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Abstract

Cost curves have recently been introduced as
an alternative or complement to ROC curves
in order to visualize binary classifiers perfor-
mance. Of importance to both cost and ROC
curves is the computation of confidence inter-
vals along with the curves themselves so that
the reliability of a classifier’s performance can
be assessed. Computing confidence intervals
for the difference in performance between two
classifiers allows to determine whether one
classifier performs significantly better than
another. A simple procedure to obtain confi-
dence intervals for costs or the difference be-
tween two costs, under various operating con-
ditions, is to perform bootstrap resampling
of the testset. In this paper, we derive ezact
bootstrap distributions, i.e. distributions ob-
tained when an infinite number of bootstrap
samples are drawn, for the cost of using a
classifier as well as the difference between the
costs of two classifiers. These distributions
are then used to obtain confidence intervals,
under various operating conditions. Perfor-
mances of these confidence intervals are mea-
sured in terms of coverage accuracies. Simu-
lations show excellent results.

1. Introduction

Cost curves (Drummond & Holte, 2000; Drummond
& Holte, 2006) have recently been introduced as an
alternative or complement to receiver operating char-
acteristics (ROC) curves in order to visualize binary
classifiers performance. A cost curve is a plot of a
classifier’s expected cost as a function of operating
conditions, i.e. misclassification costs and class proba-
bilities. Performance assessment in terms of expected
cost is paramount but can hardly be visualized through
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ROC analysis although knowledge of the distribution
of a classifier’s total misclassification error cost is often
among the enduser’s interests.

Cost curve analysis can be enhanced if dispersion mea-
sures of the curve are provided along with the curve
itself, thereby allowing the enduser to assess the re-
liability of the estimated performance of the classi-
fier considered for implementation. In order to obtain
confidence intervals from a single testset, resampling
methods such as the bootstrap (Efron & Tibshirani,
1993) technique can be used: from the testset, a cer-
tain number of samples are drawn, with remplacement,
and from these samples, a distribution of the cost can
be obtained. In certain cases, the bootstrap technique
lends itself to analytic derivations for the limit case
where the number of samples tends to infinity. Distri-
butions thus obtained are referred to as exact bootstrap
distributions. The purpose of this paper is to derive
exact bootstrap distributions for a classifier’s total cost
of misclassification errors as well as the difference be-
tween two classifiers’ total costs, for varying operating
conditions.

Except for (Drummond & Holte, 2006), little attention
has been given to developing and evaluating the per-
formance of confidence intervals for cost curves. In
that regard, ROC curves have received much more
attention. Arguably, the recency of cost curves ex-
plains in part this situation. Recent literature on the
derivations of confidence intervals for ROC curves can
be segmented in three categories: parametric, semi-
parametric or empirical. Semi-parametric methods
mainly refer to kernel-based methods (Hall & Hyn-
dman, 2003; Hall et al., 2004; Lloyds, 1998; Lloyds
& Wong, 1999). Bootstrap resampling has been used
for ROC curves as an empirical method but to date,
exact bootstrap distributions for the ROC curve have
not been presented.

A technical difficulty arises from the fact that, when
sampling from the entire testset, a procedure we shall
refer to as full sampling, relative proportions of classes
will vary from one sample to another. Mathemat-
ical derivations of exact bootstrap distributions, in
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the context of full sampling, are thus more cumber-
some. In this paper, we first circumvent this difficulty
through the use of a procedure referred to as stratified
sampling according to which proportions of positive
and negative instances of each bootstrap sample are
fixed as equal to those of the original testset. Here,
an instance is an element of the testset. Instances of
the class for which the event has (not) taken place are
called positive (negative). For example, for a credit
card fraud detection application, fraudulous transac-
tions would be labelled as positive whereas legitimate
transactions would be labelled as negative. Within the
stratified sampling framework, each sample is obtained
from the combination of two independent bootstrap
samples: one drawn from the set of positive instances
and the other drawn from the set of negative instances.
This procedure has previously been used in the context
of ROC (Bandos, 2005) as well as cost (Drummond &
Holte, 2006) curves. After obtaining results under this
simplified stratified sampling approach, we build on
these results and derive exact bootstrap distributions
for the full sampling approach.

Cost curves are obtained assuming the enduser selects
the threshold that minimizes expected cost, given op-
erating conditions, based on the testset. One approach
to obtain cost distributions is to draw bootstrap sam-
ples from the testset, obtain a cost curve for each of
the samples and derive a distribution for the cost from
these cost curves. Now consider a specific set of values
for the operating conditions. Each of the samples will
lead a possibly different optimal threshold for this set
of operating conditions. Thus, averaging cost curves
(fixed operating conditions but varying thresholds) in
order to obtain an estimate of the expected cost would
correspond to the enduser being able to select the op-
timal thresholds, depending on the actually observed
sample of instances. In other words, the enduser would
be required to have knowledge of the testset before
deciding on a threshold value, something that can’t
be done. Obviously, thresholds must somehow be se-
lected prior to testset cost measurements. This can be
done through the standard machine learning process
of splitting the data in three sets: training, valida-
tion and test. In our simulations, we first assume the
user chooses the optimal theoretical thresholds for all
operating conditions, thus implicitely assuming an in-
finite sized validation set. Our approach can therefore
be considered as a form of threshold averaging of the
costs. But since both operating conditions (abscissa
values) and thresholds are fixed for each computed
distribution, then the approach could be considered
as vertical averaging as well.

The rest of the paper is as follows: in section 2,

we briefly review the main aspects of ROC and cost
curves. Then, mathematical derivations are presented
in section 3 for stratified sampling and in section 4 for
full sampling. In section 5, we perform simulations
and measure coverage accuracies of the confidence in-
tervals. Finally, we conclude in section 6.

2. ROC and cost curves

There are various alternatives for assessing and com-
paring the predictive performance of binary classi-
fiers. ROC and cost curves are among these. ROC
curves have been used in the context of numerous real-
world applications (Swets & Pickett, 1982; Swets et al.,
2000). An ROC curve is a plot of the probability of
correctly identifying a positive instance (a true posi-
tive) against the probability of mistakenly identifying
a negative instance as positive (a false positive), for
various threshold values. When viewed as a test, it
corresponds to a plot of sensitivity against (1 — speci-
ficity) or power against size. See (Fawcett, 2006a) for
an excellent introduction to ROC curves along with
descriptions of the essential elements of ROC graph
analysis. When obtained through the use of a classi-
fier for scoring instances of a testset, the curve is often
referred to as the empirical ROC.

An advantage of ROC graph analysis lies in the fact
that ROC curves are independent of the relative pro-
portions of positive and negative instances in the pop-
ulation as well as the relative values of error costs
(Fawcett, 2006a). Since both axes are scaled as pro-
portions to the total number of positive (y-axis) and
negative (x-axis) instances, a change in these num-
bers should not affect the ROC curve (although this
argument has recently been discussed (Webb & Ting,
2005; Fawcett & Flach, 2005)). Since all computations
of ROC curves are made independently of cost values,
these have no effect on the curve. On the other hand,
changes in costs or proportions will cause changes in
the value of the optimal (expected total error cost min-
imizing) threshold, corresponding to a different point
on the otherwise unaffected ROC curve. One draw-
back of ROC graph analysis, is its inability to handle
instance-varying benefits (or costs) but an extension
has recently been proposed for that purpose (Fawcett,
2006b). Classifier performance assessment in terms
of expected total error cost can hardly be done using
ROC curves and for this reason (and others (Drum-
mond & Holte, 2006)), cost curves have been intro-
duced as an alternative (or a complement) to ROC
curves.

The main objective of cost curves is to visualize clas-
sifier performance in terms of expected cost rather
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than through a tradeoff between misclassification error
probabilities. Expected cost is plotted against operat-
ing conditions where, as mentionned above, operating
conditions include two factors: class probabilities and
misclassification costs. Once these values are fixed, all
possibly attainable true and false positive rates pairs
are considered. Given class probabilities, misclassifi-
cation costs, and true and false positive rates, a cost is
obtained. The pair that minimizes the cost is selected.
It is assumed that given certain operating conditions,
the enduser would select the cost minimizing pair and
set the classifier’s threshold accordingly. This process
is done for all possible values for operating conditions
in order to obtain a cost curve. As shown below, a set
of operating conditions can be summarized through a
single normalized scalar value ranging between 0 and
1. We now turn to more formal derivations of the cost
curves and associated exact bootstrap distributions.

3. Stratified sampling

Consider a testset consisting of n instances from which
stratified bootstrap samples are drawn. In this paper,
we shall assume bootstrap samples are of the same size
as the testset itself, a common procedure. Let nt and
n~ be the numbers of positive and negative instances
in the testset. According to the stratified bootstrap
procedure and since we assume sample size equals test-
set size, the numbers of sampled positive and negative
instances are fixed for all samples and also equal to
nt and n~, respectively. Let n; denote the number
of instances, among the n* positive instances of the
testset, with score greater or equal to the threshold
t = t(w) associated to operating conditions w, where
w will be defined shortly. The corresponding value for
a set of sampled positive instances is noted N," and
follows binomial distribution with parameters n; /n*
and nt which we note as N," ~ Bin(n;” /n*,n*). The
random variable for the true positive rate, at threshold
t, is denoted TP;" = N;7/nT. Similarly for negative
instances, n; refers to the number of instances with
score greater or equal to ¢ among the n™ negative in-
stances of the testset, N, is the random variable for
the corresponding number of sampled instances and
FP. = N; /n~ is the false positive rate, at threshold
t, with N, ~ Bin(n; /n~,n~). Note that, according
to the stratified sampling procedure, samples from pos-
itive and negative instances are drawn independently
so that TP;" and FP; are independent as well.

Let us now formalize the above mentionned operating
conditions and define w. Let p4 and p_ represent class
probabilities for positive and negative instances, re-
spectively. Misclassification costs are noted c;,_ and

c_ 4 for false positive and false negative errors, respec-
tively. Total cost is therefore given by the following:

Cf = pre ) (0L=TPF)+p_cy) FP . (1)
In (Drummond & Holte, 2006), total cost is divided
by the maximum possible value, in order to obtain
a normalized cost with maximum value of one. This
maximum total cost value is reached when 1 — TP, =
FP;” =1 and the total cost is then equal to p1c_,4 +
p—cy/—. Defining w as

Dt C—/4

w = 9 (2)
P+ Cyjp +P—-Cy/m

the normalized cost is given by
oY = w(l-TP")+ (1 —wFP (3)

with w € [0, 1]. Considering the distribution of all pos-
sible stratified bootstrap samples, the expected value
and variance of C}¥ are

BICF] = w@—nf/n")+ (1 —wny /n7. (4)
VICK] = wPnf/nF(1—ni/n")
+(1 = w)’n; /n”(1—n; /n7).  (5)

We use these expectation and variance of the distribu-
tion of CN to fit a gaussian distribution from which
confidence intervals are easily obtained. Now, in order
to assess the statistical significance of the difference in
performance of two classifiers, we need to obtain the
distribution of the difference in their normalized costs:

N N N
Actlﬂ‘a Ctz - Ctl

— w(TP —TP})
+(1 —w)(FP, — FP.) (6)

where we use subscripts 1 and 2 to differentiate val-
ues obtained for the two classifiers. The values of Ct];’
and Cg can hardly be assumed independent since it is
possible that the scores assigned by two different clas-
sifiers are correlated: for example, obvious fraudulous
transactions will likely obtain high scores on all clas-
sifiers. Also note that only instances that are falsely
labelled by one and only one of the two classifiers will
affect the difference in costs. Errors made by both
classifiers will offset each other when computing cost
differences. Let n;q represent the number of positive
testset instances labelled as positive by the first classi-
fier and negative by the second classifier, given operat-
ing conditions w. Note that thresholds ¢; = ¢;(w) and
to = to(w) associated to operating conditions w may
differ from one classifier to the other since score distri-
butions and scales may vary from one classifier to the
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Algorithm 1 Computing n;q and n;rz in O(n)

The following are obtained through sorting:

51(7): ' largest score, according to classifier 1.
The set of values s1(j) forms table 1.
r1(j): rank, in table 2, for the j** instance
of table 1.
f1(j): flag associated to j*" instance of table 1.

Initially set to zero.
sa(k), r2(k), and fo(k) are defined similarly.
ny <« 0,n0 0
j—1, k1
for all values of w (sorted in increasing order) do
while j <nt and s1(j) > t;(w) do
f1() <1
if fQ(T‘l(])) == 0 then
ny < ni+ 1
else
Ng < ng — 1
end if
Je=J+1
end while
while k£ < n* and s2(k) > t2(w) do
if f1 (TQ(]C)) ==0 then
ng «—ng +1
else
ny <—ny — 1
end if
k—k+1
end while

n;’; — N1

nz; <~ N2

end for

other. Similarly, let nf; represent the number of pos-
itive testset instances labelled as positive by classifier
2 and negative by classifier 1. Values n; and n, are
defined similarly for negative instances. Let N;l', N{g ,
Nyi, and N be the associated random variables for
the number of instances in a bootstrap sample. Values
N;lr and Ntt jointly follow a multinomial distribution.
This also applies to N;, and N, . Accordingly, mo-

ments of AC{Y +, are easily obtained:

+ 4
BlaCy,] = w(”t1n+nt2>
+ 1w <nt2n—nh> (7)
+oy ot o)’
+ -1 "27
V[ACg’h] = v’ - nt?nﬂz e

(n;1 —n;z)z

- - (8

ntl =+ ntz -

(n=)?

+(1 —w)?

Let us now evaluate the computational time required
to obtain confidence intervals for the performance of a
single classifier and for the difference between the per-
formances of two classifiers. Here, we assume the num-
ber of different operating conditions considered, i.e.
the number of different values for w is proportional to
n. Also, as explained above, we assume the thresholds
associated to each of these operating conditions have
previously been determined through a validation pro-
cess. For the case of a single classifier performance, we
first need to sort instances with respect to their score,
which requires time O(n Inn). Then, values of n;" and
n; are easily obtained in linear time. There remains to
compute expectations and variances, using equations
(4) and (5), and derive confidence intervals using these
values. This is realized in constant time for each value
of w, thus overall linear time. Globally, the entire pro-
cess is therefore dominated by the sorting phase and
total computational time is O(nlnn). Confidence in-
tervals for the difference in performance between two
classifiers can be obtained in O(nlnn) computational
time as well, although less trivially. Naive solutions
lead to quadratic time but, given careful sorting pre-
processing, values nz,nz;,n;, and n;, are computed
in linear time. Algorithm 1 describes how nz“l and nf;
can be computed. Values n;, and n;, are computed
similarly. Then, moments and confidence intervals for
ACfﬁit2 are obtained in linear time (for all values of
w) using equations (7) and (8).

4. Full sampling

Within the framework of full sampling, the proportions
of positive and negative instances vary from one sam-
ple to another. Whereas with stratified sampling, the
number of positive and negative instances in each sam-
ple, nt and n™, were set as equal to those of the test-
set, we now consider these numbers as random vari-
ables, and accordingly use capital notation NT and
N~. Here again, these values follow binomial distri-
butions: Nt ~ Bin(nt/n,n). Thus, full sampling
implicitly assumes a binomial distribution for the ob-
served class proportions Py = Nt /nand P = N~ /n.
If the enduser has some reason to believe that, once
the system is deployed, the distribution of the propor-
tions of positive and negative instances should differ
from the binomial distribution derived from the test-
set, then the distribution for N* above could be re-
placed with a more appropriate one. Such a situation
could occur because of known trends in the evolution of



LXalCt booustrap uvisirioutlions ol LoOost vurves

the proportions or because the testset was taken from
a subset of the entire population with one of the two
classes being relatively overrepresented in the testset.

Equation (1) still holds in the case of full sampling, but
with the difference that P, and P_ are now treated
as random variables. In the previous section the nor-
malized version of the total cost was obtained by
dividing the total cost by the largest possible cost:
p+C_/y+p—cy/_, aweighted average between misclas-
sification costs c_,, and cy,_. Since P, and P_ are
no longer fixed, we must consider the largest possible
weighted average which simply is the maximum of the
two misclassification costs, cmax = max[c_,y,cq /],
and is obtained when either (Py,P_) = (1,0) or
(Py,P_) = (0,1). Thus, for full sampling, the nor-
malized cost can be written as

N*t.c o -(1=TPY)+N~-c ) -FP

N+ Cmax

Y =

Then, expected normalized cost and normalized cost
variance are obtained through iterated expectations:

E[CN] = Ex+{E[C)N|NT]}
_ eyt =nf) ey ng )
T+ Cmax
VICN] = Vo { E[CYINTT} + Ex+ {VIC]INT]}
+ —
B e LTI (10)
(n : Cmax)2
where
(nf)?
of =nf — L
(ng)?
Qp =Ny — r;*
ontn~

5 = (cys (=i /) = eay oy /)2

Here again, equations (9) and (10) can be used to ob-
tain a fitted gaussian distribution for which confidence
intervals are easily derived.

Let us now turn to the difference in performance be-
tween two classifiers. In the case of full sampling, this
difference is

—j+(NF =Ny + ey n (N, — N,
Act]itQ _ c /+( t1 tz) C-’r/ ( to tl) (11)

TV * Cmax

Again, expected normalized cost and normalized cost

variance are obtained through iterated expectations:

E[Actjy,tg] = En+ {E[Acg,tJNﬂ}
ey ny ) ews (0, i)
T * Cmax
(12)
VIACT ] = Vv {E[ACY , INT]}
+ En+{V[ACY ,,IN*]}
_ 02—/-‘:-05:7?‘/2 + c?i-/—at_lﬂ‘a + 57521,752 (13)
(n : Cmax)2
where
(nJr n+)2
il 4, =+, — = nt =
_ _ _ (n n;.)?
Ay by = Ny + Nty — = n- -
_ _ 2
2 n —nf ng, —ng \ nton”
tite — | C=/+ n+ —C4/- n— n

This completes mathematical derivations. A total of
four distributions have been obtained. For all four
distributions, computation of confidence intervals is
dominated by the need to sort instances so that com-
putational time is O(nlnn) in all cases. Note that
such time efficiency is obtained because we rely on the
gaussian fitting of the variables’ distributions. Com-
puting true exact bootstrap distributions would lead
to higher computational time orders. But as we show
in the next section, results obtained with gaussian fit-
ting are already excellent.

5. Numerical results

In this section, we conduct a series of experiments in
order to assess the performance of the confidence in-
tervals derived in sections 3 and 4. Performance is
measured in terms of coverage accuracy of confidence
intervals.

The first experiment is based on the framework used in
(Macskassy et al., 2005) in which four methods for ob-
taining pointwise confidence intervals for ROC curves
are compared: threshold averaging, vertical averag-
ing, kernel smoothing (Hall et al., 2004) and Working-
Hotelling bounds. In (Macskassy et al., 2005), positive
and negative instance scores follow normal distribu-
tions but with various parameter values. Such a pair
of normal distributions is often referred to as a binor-
mal distribution. We set the scale parameter to 3.00
for both positive and negative instances scores. The lo-
cation parameter 6 for positive instances varies within
the set {0.75,1.5,3.0,5.0} and the location parameter
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Figure 1. Effect of spread between distributions on cover-
age. Stratified sampling is used. Confidence intervals are
derived for a classifier’s cost. Location parameter for pos-
itive instances is set equal to 0.75 (up and left), 1.50 (up
and right), 3.00 (down and left), and 5.00 (down and right).
Sample size is 1,000. Confidence intervals are built with
significance level o = 10%. Coverage proportion (solid)
for 1,000 simulations and target coverage of 90% (dashed)
are plotted against operating conditions.

for negative instances is set equal to —f. Sample size
is set to 1,000, i.e. a set of 1,000 instances is drawn
from the positive instances distribution and another
set of 1,000 negative instances is drawn from the neg-
ative instances distribution. The sampling procedure
is repeated 1,000 times, i.e. 1,000 simulations are per-
formed for each value of 8. We shall refer to this exper-
iment as the spread experiment. Confidence intervals
are obtained for a significance level of 10%.

Figure 1 provides simulation results which clearly show
that better results are obtained when score distribu-
tions of positive and negative instances have few over-
lap, i.e. for high values of . For values of w close
to zero or one variance estimates are unreliable since
some of the values used to compute them are close to
Zero.

As a second experiment, we consider the effect of sam-
ple size on coverage accuracy. This experiment is ev-
erywhere similar to the previous one except for two
modifications: (1) the location parameter not longer
varies: it is set to 6 = 3.0 and (2) the sample size takes
values in {25; 250; 2, 500; 10,000} instead of being fixed
at 1,000. We shall refer to this experiment as the size
experiment. Simulation results appear in Figure 2. As
the sample size increases, the range of operational con-
dition values with good coverage accuracy widens. For
sample sizes of 25, only a very narrow range of opera-
tional condition values lead to a coverage rate that is

Operating conditions Operating conditions

Figure 2. Effect of sample size on coverage. Stratified sam-
pling is used. Confidence intervals are derived for a clas-
sifier’s cost. Sample sizes of 25 (up and left), 250 (up and
right), 2,500 (down and left), and 1,000, (down and right)
are considered. Confidence intervals are built for signif-
icance level « = 10%. Location parameter for positive
instances is set to # = 3.0. Coverage proportion (solid) for
1,000 simulations and target coverage of 90% (dashed) are
plotted against operating conditions.

on target.

Our third experiment addresses the modeling of the
difference in performance between two classifiers. The
experiment design is similar to the ones used for the
previous two experiments, i.e. the spread and size ex-
periments. Scores are distributed according to a binor-
mal distribution with scale of 3.00 Confidence intervals
are obtained for a significance level of @ = 10%. The
location parameters are set as follows: for positive in-
stances of the first classifier, we consider two values:
6 € {1.0,3.0}. For negative instances of both clas-
sifiers the parameter is set equal to —6. Finally, for
positive instances of the second classifier we consider
three values: 6, 0 + 2.0 and 6 + 4.0. The difference
between the location parameters of the two classifiers’
positive instances distributions, either 0.0, 2.0 or 4.0,
is referred to as the shift parameter. In order to in-
clude some form of dependency between the scores of
the two classifiers, three values of a correlation factor
are considered: p € {0.3,0.6,0.9}. We shall refer to
this experiment as the difference experiment.

Results appear in Figure 3. As in the previous two
experiments, coverage accuracy breaks for very low or
high total positive rates. Comparing curves on the
left of Figure 3 with those on the right, we see the
spread parameter # has some impact: higher values
of 6 cause the range of total positive rate values with
good coverage accuracy to widen. With 8 = 1.0, higher
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Figure 3. Coverage accuracy of confidence intervals for the
difference in performance between two classifiers. Strati-
fied sampling is used. Sample size is 1000, and significance
level is @ = 10%. Location parameter for positive instances
of first classifier is set to § = 1.0 (left) and § = 3.0 (right).
Location parameter for the score of positive instances ac-
cording to the second classifier is 6 (top), 64 2.00 (middle)
and 6+4.00 (bottom). Within each plot, correlation factor
is equal to 0.3 (dotted), 0.6 (dash-dotted) and 0.9 (solid).
Coverage proportions for 1,000 simulations and target cov-
erage of 90% (dashed) are plotted against operating con-
ditions.

shift parameter values lead to better coverage accuracy
whereas with 6 = 3.0, the shift parameter has the op-
posite, but less pronounced, effect. The correlation
coefficient seems to have very little effect on cover-
age accuracy which is a welcome property: the perfor-
mances of the confidence intervals seem independent
of the level of correlation between the scores of two
models.

Figure 4 and 5 repeat the spread (first) and diffrence
(third) experiments described above, but with the use
of full sampling. Looking at Figure 4, it it clear that
full sampling leads to better coverage accuracy than
stratified sampling for low values of the spread param-
eter (# = 0.75). In fact, the effect of the spread pa-
rameter seems to have reversed although performance
at 8 = 5.00 is better than with § = 3.0. Finally, Figure
5 indicates that both stratified and full sampling per-
form equally well for modeling the difference between
two classifiers’ performances.

age. Full sampling is used. Confidence intervals are derived
for a classifier’s cost. Location parameter for positive in-
stances is set equal to 0.75 (up and left), 1.50 (up and
right), 3.00 (down and left), and 5.00 (down and right).
Sample size is 1,000. Confidence intervals are built with
significance level o = 10%. Coverage proportion (solid)
for 1,000 simulations and target coverage of 90% (dashed)
are plotted against operating conditions.

6. Conclusion

In this paper, we have derived exact bootstrap dis-
tributions for the (normalized) cost of the misclassifi-
cation errors of a classifier’s decisions. We have also
derived exact bootstrap distributions for the difference
between the costs of two classifiers. The first and sec-
ond moments of these distributions have been used
to fit gaussian distributions and thus approximate the
true exact bootstrap distributions. From these approx-
imated distributions, we were able to obtain confidence
intervals for the variables of interest. Table 1 sum-
marizes these results. All confidence intervals can be
derived in O(nlnn) time.

Results obtained in this paper are excellent but limited
to a few simulations. In a few cases, severe breaks in
coverage accuracy appear when operating conditions
take extreme values (0 or 1). Future work includes
investigating when these breaking patterns appear so
that other techniques could be used in place of the
suggested exact bootstrap approach if conditions in-
dicate that a particular testset lies within a region of
poor performance. Another possibility would be to
combine approaches for such cases.
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