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Vissagio, 1997; Schneidewind, 1997). It has also been suggested that classifiers that do not pass the

chi-square test of significance should be discarded (Lanubile and Vissagio, 1997).

The current criterion is to first calculate a )(2 value. This value compares the observed confusion matrix
with the expected confusion matrix under the null hypothesis of independence between the column and
row variables. If the value of an obtained )(2 is larger than a critical value then it is claimed that the

classifier has predictive validity. The critical value can be obtained from tables of the chi-square

distribution with one degree of freedom for a given alpha level.

It has been noted that this test evaluates the capability of a classifier to predict future behavior from past
behavior, or the ability of a classifier to discriminate between high risk and low risk software components
(Lanubile and Vissagio, 1997). Furthermore, it has been such that a classifier that does not meet the
criterion of predictive validity using this test is rejected from further consideration (Lanubile and Vissagio,
1997).

6.5.2 Sensitivity and Specificity

Some authors, such as (Almeida et al., 1998), report the sensitivity and specificity values directly.

6.5.3 Proportion Correct
Most authors will report the proportion correct value, for example (Almeida et al., 1998; Lanubile and
Vissagio, 1997; Schneidewind, 1994), also called correctness in (Porter and Selby, 1990; Porter, 1993).

This is an intuitively appealing measure of prediction performance since it is easy to interpret.

6.5.4 Typeland Type Il Misclassifications
These two evaluative measures are used in a number of different studies, such as (Khoshgoftaar et al,
1995b; Koshgoftaar et al., 1996b; Khoshgoftaar et al., 1999; Koshgoftaar et al., 1997a). The Type |

misclassification rate is 1— f , and the Type Il misclassification rate is 1—S.

6.5.5 Completeness and Correctness

Correctness and completeness are also frequently used measures for evaluating binary classifiers.
Completeness, as defined in (Briand et al., 1993a; Porter and Selby, 1990), is equal to the senstivity.
Correctness is the true positive rate (Briand et al., 1993a; Briand et al., 1998; Briand et al., 1999; Briand

et al., 2000), also called consistency in (Porter and Selby, 1990; Porter, 1993), and is defined as:

n
Corr = 2 Eqn. 8

+2

The logic of considering correctness is that it gives an indication of how many of the “High” risk

predictions made by the classifier are actually correct. If correctness is low then there will be extensive
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wasted effort since many of the components identified by the classifier as high risk will in actuality be low

risk.

6.5.6 Kappa

In some recent studies the Kappa coefficient has been used as a measure of prediction performance of
binary classifiers (Briand et al., 1998; Briand et al., 2000). The Kappa coefficient was originally devised
by Cohen to evaluate inter-observer agreement in their classifications on a nominal scale (Cohen,
1960)%°. It is defined as follows:

M Eqn. 9

where P, is proportion correct accuracy as defined above (i.e., equivalent to obtained agreement) , and:

2 N, N,, Eqn. 8

Pe:;—NZ

The above marginal proportions are maximum likelihood estimates of the population proportions under a
multinomial sampling model. If a classifier assigns risk classes at random according to the marginal
proportions, then the above is chance agreement (derived using the multiplication rule of probability and

assuming independence between the row and column variables).

The observed “agreement” that is in excess of chance “agreement” is given by Po - P.. The maximum
possible excess over chance agreement is 1 - P.. The definition of Kappa is then the “agreement”
obtained beyond that which would be expected by chance compared to the maximum possible

“agreement” that could be obtained.

When there is complete “agreement” between the classifier and the actual risk status, Py will take on the
value of 1. In this case, the coefficient is 1. If observed “agreement” is greater than chance, then the
coefficient is greater than zero. If observed “agreement” is less than would be expected by chance, then

the coefficient is less than zero.

The Kappa coefficient can therefore be expressed as:

N, +n, & NN, Eqn. 10
N L N?
z N+|Ni+

1—27“"2

% Cohen also defined a weighted version of Kappa (Cohen, 1968), but the characteristics that are of interest to us are the same for
Kappa and its weighted version.

K =
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6.5.7 Summary

In addition to the fact that different authors use different measures, they also frequently report multiple
measures in a single study. While multiple measures for a single study may be useful for getting an
overall intuitive picture of prediction performance, they also present a difficulty in drawing conclusions.
For example, if in a comparison study the classifier U was found to better than classifier W on one
measure, but the opposite was true on another measure, drawing objective conclusions becomes more
difficult. To illustrate this point we refer, for example, to the results in (Khoshgoftaar et al., 1997a). Here
the authors were comparing nonparametric discriminant analysis with case-based reasoning
classification. The Type | misclassification rate was lower for discriminant analysis, but the Type I
misclassification rate and the overall proportion correct accuracy were lower for case-based reasoning.

From these results it is not clear which modeling technique is superior.

Therefore, ideally, there ought to be a single evaluative measure that can be used for evaluation and
comparison, which in turn would lead to consistently objective conclusions. Below we highlight
deficiencies in most of the above measures individually. We divide this into two parts, the inferential
measure, namely the chi-square test, and the descriptive measures. This is then followed by a proposed

new single measure that addresses these deficiencies.

6.6 An Appraisal of the Chi-Square Test

The chi-square testing approach has two disadvantages:

e This test, when used in the context of evaluating classifiers, does not provide useful information
about the utility of the classifier. First, when the null hypothesis is rejected, this does not signify
that a classifier is necessarily “good”. Second, when the null hypothesis is not rejected, this does
not necessarily signify that the classifier is “bad”.

* In practice, the test is not used alone but in conjunction with another criterion: classification
accuracy. Therefore, the real decision process consists of two criteria. The Type | error rate (in a
statistical sense) of the whole decision process is conservative and results in the analyst actually
operating at a lower alpha level than s/he stipulates. This consequently results in loss of power

(i.e., inability to identify “good” classifiers).

Here we show that the chi-square approach does not actually provide useful information the way it is
applied in practice. It is shown below that a classifier that does pass the chi-square criterion should not
necessarily be accepted as “good”. Conversely, if the chi-square criterion can identify classifiers that
should be rejected (i.e., they do not pass the chi-square criterion), then perhaps it still has some value.

However, it also shown that this criterion does reject classifiers that are “good”.
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The chi-square test is non-directional. This means that association on the left diagonal is as good as
association on the right diagonal of the confusion matrix**. For example, the confusion matrix in Figure 4
shows a classifier that has a high chi-square value (approximately 15 after a correction for continuity) that
is statistically significant at an alpha level of 0.05. The confusion matrix in Figure 5 gives exactly the same
result in terms of chi-square. It is clear that the classifier of Figure 4 has greater accuracy (approximately
74%) than that the one in Figure 5 (approximately 26%). Therefore, the chi-square criterion by itself does

not tell us whether the classifier is “good” or not.

Predicted Class
LOW HIGH
Real Class LOW 25 10 35
HIGH 10 31 41
35 41 76

Figure 4: Confusion matrix with significant chi-square and high concordance.

Predicted Class
LOW HIGH
Real Class LOW 10 25 35
HIGH 31 10 41
41 35 76

Figure 5: Confusion matrix with significant chi-square and low concordance.

Proponents of the chi-square testing approach may argue that the test is not used in a blind fashion. If
patterns such as those shown above are obtained, and the test is statistically significant, then it is obvious
whether this is “good” or not because of high or low concordance between the actual and predicted

values.

However, it is plausible that even though the chi-square test is significant, it is not possible to tell whether
this is because of high or low concordance between the actual and predicted values. Consider the

confusion matrix in Figure 6. The chi-square test here is statistically significant at an alpha level of 0.05
(with a )(2 value of 4.96). Exactly half of the classifications are on the right diagonal, and half on the left

diagonal, giving an accuracy of 50%.

Predicted Class
LOW HIGH
Real Class LOW 19 37 56
HIGH 1 19 20
20 56 76

Figure 6: Confusion matrix with unclear concordance.

2 |n all examples we use Pearson’s chi-square statistic with Yates' continuity correction. Furthermore, all examples use N's that are

common in the software engineering literature , for example, see (Almeida et al., 1998; Basili et al., 1997).
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Let's say that the criterion is changed so that the accuracy has to be greater than 50% for a classifier to

be claimed to have predictive validity. Therefore, the whole decision process is actually a two stage one:
« determine whether the chi-square value is statistically significant, then
» ifitis, determine whether the accuracy is greater than 50%

If both of the above criteria are satisfied, then it can be claimed that the classifier has predictive validity.
In such a case, the null hypothesis that is being tested is not that of independence, but of independence

and accuracy less than or equal to 50%.

However, this approach would lead to a test that is conservative. This means that the Type | error rate
(the probability of rejecting the null hypothesis when it is true) would be lower than the nominal alpha rate.
First we illustrate this. We conducted a Monte Carlo simulation to determine the actual Type | error rate if
the above decision process was implemented. We chose observation sizes (NOBS) ranging from 10 to

100 in increments of 10. For each number of observations we chose the number of actual Low risk

components to be XX where X was varied from 1 to 5. The classifier we implemented was a

guessing classifier that would assign observations to each of the two risk classes with a probability of 0.5.
The above scheme for evaluating predictive validity was implemented for an alpha level of 0.1 and 0.05.
For each combination of NOBS, X, and alpha value we performed 5000 iterations. Under this simulation
we would hope that the proportion where the null hypothesis of independence and accuracy less than or

equal to 50% to be rejected at the same rate as the alpha level.

The results are shown in Table 9 for an alpha level of 0.1, and Table 10 for an alpha level of 0.05. It is
clear from these tables that the null hypothesis is rejected at much smaller proportions than the nominal
alpha level. In general, it is rejected half the number of times that you would expect. This means that this
approach is conservative, and assigns a lower risk to the test than one was willing to accept. In some

cases, it is rejected ten times less. By implication, this also means that the power of this test is reduced.

NOBS/x 1 2 3 4 5
10 0.010 0.039 0.088 0.070 0.059
20 0.056 0.051 0.059 0.066 0.057
30 0.064 0.061 0.059 0.060 0.052
40 0.049 0.046 0.052 0.055 0.044
50 0.045 0.057 0.050 0.049 0.063
60 0.047 0.058 0.051 0.053 0.044
70 0.054 0.051 0.052 0.053 0.060
80 0.044 0.051 0.051 0.055 0.046
90 0.051 0.056 0.049 0.047 0.052

100 0.047 0.050 0.054 0.050 0.045

Table 9: Proportion of times the null hypothesis is rejected for alpha equal to 0.1.
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NOBS/x 1 2 3 4 5
10 0.010 0.012 0.032 0.021 0.034
20 0.010 0.029 0.020 0.030 0.017
30 0.013 0.026 0.028 0.026 0.022
40 0.029 0.021 0.028 0.024 0.022
50 0.025 0.030 0.023 0.026 0.038
60 0.024 0.030 0.028 0.031 0.026
70 0.028 0.024 0.025 0.025 0.024
80 0.022 0.025 0.022 0.025 0.028
90 0.025 0.027 0.024 0.025 0.020

100 0.021 0.028 0.027 0.028 0.027

Table 10: Proportion of times the null hypothesis is rejected for alpha equal to 0.05.

The reason is that the chi-square test would normally reject the null hypothesis of no association a
proportion of times that is almost equal to the nominal alpha rate. However, because of the decision to
only reject the overall null hypothesis when accuracy is greater than 50%, this means that the null
hypothesis would not be rejected in some of the cases where the chi-square test rejects the

independence (sub-)hypothesis. The simulation shows the extent to which this would happen.

The above discussion illustrates that when the chi-square test gives a statistically significant result, this by
itself does not provide information about whether the classifier is “good” or not. When combined with

another criterion, the whole decision process has a rather conservative Type | error rate.

However, when the chi-square test is not significant, does it provide useful information ? Can it be used to
eliminate classifiers that have no predictive power ? If this is the case, then the test still has merit.
Unfortunately, it can be shown that the chi-square criterion by itself would eliminate classifiers that are

“good” by the accepted criterion of accuracy greater than 50%.

Consider the confusion matrix in Figure 7. This has a chi-square value that is not statistically significant,
even though this classifier has an accuracy of 75%, which is quite large. The probability of getting 75%
correct classifications for 100 unseen cases is less than 0.0001 for a classifier that guesses at 0.5

probabilities (this can be calculated using a Monte Carlo simulation), which is statistically significant®.

2 The reason this happens is because the chi-square test does not assume under the null hypothesis of independence that a
classifier classifies randomly at probabilities of 0.5. Expected frequencies are calculated from the observed marginal totals. In the
example, if a random classifier assigns cases to “Low” with 0.75 probability and “High” with 0.25 probability, it would be expect to
have an accuracy of 70% in the long run. Therefore, a different threshold is effectively used compared to the one that is assumed
for evaluating how “good” a classifier is. Actually, the probability of getting 75 correct classifications or more for the “Real Class”
marginal totals in Figure 7 using a guessing classifier that classifies to the Low risk category at a 0.75 probability and the High risk
category at a 0.25 probability is approximately 0.137 (this value can calculated using a Monte Carlo run). This is not statistically
significant.
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Predicted Class

LOW HIGH
Real Class LOW 70 20 90
HIGH 5 5 10
75 25 100
Figure 7: Confusion matrix for a “good” classifier that provides a chi-square test that is not statistically
significant.

In the above exposition we have presented scenarios illustrating the difficulty in interpreting the chi-
square test for evaluating binary classifiers. While there will be instances where the interpretation of the
chi-square test results will be clear, one cannot recommend an evaluative criterion that sometimes works
and at other times does not. Furthermore, the Monte Carlo simulation highlighted the conservatism of the
test, suggesting that one should not rely on its conclusions. Finally, the chi-square test, as described
above, is not appropriate for comparing classifiers. Therefore, we consider some of the alternatives
below.

6.7 An Appraisal of the Descriptive Measures
In this subsection we provide a critical appraisal of the descriptive measures of accuracy. We first present

a series of examples that we will use throughout to illustrate our points.

6.7.1 Definition of Examples
We define two sets of examples, the first are used to illustrate the generalizability problems, and the
second to demonstrate the comparison problems.

Example No. f S P, 71

1 0.9 0.7 0.9 0.2
2 0.9 0.7 0.2 0.9
3 0.95 0.1 0.5 0.05

Table 11: Examples used to illustrate generalizability problems.

Table 11 shows the examples to illustrate generalizability problems. Example 1 is a classifier with a
specificity of 0.9 and a sensitivity of 0.7. The hold-out sample has a prevalence of 0.9 and the actual data
set has a prevalence of 0.2 (i.e., the actual data set’s prevalence is much smaller than the hold-out
sample). The second example is for the same classifier except that the prevalances have been switched.
The third example is a classifier that can classify “Low” risk components very well, with a specificity of
0.95, but that is rather bad at classifying “High” risk components. The hold-out sample has 50% of its
components high risk, but the actual sample has very few “High” risk components (only 5%).
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Example No. f S P,

4 0.8 0 0.2

5 0.6 0.8 0.2

Table 12: Examples used to illustrate comparison problems.

Table 12 shows examples of two classifiers to be compared. In both cases the hold-out prevalence is the
same since we assume that the classifiers are compared on the same data set. In example 4, the
classifier classifies all components in the "Low” risk category, hence its senstivity is always zero. The fifth

example shows a more balanced classifier.

In all our examples we take it for granted that sensitivity and specificity estimated on the hold-out sample
will be stable on a real project data set. If this assumption is not tenable than there is no value to any
evaluative study of quality models since then one can never generalize from evaluative studies to actual

practice.

6.7.2 Proportion Correct Accuracy
Below we show that the use of proportion correct classifications as a measure of accuracy, and

consequently any inferential test based on it (such as that proposed in (El Emam, 1998)), can produce
quite erroneous results in the context of identifying risky software components. The reason is that A has

a strong dependence on the prevalence P, . We will first show this dependency and then illustrate its

detrimental effects with reference to the examples.

We can make the following definitions:

Ny, =sxp,xN Eqn.
11

n, = fx@1- ph)x N Eqgn.
12

And therefore

A= EER IR IO < (6 ) (1% ) 0
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Now, consider that a classifier has been developed and it has been evaluated on the holdout sample D,,.
From this evaluation, the proportion correct accuracy using D, , say A,, has been calculated. Let's say
that the value A, was sufficiently high, and therefore now we want to use it on a real project to make
predictions. We expect that the accuracy A, obtained during the evaluation will be reflective of the
accuracy of the predictions that are made on the data set Dy, such that if we were able to calculate Ay,

the accuracy on the real project, we would have Ay = A, .

In fact, this expectation is quite misguided as, by definition, it would only occur under some rather

restrictive conditions.

Let's consider our first example in Table 11. This was for a classifier with f =0.9 and s=0.7
respectively. For this example, we can calculate A, =0.72 and A; =0.86. Thus, during the

evaluation on data set D, we have substantially underestimated the proportion correct accuracy of our
classifier. A different situation would occur if we reverse the prevalences as in example 2 in Table 11.
Then we have A, =0.86 and A; =0.72. In such a case, the evaluation on data set D,
overestimates the accuracy of the classifier when it is used in a real project. The only condition when the
two accuracies are the same is when P, =77 (i.e., the evaluation data set has the same prevalence of
high risk components as actual projects).

The reason is that this classifier does a good job of classifying low risk components, and a less proficient
job at classifying high risk components. Therefore, if the sample has more low risk components, the

proportion correct accuracy will be better. But, if the sample has more high risk components, the

proportion correct accuracy will deteriorate.

It is quite easy to conclude from this that the proportion correct accuracy is not a reflection of the
performance of a classifier on a project with different prevalences from the evaluation data set.® This
problem is further exacberated because some researchers artificially construct their evaluation data sets

so that 50% of the observations are in each class. Example 3 in Table 11 is an extreme case where the

classifier does not do a good job in identifying “High” risk components. In such a case, A, =0.525 and

A; =0.91. This indicates that on the hold-out sample with 50% “High” risk components the classifier

performs barely better than our 50% acceptable accuracy, but on the real project data set it has a
remarkably high accuracy. Therefore, making the reasonable assumption that the prevalence of high risk

components on real systems is considerably less than 50%, it is likely that many past evaluation studies

2 It is plausible that the prevalences between the evaluation data set and the actual project are the same or almost the same in
situations where a classifier is constructed using release k, and then it is used to make predictions for release k+1.
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underestimated the proportion correct accuracy of their classifiers through the practice of creating artificial

samples, and that many useful classifiers were discarded.

It is also easy to conclude that efforts to construct null hypothesis tests for the proportion correct accuracy
by comparing obtained values with the “guessing” null distribution, such as (El Emam, 1998), do not solve

the problem since they still rely on the proportion correct accuracy as the test statistic.

It can also be demonstrated that when comparing classifiers, misleading conclusions can be drawn if one
uses the proportion correct accuracy as the comparison criterion. Consider the two classifiers

represented by examples 4 and 5 in Table 12.

Classifier 4 has absolutely no capability in classifying any of the high risk components correctly. The
proportion correct accuracy of both of these classifiers is 0.64 for a prevalence of 0.2. Therefore, on the
same data set with the same prevalence, both classifiers look the same in terms of proportion correct

accuracy. However, intuitively, the first classifier is quite useless.

Therefore, we can conclude that even for comparing different classifiers, the use of proportion correct

accuracy can provide quite misleading results, and should therefore be abandoned.

The problem with using proportion correct accuracy is known in the medical sciences (Gordis, 1996;
Vecchio , 1966). For example, If one is evaluating a diagnostic test in a sample of the population that is
at high-risk of having a disease, then prevalence is likely to be higher than if evaluating it in a sample
from the general population. The results from both of these evaluation contexts can give dramatically
different results as to the accuracy of the test, and certainly one cannot justify applying the test using
only the accuracy information from the high risk sample with the intent of using it on the general

population.

6.7.3 Correctness

Correctness can be reformulated as follows:

Corr = P Eqn. 14
- ph)(l_ f)+3ph

This equation makes clear that correctness is highly dependent on prevalence. Let us consider example

1in Table 11. We have an appealing correctness of 0.98 on the evaluation data set, but a correctness of
only 0.636 on the real project data set, Dy. This is a substantial reduction in correctness that would

occur in practice compared to the evaluation results. The relationship between prevalence and
correctness is clearly seen in Figure 8. A situation more congruent with current practice is exemplified by
example 3. Here we have a seemingly respectable correctness of 0.67 for the evaluation data set, but
this drops to a negligible 0.09 for the actual data set. Therefore, from these examples it can be seen that

correctness is extremely sensitive to prevalence.
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Correctness

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Prevalence

Figure 8: Plot of prevalence versus correctness for s=0.7 and f=0.9 (examples 1 and 2 in Table 11).

6.7.4 The Kappa Coefficient
It is known that the Kappa coefficient has a strong dependence on prevalence (Grove et al., 1981;
Spitznagel and Helzer, 1985). The Kappa coefficient can be expressed in terms of prevalence, the

sensitivity, and the specificity as follows:

. = 2p, (p, ~1)2-f -5) Eqn. 15
(1-p,) -@-2p,)[f @~ p,) + p,1-9)

Itis clear from this equation that Kappa depends strongly on the prevalence value. The problem with this

dependence can be seen in Figure 9. At extremes of prevalance Kappa tends to decrease for a fixed
sensitivity and specificity. Therefore, if the prevalence during evaluation, p,,, is set at 0.5 then Kappa is
approximately 0.6, which would seem to be a high value. However, if during the application of the
classifier prevalence, 71, is lower than 0.1 then Kappa dips quite fast. Therefore, it is clear that the use of

Kappa with the common practice of median splits can lead to rather optimistic conclusions about the

value of a classifier.
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0.7

Kappa

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Prevalence

Figure 9: Plot of prevalence versus Kappa for s=0.7 and f=0.9 (examples 1 and 2 in Table 11).

It has been suggested that when one of the marginals is fixed (which is the case with a confusion matrix)
that the chance “agreement” should be defined as proportion correct obtained by guessing, in this case
with a prior probability of 0.5. However, as noted in (El Emam, 1998), this results in a linear
transformation of the proportion correct coefficient, and therefore will still suffer from the same problems.

Another suggestion was to evaluate improvement over a “best” a priori strategy exemplified by

max ( p,.1- ph) (Brennan and Prediger, 1981). Therefore, a new Kappa coefficient would be defined

as:

— P fl- ph) —max(ph,l— ph) Eqgn. 16
1-max(p,.1-p,)

Ky

In the case where max(p,,,1— p,) = p;,, we have:
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_ Pu(s-D+f(1-p,) Eqn. 17
1-p,

b

and when max(p,,1- p,) =1- p,, we have:

_Py(s+D+f(l-p,)-1 Eqn. 18
.=
Pn

As can be seen, both of these equations also exhibit a strong dependence on the prevalence, and
therefore the results obtained from the evaluation phase are unlikely to generalize to the application

phase.

6.7.5 The Information Score
Recognizing the problems with criteria for evaluating classifiers, Kononenko and Bratko (Kononenko and
Bratko, 1991) propose a new coefficient based on information theory. While this coefficient has not, to

our knowledge, been used in software engineering, we include it here to pre-empt its application in a

software engineering context. Their coefficient however explicitly takes into account the prevalence p,,.
Therefore, given that in software engineering contexts p,, # 77, it follows that such a coefficient would
not be useful in our context. We illustrate this below.

In an evaluation context, the prior probability of a risk class C D{High, LOV\} is given by the prevalence
P, . For every observation i in D,, the posterior probability of being in a “High” risk class is denoted by

pi' and of being in a “Low” risk class by 1— pi' . Some classifiers, such as decision trees (Breiman et al.,
1984; Quinlan, 1993) return a subset at the leaves and take the most frequent class as the predicted
value. However, each leaf has a distribution and therefore p; can take on any value between 0 and 1.
Other classifiers, such as k nearest neighbor with k=1, return a single similar observation from the case

base, and therefore P can have values of either 0 or 1.

The expected amount of information for classifying a single observation is given by the entropy:

E =(p, xlog,(p,)) + (A~ p,)xlog, (1~ py,)) Eqn. 19

Let us say that the correct risk class of a particular observation is “High”. The authors then define three

cases:

1. If pi' > p,, then the probability of being in a “High” class has moved in the right direction.
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2. If pi' < p,, then the probability of being in a “High” risk class has moved in the wrong direction.
3. If p/ = p, then this classification contains no information.

An information score | is then defined as shown below.

If pi 2 p, then:

I (i) = ~log,(p,) +10g,(p) Eqn. 20

which is the information necessary to correctly classify an instance into the “High” risk class, minus the
remainder of information necessary to correctly classify that instance.

If p| < p, then:

Iy (i) =-log,(1- p,) +log,(1- p/) Eqn. 21

which is the information necessary to decide that an instance does not belong to the “High” risk class,

minus the remainder of information necessary to make the decision.

The average information score is then given by:

o1 Eqn. 22
|a—mz|(l)

where | (i) is I.(i) or I, (i) depending on the case. The relative information score is defined as:

1, =HaFk100 Ean. 23
OED

It is suggested that |, be used to compare different classifiers on the same data set, and |, be used to

compare classifiers on different data sets.

Now, consider the scenario where we have a perfect classifier that always classifies in the correct class

with a probability of 1. Furthermore, assume that our prevalence on the holdout sample, P, ,is 0.5. The
average information score obtained during evaluation for this classifier is |, =1. However, if the actual

prevalence 71 = 0.2, then we have the actual average information score of |, =0.72. Therefore, in this

particular example, the performance of the classifier was exaggerated during the evaluation phase

V12 -17/03/00



because the evaluation prevalence was larger than the actual prevalence. By reversing the prevalence

values we can get an example of an evaluation that underestimates the performance of a classifier.

6.7.6 Summary

The above exposition makes clear that the chi-square, proportion correct, correctness, Kappa, and
information score measures are not adequate in a software engineering context. Furthermore, we have
argued that multiple measures, such as Type | and Type Il error rates when used together in comparing
classifiers have been known to give conflicting results, making it more difficult to draw objective

conclusions. Below we propose a single measure of accuracy that alleviates these problems.

6.8 The J Coefficient

To address deficiencies in evaluative measures in the medical sciences, Youdon has proposed the J

coefficient™ (Youden, 1950). The calculation of the J coefficient is described in the main body of the

paper, but it can be expressed as:

J=s+f-1 Eqn. 24

This coefficient has a number of desirable properties. First, it is prevalence independent. This can be

illustrated with reference to our examples above. If our classifier has specificity and sensitivity equal to

f =0.9 and s=0.7, thenits J value is 0.6 irrespective of prevalence in the evaluation sample and in
the real project. For our two classifiers in the second example set, the values would be J; =-0.2 and
J, =0.4 respectively, which makes intuitive sense since the first classifier uses only one class in its

classifications.

The J coefficient is used in our study to evaluate and compare classifiers on the same data set.
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