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Abstract
Predictive accuracy has often been used as the main
and often only evaluation criterion for the predictive performance of classification or data mining algorithms. In
recent years, the area under the ROC (Receiver Operating
Characteristics) curve, or simply AUC, has been proposed
as an alternative single-number measure for evaluating performance of learning algorithms. In our previous work, we
proved that AUC is, in general, a better measure (defined
precisely) than accuracy. Many popular data mining algorithms should then be re-evaluated in terms of AUC. For
example, it is well accepted that Naive Bayes and decision
trees are very similar in accuracy. How do they compare in
AUC? Also, how does the recently developed SVM (Support
Vector Machine) compare to traditional learning algorithms
in accuracy and AUC? We will answer these questions in
this paper. Our conclusions will provide important guidelines in data mining applications on real-world datasets.

1 Introduction
The predictive ability of a classification algorithm is typically measured by its predictive accuracy (or error rate,
which is 1 minus the accuracy) on the testing examples.
Most classifiers (including C4.5 and Naive Bayes) can also
produce probability estimations or “confidence” of the class
prediction. Unfortunately, this information is completely ignored in accuracy.
In recent years, the ROC (Receiver Operating Characteristics) curve [9, 5], which is plotted with the probability of
the class prediction, has been introduced to evaluate performance of machine learning algorithms [19, 20]. Bradley [2]
compared popular machine learning algorithms using AUC

(area under the curve) of ROC, 1 and found that AUC exhibits several desirable properties compared to accuracy. An
additional benefit of AUC is that it is a way of measuring
ranking, which is very useful in many data mining applications. However, no formal arguments or criteria were established for comparing the two measures. Recently, other researchers used AUC to construct learning algorithms [8, 15].
But it is not clear if and why AUC is a better measure than
accuracy. In general, how can we compare any two evaluation measures for learning algorithms? How can we establish that one measure is “better” than another for any two
measures?
In our recent work [14], we gave formal definitions on
the (strict) consistency and discriminancy to compare any
two measures. However, for AUC and accuracy, we found
counter examples which show that AUC and accuracy are
not strictly consistent, and AUC is not strictly discriminant
than accuracy. We then extended the definitions to the degree of consistency and degree of discriminancy, and we defined that a measure is better than the other based on the degree of consistency and degree of discriminancy. Then we
applied these definitions to AUC and accuracy, and verified
empirically and proved theoretically that AUC is a better
measure than accuracy. That is, AUC is indeed statistically
consistent and more discriminant than accuracy. Details can
be found in [14].
However, most previous work only focussed on comparing the learning algorithms in accuracy. A well-accepted
conclusion in the machine learning community is that the
popular decision tree learning algorithm C4.5 [21] and
Naive Bayes are very similar in predictive accuracy [11,
12, 6]. How do popular learning algorithms, such as decision trees and Naive Bayes, compare in terms of the better
measure AUC? How does recent Support Vector Machine
(SVM) compare to traditional learning algorithms such as
1 AUC

of ROC is simply called AUC in our paper.
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Naive Bayes and decision trees? In this paper, we will answer these questions experimentally.

2 Empirical Comparison of Naive Bayes, Decision trees, and SVM
We first compare Naive Bayes and decision trees with
AUC and accuracy in Section 2.1, and we then add SVM in
our comparison in Section 2.2. This is because we only use
binary datasets in comparisons with SVM (see Section 2.2
for details).

2.1

Comparing of Naive Bayes and Decision Trees

The popular decision tree learning algorithm C4.5 have
been recently observed to produce poor probability estimations on AUC [22, 20, 18]. Several improvements have been
proposed, and we want to include a recent improvement,
C4.4 [18], in our comparison.
We conduct our experiments to compare Naive Bayes,
C4.5, and its recent improvement C4.4, using both accuracy
and AUC as the evaluation criterion. We use 18 datasets
with a relatively large number of examples from the UCI
repository [1].
Our experiments follow the procedure below:
1. The continuous attributes in all datasets are discretized
by the entropy-based method described in [7].
2. For each dataset, create 10 pairs of training and testing sets with 10-fold cross-validation, and run Naive
Bayes, C4.5, and C4.4 on the same training sets and test
them on the same testing sets to obtain the testing accuracy and AUC scores.
The averaged results on accuracy are shown in Table 2.1,
and on AUC in Table 2.1. As we can see from Table 2.1, the
three algorithms have very similar predictive accuracy. The
two tailed, paired t-test with 95% confidence level (same for
other t-tests in the rest of the paper) shows that there is no
statistical difference in accuracy between Naive Bayes and
C4.4, Naive Bayes and C4.5, and C4.4 and C4.5. This verifies results of previous publications [11, 12, 6].
When we analyze the table for AUC (see Table 2.1), we
get some very interesting and surprising results. The average predictive AUC score of Naive Bayes is slightly higher
than that of C4.4, and much higher than that of C4.5. The
paired t-test shows that the difference between Naive Bayes
and C4.4 is not significant, but the difference between Naive
Bayes and C4.5 is significant. (The difference between C4.4
and C4.5 is also significant, as observed by [18]). That
is, Naive Bayes outperforms C4.5 in AUC with significant
difference. This verifies our second hypothesis mentioned
above.
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Table 1. Predictive accuracy values of Naive
Bayes, C4.4, and C4.5

This conclusion is quite significant to the machine learning and data mining community. Previous research concluded that Naive Bayes and C4.5 are very similar in prediction measured by accuracy [11, 12, 6]. As we have established in this paper, AUC is a better measure than accuracy.
Further, our results show that Naive Bayes and C4.4 outperform the most popular decision tree algorithm C4.5 in terms
of AUC. This indicates that Naive Bayes (and C4.4) should
be favoured over C4.5 in machine learning and data mining
applications, especially when ranking is important.

2.2

Comparing Naive Bayes, Decision Trees, and
SVM

In this section we compare accuracy and AUC of Naive
Bayes, C4.4, and C4.5 to the recently developed SVM on
the datasets from the UCI repository. Such an extensive
comparison with a large number of benchmark datasets is
still rare [17]; most previous work limited to only a few
comparisons, with the exception of [17]. SVM is essentially
a binary classifier, and although extensions have been made
to multiclass classification [23, 10] there is no consensus
which is the best. Therefore, we take the 13 binary-class
datasets from the 18 datasets in the experiments involving
SVM. [17] also only used binary datasets for the classification for the same reason.
For SVM we use the software package LIBSVM [4]
modified to directly output the evaluation of the hyperplane
target function as scores for ranking. We used the Gaussian
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Table 2. Predictive AUC values of Naive
Bayes, C4.4, and C4.5

Kernel for all the experiments. The parameters C (penalty
for misclassification) and gamma (function of the deviation
of the Gaussian Kernel) were determined by searching for
the maximum accuracy in the two-dimensional grid formed
by different values of C and gamma in the 3-fold crossvalidation on the training set (so the testing set in the original
10-fold cross-validation is not used in tuning SVM). C was
sampled at 2?5, 2?3 , 2?1, ..., 215, and gamma at 2?15, 2?13,
2?11, ..., 23. Other parameters are set default values by the
software. This experiment setting is similar to the one used
in [17]. The experiment procedure is the same as discussed
earlier.
The predictive accuracy and AUC of SVM on the testing
sets of the 13 binary datasets are listed in Table 2.2. As we
can see, the average predictive accuracy of SVM on the 13
binary datasets is 87.8%, and the average predictive AUC
is 86.0%. From Table 2.1 we can obtain the average predictive accuracy of Naive Bayes, C4.4, and C4.5 on the 13
binary datasets is 85.9%, 86.5%, and 86.7%, respectively.
Similarly, from Table 2.1 we can obtain the average predictive AUC of Naive Bayes, C4.4, and C4.5 on the 13 binary
datasets is 86.0%, 85.2%, and 83.6%, respectively.
Some interesting conclusions can be drawn. First, the
average predictive accuracy of SVM is slightly higher than
other algorithms in comparison. However, the paired ttest shows that the difference is not statistically significant.
Secondly, the average predictive AUC scores showed that
SVM, Naive Bayes, and C4.4 are very similar. In fact,
there is no statistical difference among them. However,

SVM does have significantly higher AUC than C4.5, so does
Naive Bayes and C4.4 (as observed in the early comparison in Section 2.1). Our results on SVM may be inconsistent with some other comparisons involving SVM which
showed superiority of SVM over other learning algorithms
[17, 13, 3]. We think that one major difference is data
pre-processing: we have discretized all numerical attributes
(see Section 2.1) as Naive Bayes requires all attributes to be
discrete. Discretization is also an important pre-processing
step in data mining [16]. The discretized attributes are
named 1, 2, 3, and so on. Decision trees and Naive Bayes
then take discrete attributes directly. For SVM, those values are taken as numerical attributes after normalization. In
most previous comparisons, numerical attributes are used
directly in SVM. However, we think that our comparisons
are fair since all algorithms use the same training and testing datasets after discretization. If there is loss of information during discretization, the decision trees, Naive Bayes,
and SVM would suffer equally from it. The other difference
is that we did not seek for problem-specific, best kernels for
SVM. This is fair as Naive Bayes, C4.5, and C4.4, are run
automatically in the default, problem-independent parameter settings.
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99.9 0.0
72.2 7.5
95.8 3.3
95.3 0.7
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Table 3. Predictive accuracy and AUC of SVM
on the 13 binary datasets
To summarize, our extensive experiments in this section
allows us to draw the following conclusions:

 The average predictive accuracy of the four learning
algorithms compared: Naive Bayes, C4.5, C4.4, and
SVM, are very similar. There is no statistical difference
between them. The recent SVM does produce slightly
higher average accuracy but the difference on the 13 binary datasets is not statistically significant.
 The average predictive AUC values of Naive Bayes,
C4.4, and SVM are very similar (no statistical differ-

ence), and they are all higher with significant difference
than C4.5.
Our conclusions will provide important guidelines in data
mining applications on real-world datasets.

3 Conclusions
In our previous work, we proved that AUC is, in general,
a better measure than accuracy. Many popular data mining
algorithms should then be re-evaluated in terms of AUC.
We compare experimentally Naive Bayes, C4.5, C4.4, and
SVM in both accuracy and AUC, and conclude that they
have very a similar predictive accuracy. In addition, Naive
Bayes, C4.4, and SVM produce similar AUC scores, and
they all outperform C4.5 in AUC with significant difference.
Our conclusions will provide important guidelines in data
mining applications on real-world datasets.
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