient
and likely to translate into meaningful gains in clinical performance. “Because the odds ratio
and AUC are both purely statistical and measuring different quantities, it is not possible to
decide which is more informative. A way out of this dilemma is a decision analytic approach
that includes costs and benefits. Along these lines Pencina et al. [5] compared change in
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AUC to the change in the decision-analytic metrics of net benefit and relative utility. Here
we discuss the interpretation of a decision-analytic metric, the test tradeoff, which can be
derived from a difference in net benefits or relative utilities and is used in a sensitivity
analysis.

and relative utility curves

The net benefit, a term commonly used in public policy analyses, is the total benefit minus
the total costs [6]. In a biostatistical framework, the net benefit is an expectation that
incorporates probabilities of events and is sometimes discussed in terms of value of
information [7, 8]. “Benefit” in the context of heath care evaluation is the value associated
with a health outcome, for example the value of avoiding later obstetric complications or the
value of preventing cancer incidence. “Costs” in the context of health care evaluation can
include risks, harms, and inconvenience, as well as economic costs. Because costs and
benefits are difficult to specify, the key to a good decision analytic approach is a simple
sensitivity analysis involving the ratio of costs to benefits. As will be discussed, a
convenient summary of this ratio of costs to benefits is the risk threshold. Two widely used
decision-analytic approaches for evaluating an additional risk prediction marker via a simple
sensitivity analysis involving risk thresholds are decision-curves [9, 10] and relative utility
curves [11-13]. Although these two approaches generally rank net benefits of different risk
prediction models identically, they differ in two ways: scaling and decision-analytic
underpinnings.

In terms of scaling, decision curves plot a scaled version of net benefit (called simply net
benefit in the decision curve literature) versus risk threshold while relative utility curves plot
relative utility versus risk threshold. The net benefit in decision curves is scaled because it
sets the benefit of correct prediction equal to one. Relative utility is the maximum net benefit
of prediction (over different cutpoints) divided by the net benefit of perfect prediction; it
varies from 0 (no predictive value) to 1 (perfect prediction). Ignoring differences arising
from different decision-analytic underpinnings, the net benefit in decision curves equals the
relative utility multiplied by the probability of the event.

In terms of decision analytic underpinnings, relative utility curves, unlike decision curves,
arise from a classic result in decision analysis for finding the optimal slope of a concave
(sloping downward) ROC curve. For this reason the literature on relative utility curves
discusses a maximum net benefit of risk prediction and concave ROC curves, while the
literature on decision curves discusses net benefit of risk prediction and does not mention
maximization of the net benefit or concavity of ROC curves. Because we wish to present the
decision analytic underpinnings with the aforementioned optimality result, we discuss
relative utility curves rather than decision curves. However, both curves generally lead to
similar conclusions via the test tradeoff [11-13].

As will be discussed, the test tradeoff is the minimum number of persons receiving a test for
an additional marker that needs to be traded for one correct prediction to yield an increase in
net benefit with the additional marker. Other names for the test tradeoff are number needed
to test [14] and test threshold [11] We prefer the name “test tradeoff” because number
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needed to test is easily confused with number needed to treat and test threshold is easily
confused with risk threshold.

1.3 Risk intervals for estimation

A simple and appealing nonparametric method to estimate the concave ROC curve (for
relative utility curves) is to group risks by interval, create a piecewise constant preliminary
ROC curve, and then create the final ROC curve as the concave envelope of the preliminary
ROC curve. Importantly the concave envelope is not simply a curve-fitting exercise but is
rooted in a decision-analytic optimization. More details are provided later. This estimation
procedure is a reasonable approach that is relatively easy to understand and implement.
There are also three other appealing aspects of a risk interval approach to estimation. First
investigators can report the data by interval (as we do) when they cannot report the
individual-level data due to confidentiality concerns [15]. There is a growing recognition of
the importance of presenting the data so others can reproduce the results [16]. Also
sometimes only count data is published and available for re-analysis [14]. Second, risk
intervals make explicit the coarseness of estimation inherent in calibration plots that
compare predicted and observed risks in various intervals. Such calibration plots are widely
used with individual-level data without appreciation that their coarseness implies a
“tolerance” at the level of the intervals. Third, the extension to survival data is simple
because risk intervals do not overlap, unlike the case with individual-level data. Overlapping
intervals require a complicated adjustment with censored survival data to avoid
inconsistencies in estimation [17].

2. Decision analysis underpinning of relative utility curves

Our convention is that the event is unfavorable. In our obstetrics example the event is
harmful complications associated with later non-elective operative delivery. Let TrO denote
the treatment that would be given to all persons in the absence of risk prediction. In our
example TrO is usual care. Let Trl denote a treatment thought, in comparison to Tr0, to
reduce the probability of the unfavorable event but at a cost of detrimental effects unrelated
to the event. In our example Tr1 is early elective cesarean section, which has fewer
complications than later non-elective operative delivery. Persons at sufficiently high risk for
the unfavorable event would opt for Trl instead of TrO.

We define a marker as single baseline variable or set of baseline variables used in the risk
prediction model. The ascertainment of marker data, which can involve answering a
questionnaire, collecting non-invasive measurements, or performing an invasive test, has a
cost or harm. Our question is whether the collection of additional markers to improve the
risk prediction model is worthwhile. To answer this question we compute the test tradeoff
which involves ROC curves, utilities, and the net benefit of risk prediction.

2.1 ROC curve

Let J=j index risk intervals. We use the convention that larger values of the risk score
indicate higher risk. We classify persons with J = j as positive, which means they would
receive Trl. We classify persons with J< j as negative, which means they would receive Tr0.
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Let D =1 if persons experience the event under Tr0, and D=0 if they do not experience the
event under Tr0. We write the risk in interval j as Rj = pr(D=1| J=j). Let Wj = pr(J = ). The
probability of the event under Tr0 is P = pr(D=1) = Xj R; W;. The true positive rate for risk
interval j, TPR;j = pr(J = j | D=1) = Xj>s Ry W5 / P, is the probability of a positive
classification among persons who experience the event under Tr0. The false positive rate at
risk interval j, FPR;j = pr(J = j | D=0) = Zjss (1-Rs) W5/ (1-P), is the probability of a
positive classification among persons who experience the event under Tr0. The ROC curve
is a plot of TPR; versus FPR; for various values of j. See Figure 1.

Some decision-analytic papers in the statistics literature discuss only costs of false positives
and false negatives [18, 19]. Here we discuss the full utility formulation. The four basic
utilities are as follows:

Urro:NoEvent|Tro = Utility of TrO when the unfavorable event would not occur under TrO0,
Urr1:NoEvent|Tro =utility of Trl when the unfavorable event would not occur under Tr0,
Urro:Event|Tro = Utility of TrO when the unfavorable event would occur under TrO,
Urr1:EventjTro = Utility of Trl when the unfavorable event would occur under TrO.

In the obstetric example

Urro:NoEvent|Tro = Utility of usual care that does not lead to later non-elective operative
delivery,

Urr1:NoEvent|Tro = Utility of unnecessary early elective cesarean section when usual care
would not lead to later non-elective operative delivery,

Urro:Event|Tro = Utility of usual care that leads to later non-elective operative delivery,

Urr1:EventjTro = Utility of early elective cesarean section when usual care lead to later
non-elective operative delivery.

We assume utilities do not depend on the risk of the event. This assumption holds for
Urro:NoEvent|Tro @nd Uro:Event|Tro because the treatment is TrO and the event status under
Tr0 is given. The assumption also holds for Uty1:noevent|Tro because the harm from Trl
depends on side effects unrelated to the event. However the assumption could fail for
Urr1:Event|Tro because the effect of Trl in reducing the risk of the event could depend on the
risk of the event under Tr0. Because the ultimate goal is a sensitivity analysis, a violation of
this assumption may have little effect on conclusions. In any case, the assumption holds for
Urr1:Event|Tro iN the obstetrics example because the effect of cesarean section is no later non-
elective operative delivery regardless of the risk of later non-elective operative delivery.

If we set Utro:NoEvent|Tro at @ reference value of zero, Urr1o:noEvent|Tro IS Negative because it
involves costs associated with unnecessary Trl, Urro:Event|Tro IS Negative because the
unfavorable event occurs, and Utr1:gvent|Tro IS POSitive because the unfavorable event may
not occur. There is also a cost of marker testing or ascertainment, denoted Crest, Which we
treat as a positive because it will be subtracted in the formula for net benefit of risk
prediction.

Stat Med. Author manuscript; available in PMC 2015 September 28.
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2.3 Net benefit of risk prediction

We define the net benefit of risk prediction as the expected benefit of risk prediction minus
the expected benefit of no treatment,

NB;j={(1 = P)FPRU, ' prensi1vo
+(1 - P)(1 - FPR))U
+P(1

— TPR;)U
+PTPRjUT'r1:EUenﬂTr(}
- Cr.}— {0

— P)U

+PU

Tr0: NoEvent| Tr0

Tr0: Event| Tr0

@)

Tr0: NoEvent| Tr0

Tr0: Event| Tr0 }

Equation (1) simplifies to

NB;=PTPR;B — (1 — P)FPR;C — C,,,,where ()

B=U. -U @)

Tr1: Bvent| Tro Tr0: Event| Tr0

c=U ~U @

Tr0:NoEvent| Tr0 Tr1t:NoEvent|Tr0 "

The quantity B is the benefit of Trl instead of Tr0 in a person who would experience the
unfavorable event under Tr0. B is positive because it equals a negative utility subtracted
from a positive utility. The quantity C is the cost or harm of side effects from Trl instead of
TrO0 in a person who would not experience the unfavorable event under Tr0. C is positive
because it equals a negative utility subtracted from a reference utility of zero. In 1884 in the
context of tornado prediction, Peirce [20] proposed a simpler version of equation (2),
without the subscript or underlying utility differences. Only in recent years has the article by
Peirce received widespread attention [21].

2.4 Risk threshold

Although the cost-benefit ratio C/B may be used for a sensitivity analysis, its large range
makes plotting problematic. As an alternative we use the risk threshold,

T=(C/B)/(1+C/B)=C/(C+B). (5

The name “risk threshold” comes from the interpretation of T as the event rate at which a
person is indifferent between treatments Tr0 and Trl [22]. More precisely, the risk threshold
is the value of T such that the expected utility of Trl, T Urr1:gventtro + (1-T)
Urr1:NoEvent|Tro, €quals the expected utility of TrO, T Utro:gventjtro + (1-T) Utro:NoEvent|Tro-
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2.5 Maximum net benefit of risk prediction

Let ROCSlope;j = (TPR; = TPRj+1) / (FPRj = FPR)+1) denote the slope of the ROC curve
associated with risk interval j. By definition, for a concave ROC curve, ROCSlope; increases
as j increases. If the ROC curve is concave, the maximum net benefit of risk prediction
occurs at risk interval j such that the change in the net benefit of risk prediction over
adjacent intervals is zero (analogous to find the maximum of a function when the slope is
zero). Mathematically this condition is

NB; — NB;, ,=P{TPR;
—TPR;,\B
—(1-P){FPR;—FPR;, }C={PROCSlope,B—(1-P)C}H{FPR; ©
— FPR;, ;}=0.

Solving equation (6) gives the classic result in decision theory [23] that the maximum net
benefit of risk prediction for a given risk threshold T occurs at risk interval j= j(T) such that

ROCSilope,, ={(1~ P)/PY{C/B}={(1~ P)/PHT/(1 ~T)}. q)

This maximum net benefit of risk prediction equals

mazNB(T)=PTPR, . B — (1~ P)FPR, . C ~ Cy... (@)

7(T)

Because we can write

ROC Slope;=pr(J=j|D=1)/pr(J=j|D=0)={(1~ P)/PY{R;/(1~ R})}. ()

an equivalent solution to equation (6) is j= j(T) such that R = T [24]. As discussed later, for
this risk interval framework we use linear interpolation when Rj < T < R(j+y).

2.6 Relative utility curve
Relative utility is the maximum net benefit of risk prediction divided by the net benefit of
perfect prediction when the cost of marker ascertainment is zero. The net benefit of perfect
prediction equals equation (2) with TPR; = 1, FPR; = 0, and Crest = 0 to yield P B.
Mathematically, relative utility is
RU(T):{PTPRJ,(T) B— (1—P)FPRJ.(T> C}/(PB).:TPRj<T> ROCSlopej(T) FPR. (10)

i(T)”

The appeal of relative utility is that it is a meaningful function of utilities (excluding marker
ascertainment cost) only through T, thereby leading to a simple and informative sensitivity
analysis. A relative utility curve is a plot of RU(T) versus T. See Figure 2. Because the ROC
curve is concave, the relative utility curve monotonically decreases as T increases and is
always greater than or equal to zero. The leftmost point of the relative utility curve is T=P.
The proof follows. Because TrO is the treatment in the absence of risk prediction, the
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expected utility of Tr0 in the absence of risk prediction must be greater than the expected
utility of Trl in the absence of risk prediction. The former expected utility is UngTreat =
(1-P) UnoTreat:NoEvent + P UNoTreat,Event- The latter expected utility is Urrear = (1-P)
Utreat:NoEvent + P Utreat:Event- Setting UnoTreat > Utreat gives T 2 P. The maximum relative
utility at T=P corresponds to ROCSlope;jpy = 1 and hence equals the Youden index at risk
interval j(P), namely RU(P) = TPRjpy = FPRj(p).

2.7 Test tradeoff

For evaluating the addition of a marker to the risk prediction model, a key quantity is the
change in relative utility between Models 1 and 2, namely

ARU(T)=RU

Model2

(T) - RUModel] (T) (11)

Let Cmarker = Crest(Model2) — CTest(Model1)denote the cost of ascertaining the additional
marker. For an additional marker to be worthwhile, the maximum net benefit of risk
prediction for Model 2 must be greater than the maximum net benefit of risk prediction for
Model 1, namely,

maxNBModcl?(T) - maxNBModcll(T)>0' (12)

Equation (12) implies

ARU(T)P>C,,,../B. (13

The quantity RU(T) P is called the maximum acceptable testing harm [12]. When the
maximum acceptable testing harm is positive, a more intuitive quantity to consider is the test
tradeoff,

TestTradeoff (T)=1/{ARU(T)P}. (4)

Equation (12) also implies

TestTradeoff (T)<B/C\/per-  (15)

Thus the test tradeoff is the minimum value for B/ Cyjarker- In Other words the test tradeoff is
the minimum number of persons receiving a test for an additional marker that needs to be
traded for one correct prediction to yield an increase in net benefit with the additional
marker. (To understand how this interpretation arises, suppose that B were the price of
apples and Cparker Were the price of oranges; then B/ Cparker Would be the number of
oranges traded for an apple). If the test tradeoff is acceptable over a wide range of risk
thresholds, then risk prediction with the additional marker is recommended.

Stat Med. Author manuscript; available in PMC 2015 September 28.
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3. Estimation

We focus on the situation in which investigators fit the risk prediction model to data in a
training sample and evaluate the risk prediction model in an independent test sample. This
procedure is a simple way to avoid overfitting bias in evaluation. (Although Schuit et al. [2]
used the same sample for both fitting and evaluation, they reduced overfitting bias by
shrinking the regression parameters using a bootstrap approach). Furthermore, if the training
sample is from a different population than the test sample, the evaluation in the independent
test sample provides support for generalizability. For a rare event, investigators may wish to
create the test sample by random sampling from persons who experience or do not
experience the event in a target population.

3.1 Risk stratification tables

An appealing aspect of the risk interval approach is that we can present the data in the form
of two risk stratification tables that cross-classify risk intervals for Model 1 (rows) and
Model 2 (columns). One risk stratification table corresponds to persons who experience the
event (Table 1), and the other corresponds to persons who do not experience the event
(Table 2). For Model 1 risk interval i and Model 2 risk interval j, let xjj denote the number of
persons who experienced the event and yjj denote the number who did not experience the
event. The following calculations use Model 2 as an example but would also apply to Model
1. For risk interval j let xj = %j x;; denote the number of persons who experienced the event
and let yj = %j yj; denote the number who did not experience the event. The total number in
risk interval j is xj + yj = nj. The estimated risk in risk interval j is rj = X; / nj. The fraction in
risk interval j is wj = nj / n, where n=X; nj is the size of the sample. The event rate in the
sample is p = X rj .

3.2 Estimating the preliminary ROC curve

We first estimate a preliminary ROC curve based on the initial set of risk intervals. The
preliminary ROC curve is a plot of fpr; versus tprj, where fprj = ¥jsg (1-15) wg / (1-p) and
tprj = Xjss I's Ws / p. See Table 3 for these calculations applied to our example involving the
risk prediction for later non-elective operative delivery.

3.3 Why a concave envelope of ROC points

If the preliminary ROC curve is not concave, we construct a concave ROC curve using the
concave envelope of discrete points on the ROC curve, which is optimal from a decision-
analysis standpoint [25, 26]. To understand this optimality property, consider the
preliminary non-concave ROC curve in Figure 3, which connects points A, B, and C. For the
concave envelope of ROC points, line segment AC replaces line segments AB and BC. The
true positive rate on line segment AC is higher than the true positive rates on line segments
AB and BC, so AC is preferred to the union of AB and BC. Line segment AC corresponds to
mixed decision rule defined as follows. Let (FPRa, TPR,p) denote coordinates of point A and
let (FPR¢, TPR() denote the coordinates of point C. The line segment from A to C has true
positive rate (1-0) TPRa + 0 TPR¢ corresponding to false positive rate (1-0) FPRp + 0
FPRc, for 0 <0 < 1, where 0 is the probability of selecting a cutpoint corresponding to point
C and (1-9) is the probability of selecting a cutpoint corresponding to point A.

Stat Med. Author manuscript; available in PMC 2015 September 28.
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3.4 Estimating the concave ROC curve and the relative utility

Starting with the leftmost point on the ROC curve, we successively select the next ROC
point on the right whose line segment from the previously selected point has the largest
slope. For risk interval u associated with the concave ROC curve, we denote the false and
true positive rates by fprc, and tprey, respectively, where subscript “C” denotes concave.
Using the slope of the concave ROC curve, rocslopecy = {tprcy — tprew+1)} / {fpreu -
fpreu+1)}, we estimated the risk and relative utility in risk interval u by

740,/ (144c,), Whereqo, =rocslope , p/(1 =), (16)

U, =tpr, — rocslopeCufprCu. (17

See Table 4 for an example of these calculations.

3.5 Adjusting for different event rates in test sample and target population

When the estimated event rates in the test sample and target population, p and P, differ due
to random sampling of persons with and without the event, we adjust the estimated risk as
follows [12]. We write the risk of the event among the target population as

T popc,=pr(D=1|U=u, pop)=pr(U=u|D=1, pop) P [{pr(U=u|D=1, pop) P+pr(U=u|D=0, pop)(1—P)}. (18)
The random sampling implies pr(U=u | D=d, test sample) = pr(U =u | D=d, pop) which
implies
pr(U=u|D=1, pop)=r,w,/p, (19)

pr(U=u| D=0, pop)=(1 — ru)wu/(1 = p). (20)

Substituting equations (19) and (20) into equation (18) and simplifying gives the estimated
risk in the target population,

Tropcn =T P/ P/, P/p+(1 —71.,)1 = P)/(1—p)} (1)

3.6 Estimating the relative utility curve

The estimated relative utility at risk threshold T is

TU(T):rucu—i—TocslopeCu (T - rPOPCu)’ forr,ope, <T' < Tporc(ut+n® (22)

The estimated relative utility curve is a plot of ru(T) versus T.

Stat Med. Author manuscript; available in PMC 2015 September 28.
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3.7 Small bias with non-predictive additional markers

When the additional marker has no effect on risk, estimates of the change in relative utility
should be centered near zero. Using simulation, Pepe et al [27] showed that the continuous
net reclassification index (NRI) [28] was substantially biased in this situation. Using a
similar simulation (Appendix A) with sample size 400, 2000 iterations and 10 risk intervals,
we obtained the following medians for various simulated distribution: 0.11 for continuous
NRI, —0.002 for categorical NRI, and —0.011 for the change in relative utility at T=P; this
suggests little bias for the change in relative utility with non-predictive additional markers.

3.8 Extensions to survival outcomes

With survival data, for each cell in the risk stratification table we compute a Kaplan-Meier
estimate of the probability of surviving to a pre-specified time, from which we compute an
estimated count. We then proceed as if the estimated counts were observed counts [29]. See
Appendix B for a justification.

3.9 Estimating the test tradeoff

We computed the maximum acceptable testing harm, ru(T) P, and test tradeoff, 1/{ru(T) P},
at five equally spaced risk thresholds over a range of risk thresholds (Figure 2). The lowest
bound of the range is the minimal risk threshold for the relative utility curve, here T= P
=0.28. However it is difficult to specify the upper bound of the range. For an upper bound
we chose the risk threshold of T=0.45, corresponding to a relative utility for Model 1 of
0.10. We presume that a patient whose relative utility is less than 0.10 would opt for TrO.

Before computing test tradeoff, investigators should compute the maximum acceptable
testing harm (Table 5). If the maximum acceptable testing harm is negative for any risk
threshold (not the case here), investigators can conclude that adding the marker can lead to
more harm than good, as could arise with overfitting. Otherwise the next step is to compute
the test tradeoffs for the range of risk thresholds.

For Model 1 versus Chance the test tradeoff for antepartum markers ranged from 10 to 50
(Table 5). In other words, for an increase in the net benefit from risk prediction with
antepartum data, it is necessary to collect antepartum data from at least 10 to 50 women for
every correction prediction of later non-elective operative delivery —an acceptable tradeoff.
For Model 2 versus Model 1, the test tradeoff for the addition of intrapartum markers ranged
from 68 to 124 (Table 5). In other words, for an increase in the net benefit from the addition
of intrapartum data, it is necessary to collect intrapartum data from at least 68 to 124 women
for every correction prediction of later non-elective operative delivery—also an acceptable
test tradeoff.

Our application of the test tradeoff methodology to obstetrics is unusual in that there is a
temporal component to the collection of additional marker data. Consequently even though
the test tradeoff for the addition of intrapartum markers is acceptable, clinicians may prefer
to use a risk prediction model based only on antepartum markers, because data collection for
antepartum markers occurs earlier and their test tradeoff versus chance was also acceptable.
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Even if point estimates of test tradeoff are acceptable, some clinicians may require
reasonable confidence that the results are not due to chance before committing time and
resources to ascertain additional marker data. This requirement translates into a lower bound
for the 95% confidence intervals for maximum acceptable testing harm that is greater than
zero for all risk thresholds considered, as was the case here (Table 5). We computed these
confidence intervals using percentiles from 10000 multinomial bootstrap replications drawn
separately from persons with and without the event in the test sample. These confidence
intervals, which treat the risk prediction model and the probability of event (which is
sometimes specified for the target population) as fixed, summarize sampling variability in
the test sample.

3.10 Applying the risk prediction model to patients

To apply a risk prediction model to patients, the clinician applies the risk prediction model
to the patient’s marker values to compute a risk score for the patient. The risk score may be
biased due to overfitting or because it involves a different population than in the test sample.
To convert the risk score to an unbiased estimated risk, the clinician can use a test sample
calibration plot that compares the estimated risk in an interval versus the average risk score
in an interval (Figure 4). Using visual interpolation or appropriate software, the clinician
finds the estimated risk corresponding to a patient’s risk score. The clinician discusses the
estimated risk and anticipated benefits and harms of treatment with the patient, so that the
patient can make an informed decision about treatment.

4. Discussion

To circumvent the dilemma of choosing between the odds ratio and AUC to measure the
value of an additional marker for risk prediction, we use decision analytic approach, which
incorporates costs and benefits. Our key metric is the test tradeoff computed over a range of
risk thresholds. In essence the test tradeoff reduces a complicated net benefit involving five
utilities to a range of test tradeoffs, thereby greatly simplifying the sensitivity analysis.
Admittedly two aspects of computing the test tradeoff have a subjective component:
deciding if a test tradeoff is acceptable and selecting the upper bound of the range of risk
thresholds. However these subjective aspects are minor compared with the subjective
interpretation of purely statistical measures such as odds ratio and AUC.

With evaluation of markers for risk prediction, generalizability is a challenge. If a
comparison of risk prediction models yields acceptable test tradeoffs in a variety of
populations, then generalizability is supported. Of course the ideal situation is computing
test tradeoffs in a random sample (perhaps with different sampling from events and non-
events) from a target population, but we recognize that such data are often not available.

Using the risk stratification tables, investigators can perform all calculations in a spreadsheet
format with the exception of finding the concave envelope of the ROC curve, if needed.
Freely available software written in Mathematica [31] is available at http://
prevention.cancer.gov/programs-resources/groups/b/software/rufit.
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Appendix A

To investigate bias when additional markers have no effect on risk prediction we perform
the following simulation. Let expit(x) = exp(X)/{1+exp(x)}. Each replication involves the
following four steps.

Step 1 Generate the training sample

Let z index persons in training sample. Let xtrainz denote the baseline marker that
determines the true risk. Let mtpainkz for k=1,2,3,4 denote additional markers with no
impact on the true risk. We generate independent normally distributed markers with mean 0
and variance 1. We generate random binary events, ytrainz, from a Bernoulli distribution
with probability expit(6y + Ox XTraINz), Where 6 = logit(0.1/0.9) and 0y =1.7.

Step 2 Generate the test sample

Let v index persons in training sample. Let xtesTy denote the marker determining true risk
and myesTky for k=1,2,3,4 denote additional markers. We generate independent normally
distributed marker variables with mean 0 and variance. We generate random binary events
in the test samples, ytesty, from a Bernoulli distribution with probability expit(6g + 0y

XTESTV)-

Step 3: Fit the risk prediction model to the training sample

Using the data from the training Sample, {XTRAINW MTRAINKv: yTRAINZ1}l we fit Model 1,
pr(YTrainy =1) = expit(ag + ax Xtrainy), and Model 2, pr(Ytrainy =1) = expit(Bo + Bx
XTRAINV T 2k Bmk MTRAINKY)- Let ag, ax, bg, by, and by denote the estimates of ag, ax, Po,
Bx, and Pk, respectively.

Step 4 Compute risk scores in the test sample

For each person in the test sample we compute a risk score using {Xtesty, MTESTKV} and
parameter estimates from the training sample. For Model 1 the risk score is expit(ag + ax
XTESTY)- FOr Model 2 the risk score is expit(bg + by Xtesty + 2k bpvk MTESTKY)- We compute
relative utility as a function of these risk scores and {ytesty}. The computation of
categorical NRI uses the same risk intervals as with relative utility curves.

Appendix B

This appendix provides a rationale for substituting expected counts from a Kaplan-Meier
estimate for observed counts in a risk stratification table and treating them like observed
counts in the analysis. Consider a prospective study of N persons. For the risk stratification
table for persons with D=d, we can write the observed counts as N fq);j Wij, where fqj; is the
fraction estimating pr(D=d | I=i, J=j) and w;j; is the fraction estimating pr(I=i, J=j). If the
expected counts have the form N sqjj Wij , where sqjj has the same distribution as that of a
fraction estimating pr(D=d | I=i, J=j), it is appropriate to treat the expected counts as
observed counts when computing estimates and variances of functions of the counts. This is
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the case when sqjjj is @ Kaplan-Meier estimate of pr(D=0 | I=i, J=j), denoting the probability
of surviving no event to a pre-specified time. Following Peto’s formula [30], the estimated
variance of sjjj is (50|ij)2 (1~ sqjij) / kij, where kjj is the observed number at risk.
Approximating kjj by the expected number at risk, namely N sg;; wjj; gives an estimated
variance of sqjj (1~ sjij) / N wjj, which is the same variance as if sq|;; were a fraction
estimating pr(D=0 | I=i, J=j).
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Concave ROC Curves

Figure 1.
ROC curves for risk prediction involving later non-elective operative delivery.
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concave envelope of ROC Curve
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Figure 3.
Example showing construction of a concave envelope of ROC points
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Calibration Plot: Model 2
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Figure 4.

Calibration plot involving risk prediction for later non-elective operative delivery. The
dashed line is the 45 degree line reference for no bias. The arrow shows an example of
converting a risk score to an estimated risk via interpolation.
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Maximum acceptable testing harms and test tradeoffs over a range of risk thresholds.

Table 5

Maximum acceptable

testing harm

Risk Estimate Lower Test tradeoff
threshold bound

Model 1 versus Chance | 0.28 0.097 0.091 10
0.32 0.072 0.065 14
0.36 0.05 0.042 20
0.41 0.034 0.026 29
0.45 0.02 0.014 50

Model 2 versus Model 1 | 0.28 0.008 0.003 124
0.32 0.011 0.006 88
0.36 0.015 0.008 68
0.41 0.014 0.008 69
0.45 0.013 0.006 74
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