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Abstract To investigate this issue, we conducted a Monte Carlo
experiment using several problems derived from Gaussian
ROC analysis is being used with greater frequency as an distributions, three machine-learning algorithmec anal-
evaluation methodology in machine learning and pattern ysis, ANOVA, and LABMRMC. Results suggest that these
recognition. Researchers have usedova to determine  tests do not make the same decisions regarding statistical
if the results from such analysis are statistically significant. significance, an outcome that has important ramifications
Yet, in the medical decision making community, the prevail- for researchers designing and conducting experiments with
ing method is.ABMRMC. Although this latter method uses learning algorithms.
ANOVA, before doing so, it applies the Jackknife method  This paper makes two contributions. First, we describe
to account for case-sample variance. To determine whetheran experimental design and analysis usiagMRMC that
these two tests make the same decisions regarding statisticalakes into account more sources of variance and may pro-
significance, we conducted a Monte Carlo simulation us- vide greater statistical power than popular designs. Sec-
ing several problems derived from Gaussian distributions, ond, we present empirical results suggesting gnabva
three machine-learning algorithmgoc analysis,ANOVA, and LABMRMC make different decisions about statistical
and LABMRMC. Results suggest that the decisions these significance.
tests make are not the same, even for simple problems. Fur- In the next section, we detail the differences between
thermore, the larger issue is that sine®OvA does notac-  ANOVA andLABMRMC, and lay the foundation for our em-
count for case-sample variance, one cannot generalize ex-pirical study, which we describe in Section 3. After present-
perimental results to the population from which the data ing our experimental results, we discuss implications and

were drawn. then conclude with caveats and directions for future work.
1. Introduction 2. Background
Receiver Operating CharacteristirdC) analysis [16] Recently, researchers have begun usR@c analysis

has proven invaluable for empirical studies of machine- with greater frequency to evaluate learning algorithms,
learning algorithms (e.g., [14, 4, 18, 9]). Researchers havewhich entails measuring performance at several different
typically used analysis of variance, aNOvA [15], to de- decision thresholds and plotting the true-positive and false-
termine whether results fromoc analysis are statistically  positive rates. One way to obtain a single measure of per-
significant [4, 8]. Yet, in the medical decision making com- formance,A., is to approximate the area under the curve
munity, which has a long tradition of conducting research formed by these points using the trapezoid rule. This mea-
on ROC analysis, the prevailing method in the context of sure is useful for comparing the performance of classifiers
multiple readers and multiple casesRMC) is LABMRMC when oneroc curve dominates another. Others have pro-
[5]. AlthoughLABMRMC conducts an analysis of variance, posed analyses for situations in which curves intersect [11]
before doing so, it uses the Jackknife method [7] to accountand in which only a portion of the curve is of interest [17].
for the case-sample (i.¢est-samplpvariance. Researchers Since we evaluate classifiers at different decision thresh-
useLABMRMC to evaluate human performance on detec- olds, ROC analysis is a method of evaluating performance
tion tasks, so it is not clear whether the additional statistical that is unconfounded by unequal but unknown costs of mis-
machinery present inABMRMC is necessary for relatively  classification error, by skew in the data set, and by differ-
simplistic machine decision makers. ences in inductive bias amongst the learning methods.



Researchers often use ten-fold cross validation to esti-term for theith algorithm and thejth training set,(ac)x
mate performance of algorithms on a task. However, thisis an interaction term for th&h algorithm and théth test
design introduces a source of correlation since one uses exease,(tc), is an interaction term for thgth training set
amples for training in one trial and for testing in another. and thekth test case(atc); ;i is an interaction term for the
Thus, we are suggesting that one should partition the dataith algorithm, thejth training set, and thith test case, and
into, say, eleven sets, train using each of the ten partitions,z;x» is the random effect due to experimental error of the
and test all classifiers using the eleventh. As we have arguechth random trial. Since we are assumimg= 1, z;jr, = 0.
elsewhere [1], this is isomorphic to the multiple-reader,  LABMRMC [5] uses the Jackknife method [7] on case rat-
multiple-case design in medical imaging. ings to estimate pseudo-values for areas under a sebof

Once conducting an experiment in this manner and pro- curves, thereby accounting for case-sample variance; it then
ducing a set of areas for two or more learning methods, weapplieSANOVA to estimate significance. Roe and Metz [13]

might use a test, like Mixed, Two-wayNOVA [15], to de- validated this method through computer simulation, and
termine whether results are statistically significant. In this showed it to be conservative in its decisions for small sam-
case, the linear model for the performance metrids ples. Beiden, Wagner, and Campbell [3] assume this same
3 linear model, but conduct a family of bootstrap experiments
A7™ = i+t + (at)ij + 2ijn, to estimate nonparametrically the model's components of
) ] variance.
wherey; is the overall average effect of thith algorithm, Of concern is whethexNOVA andLABMRMC make the

t; is the effect of thejth training set(at);; is an interac-  game decisions about statistical significance of experiments
tion term for theith algorithm and thgth training set, and it machine-learning algorithms. To address this issue,
zijn IS the random effect due to experimental error of the j, he next section, we describe Monte Carlo experiments

nth repeated trial. Here, we will assume that= 1, SO yggigned to compare these two statistical tests.
zi;n = 0. In this model, the algorithms are fixed effects and

the training sets are random effects, but there is no term to . .
account for the variance due to the cases in the test set. Cong' Description of Experiments
sequently, statistically significant results generalize only to
the population of training sets, not to new examples drawn
from the population. Note that generalizing to new test sets
is not the same as generalizing to new examples.

To generalize to new examples, the analysis must ac-
count for thecase-sample variancea factor present in
Swets and Pickett's model [16]. One possible way to es- *'¥ )
timate this variance is to split the data set into subsamples"€1ghbor -NN), for & = 9. With these, we selected four
conduct experiments using each subsample, much like one@MPle sizes(= 100, 200, 300, 400) and varied the diffi-
does traditionally for machine-learning experiments, and CUlty of the detection task, as measurediy
use Mixed, Three-wagNOVA [15]. Problems include the D|§cr|m|nabll|ty, ord’, which is equivalent t'o the Maha-
ad hoc nature by which one splits the data, which leads tolanobls_ dlstgnc_e, is a measure of the separation between two
unreliable estimates [7], the inability to obtain a maximum- Gaussian distributions:

Iikelihood estirr_\ate because gf a small s_,ample [5], and as (d)? = (pg — Nl)tz_l(uo — ).

discussed previously, correlation from using an example for

training and for testing, which violates the assumption of In our experiments, witlg = 0 andp; = 1, we selr;; =
ANOVA that random effects are uncorrelated [15]. Ideally, 0, fori # j, and set;; such that!’ = 1.0,1.33, and1.66.

we want to draw new random samples from the population ~ For eachid’ andn, we generated ten training sets by ran-
for the test sets, but we cannot because of, say, the possibildomly drawingn examples fromVN (p,,, o) for the nega-

To investigate whetheaNovA and LABMRMC make
the same decisions regarding statistical significance, in-
troduced in the previous section, we conducted a Monte
Carlo experiment using problems derived from two nine-
dimensional normal distributions and using three learning
algorithms: naive Bayes, nearest neighbor, antkarest

ity and expense of collecting such data. tive class anch examples fromV (u,, o%) for the positive

The most general mathematical model for this experi- class. Similarly, we generated a single test set by drawing
mental design is [3]: randomlyn samples from each distribution.
B For each of the ten training sets, we applied implementa-
AR =t 4 e+ (at) i+ (ac) tions of naive Bayes, nearest neighbor, &mdN, for k = 9,

+(te) i + (atc)ijn + Zijkns and used the resulting classifiers to predict the class of the
cases in the test set. In the first experimental condition, we
wherey; is the overall average effect of thith algorithm, evaluated the decisions of the algorithms at different thresh-

t; is the effect of thejth training setc;, is the effect of the  olds, thereby producing a set of true-positive and false-
kth test case (if it were availablejqt);; is an interaction  positive rates. Using the trapezoid rule, we computed the



4. Experimental Results and Analysis
Table 1. The number of times ANOVA (A) and

LABMRMC (L) determined that results were sta- Table 1 shows the number of timesnova and
tistically significantat  p < 0.05. LABMRMC determined that results were statistically signif-
icant atp < 0.05. If comparing two identical classifiers and
d=10 | d=133 | d =166 rejecting the null hypothesis at a level pf< 0.05, then
n A L A L A L we would expect a test in the limit to reject the null hy-
100 | 897 686| 965 754|981 780 pothesis five percent of the time. When comparing different
200 | 980 954| 997 956|998 950 algorithms, especially for small samples, we expect a test to
300 | 995 951| 1000 958| 999 944 reject the null hypothesis more frequently.
400 | 999 935| 999 935|999 941 Yet, as we can SeeyNOVA appears to be overly opti-

mistic, especially for the higher valuesdfand for samples

sizes greater than 100ABMRMC was certainly more con-

servative tharANOVA, but it was probably not pessimistic,
given thatLABMRMC has been validated [13].

What we cannot infer from Table 1 is the number of
timesANOVA andLABMRMC agreed or disagreed when re-
jecting the null hypothesis, and Table 2 reports this infor-
mation. Ideally, these two tests would agree and disagree
T =10 ld=13 1 d=166 pqrfectly, but sinc&NOVA appears to be overly optimistic,

- A - A= 7 Ihat whenevet A als 10 rejectthe nul rypothests.
;88 géz 322 ;gg 21? ;ig Zgg thatANOVA als_o fails to reject |t This also is not the case.
300 | 947 52| 958 42| 944 55 By comparing the results in Tqble 1 and Table 2 we
200! 935 64| 935 64| 941 58 can see that.fon = 100, there WI||.be cases for.whlch
LABMRMC rejects the null hypothesis amdiovA fails to
reject it, and vice versa. It is not untiNovA fails to re-
ject the null hypothesis for almost all Monte Carlo trials
that the disagreements between the tests consist of those
area under th&oc curve implied by each set of points, a cases for which ABMRMC rejects the null hypothesis and
process resulting in ten areas. For the three algorithms andanova fails to reject, an outcome that has several implica-
their ten performance measures, we usedVvA to deter-  tions, which we discuss further in the next section.
mine if the differences among the means were statistically

significant ap < 0.05. 5. Discussion of Results

In the second experimental condition, we applied the al-
gorithms to each of the training sets and used the resulting  one immediate implication of this study is that the use of
classifiers tarate each case in the test S&IABMRMC re-  Anova for the experimental design we considered may lead
quires such ratings, so instead of producing a 0-1 decisiony, gyerly optimistic conclusions when determining the sig-
for cases, we modified each algorithm to produce a numericpificance of means of areas undgeyc curves. Researchers
rating. For naive Bayes, we used the posterior probability i the medical decision making community have investi-
of the negative cla§s given the mstancg. For pearest ”e'ghgated this issue extensively, but this work appears to be
bor, we used the difference of the Euclidean distances fromjaygely unknown in the communities that evaluate machine-
the query to the nearest neighbors of the negative and POSitearning algorithms.
tive classes. Fok-NN, we used the number of votes for the Variance contributes to error. KNOVA does not take
negative class. For the three algorithms and their ten set§nig account a strong source of variance, then it follows that
of ratings, we usedABMRMC to determine if the differ- i will be overly optimistic when rejecting the null hypoth-
ences among the means were statistically significant, alsoagis. oyr study suggests that case-sample variance is such

Table 2. The number of times ANOvAa and
LABMRMC agreed (=) or disagreed ( #) on
whether results were statistically significant

at p < 0.05.

atp < 0.05. a source in machine-learning experiment8BMRMC ac-
We repeated this process 1000 times, tabulating the num-counts for this variance using the Jackknife method.
ber of timesaNovAa and LABMRMC rejected the null hy- There may be other experimental designs and other anal-

pothesis, and whether the two tests agreed or disagreedgses of variance that properly estimate or account for case-
about the statistical significance of the outcome, as we will sample variance. Indeed, machine-learning researchers
discuss in the next section. are often in the comfortable position of having too many
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