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Summary

Decision trees classifiers are quite fast compared to other classification
algorithms and is effortlessly represented and understand by people. In this paper, we
study the behavior of the decision trees induced with 29 attribute selection measures
over Census Income database taken from UCI Knowledge Discovery in Database
Archive. Through this data mining experiment, we build decision trees in order to get
some classification rules. The experiments presume the growing of the decision trees on
a training data set, the pruning of the decision trees using two pruning methods:
confidence level and pessimistic and finally, the decision trees execution on the test data
set. The most important performance for the classification of the different decision trees,
the classification accuracy on the test data, data completely unknown at the training of
decision tree, has been noticed; this performance is expressed by classification error
rate. We conclude the work with a discussion on related work. We can say that the value
we encounter for the classification error rate equals with the best value obtained by the
other algorithms from literature.
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1. INTRODUCTION

In this paper, we study the behavior of the decision trees (DT) induced with 29 attribute
selection measures over Census Income database taken from UCI Knowledge Discovery in
Database Archive.

Through this mining experiment, we build decision trees in order to get some classification
rules. We chose an attribute named “class <=50K, >50K” as class target attribute since we want to
learn, based on census data, the proper classification of income (income<=$50K/yr or
income>$50K/yr) for every person.

For the growing of the DT, 29 attribute selection measures have been tried. The experiments
presume the growing of the DT on a training data set (in fact, there were induced 29 different DT
using 29 attribute selection measures at the splitting of a DT node), the pruning of a DT (the 29 DT
from the previous step are pruned, using two pruning methods: confidence level pruning and
pessimistic pruning method) and finally, the DT execution on the test data set — different data of the
ones used at the training of the DT - to calculate the classification error rate of each DT. Along with
the performance of the file size for every DT induced with an attribute selection measure, we have
also studied the behavior of the height and the number of nodes of every DT. The most important
performance for the classification of the different DT, the classification accuracy on the test data,
data completely unknown at the training of DT, has been noticed; this performance is expressed by
classification error rate on the test data.

The rest of the paper is organized as follows. First we present the Census Income database
features and the attribute selection measures used in this paper. Then we will discuss the behavior
of the attribute selection measures on the growing, pruning and execution of the DT over the
Census Income database. Finally, we conclude the work with a discussion on related work.
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2. EXPERIMENTS

All experiments on Census Income database were conducted on a PC AMD Duron 995 MHz
CPU with 512 MB RAM, running Windows XP and the code was written in C. For the performance
tests we use software developed by C. Borgelt [3].

Census Income database is similar with Adult Census database, because both of them contain
demographical and occupational variables. However, this database is much more larger (taking into
account both the number of features and the number of cases) and much more detailed (i.e. the
standard variables for census such as the industry code or the occupation are registered to a much
more detailed level in this database) [2].

Census Income database is found in UCI Knowledge Discovery in Database Archive [13] and
it contains data from some censuses from the Los Angeles and Long Beach regions during the years
1970, 1980, 1990 [16]. The owner is U.S. Census Bureau, United Stated Department of Commerce.
The database was donated on March, 7™ 2000 by Terran Lane and Ronny Kohavi [15].

Data characteristics. The data contain 40 attributes, continuous (7) and nominal (33) of
occupational and demographical type, plus the class label (income). Total number of cases:
299.285. Number of training cases: 199.523, out of which duplicated or contradictory cases: 46.716.
Number of testing cases: 99.762, out of which duplicated or contradictory cases: 20.936.

The prediction task is to determine the income for a person represented by a record in the
dataset. The incomes were divided at the 50K$ level in order to state a problem of binary
classification. The training file has over 100 MB, and the test file has over SOMB.

There has been used 29 attribute selection measures on which the splitting of a node of the DT
has to be realized. Attribute selection measures used for induction, pruning and execution of DT
are: information gain (infgain) [21] [9] [26], balanced information gain (infgbal), information gain
ratio (infgr) [25] [26], symmetric information gain ratio 1 (infsgrl), symmetric information gain
ratio 2 (infsgr2) [22], quadratic information gain (gigain), balanced quadratic information gain
(qigbal), quadratic information gain ratio (qQigr), symmetric quadratic information gain ratio 1
(qisgrl), symmetric quadratic information gain ratio 2 (qQisgr2), Gini index (gini) [5] [28],
symmetric Gini index (ginisym) [29], modified Gini index (ginimod), RELIEF measure (relief) [18]
[17], sum of weighted differences (wdiff), ¥* (chi2), normalized y* (chi2nrm), weight of evidence
(wevid) [19] [23], relevance (relev) [1] , Bayesian-Dirichlet/K2 metric (bdm), modified Bayesian-
Dirichlet/K2 metric (bdmod) [10] [6] [12], reduction of description length - relative frequency
(rdlrel), reduction of description length - absolute frequency (rdlabs), stochastic complexity (stoco)
[20] [27], specificity gain (spcgain), balanced specificity gain (spcgbal), specificity gain ratio
(spcgr), symmetric specificity gain ratio 1  (spcsgrl), symmetric specificity gain ratio 2
(spcsgr2)[4].

II.1. The DT induction with 29 different measures

Statistics Attributes # Nodes # Levels #DT height Induct[ls]n time DT[?(IE]S 1ze
average: 38.55 21557.45 312.17 636.18 8866.52
maximum: 42 (spcgain) | 60718 (spcgr) 1297 (spcgr) 2466.08 (spcgr) | 62398 (spcgr)
minimum: 29 (stoco) 9555 (wevid) 13 (qigain, gigbal) 47.63 (qigbal) 1326 (chi2nrm)
standard deviation: 2.87 11700.67 441.67 750.99 13359.65

Table II.1. DT induction

From the values of Table II.1 and from the associated chart we conclude that there are three
groups for the performances realized by the 29 measures. The first group realizes very good
performances for the DT growth time and for the size of the file that contains the unpruned DT. In
this group there are the following 16 measures: infgain, gini, chi2, gigain, gigbal, spcgbal, relev,
ginisym, ginimod, qisgrl, qisgr2, relief, infgbal, wevid, wdiff, chi2nrm. Next group contains 11
measures with medium values for the 2 features presented in the chart: spcsgr2, spesgrl, bdm,
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bdmod, rdlabs, infgr, spcgain, gigr, infsgrl, infsgr2, stoco. The weakest performances are noticed
to be presented in a last group of two measures: rdlrel and spcgr.
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The correlation coefficient between the size of the file containing unpruned DT and the
necessary time for the building of DT is 0.810 showing a powerful correlation between these
features.

II.1.1. The decision rules extraction from the unpruned DT

Statistics Decision rules # Buildipg rules file Readi.ng DT file Decis.ion rules file
time [s] time[s] size [KB]
average: 13119.76 1.18 1.41 2995.38
maximum: 31976 (spegr) 5.21 (spcgr) 8.42 (spcgr) 8137 (spcgr)
minimum: 5852 (wevid) 0.31 (wevid) 0.28 (chi2nrm) 1120 (wevid)
standard deviation: 6117.01 0.95 1.93 1860.32

Table I1.2. Decision rules extraction from unpruned DT
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As seen from Table I1.2, which presents the performances obtained at the extraction of the
decision rules from unpruned DT for each of the 29 measures, and from the associated chart which
shows the performance for only two features: the decision rules number and the size of the file
which contains these decision rules, the best values for the decision rules number are gained by a
number of 24 measures: infgr, infsgrl, infsgr2, bdmod, bdm, rdlabs, ginisym, gini, chi2, infgain,
relev, gigain, gigbal, qigr, spcgbal, ginimod, stoco, qisgrl, qisgr2, infgbal, relief, wdiff, chi2nrm,
wevid, for which also the size of the file containing these decision rules is relatively small. A
number of 5 measures (spcgr, spcsgr2, spesgrl, spcgain, rdlrel) realizes weaker performances
though.
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The correlation coefficient between the file size that contains the decision rules and the
number of decision rules for unpruned DT is 0.971 showing a powerful correlation between these
features.
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II.1.2. The unpruned DT execution on test data

Statistics Errors # Error rate [%]
average: 6254.86 6.27
maximum: 6888 (spesgrl) 6.90 (spcsgrl, spcsgr2)
minimum: 5560 (qigain) 5.57 (qigain)
standard deviation: 348.05 0.35

Table 11.3. The unpruned DT execution on test data
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For the unpruned DT, the best value for the classification error rate on the test data is obtained
by gigain measure (5.57%), and the poorest performance is obtained by spcsgrl and spcsgr2
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measures (6.90%). In fact, the amount of misclassified cases is not similar for the two measures,
thus the spcsgrl measure classifies incorrectly 6888 cases, while the spcsgr2 measure classifies
incorrectly 6883 cases, but because of the approximations, the classification error rate appears
similar for the two measures. Conclusively, the poorest performance for the classification rate error
on the test data on Census Income database, for the unpruned DT is fulfilled by spcsgrl measure.
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The correlation coefficient between the classification error rate and the DT induction time is
0.164 and the correlation coefficient between the classification error rate and the DT file size is
0.173. These poor values indicate a very small dependence between the classification error rate, on
the one size, and the DT induction time and DT file size, on the other size.
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I1.2. Confidence level pruning DT

Statistics Pruning Attribute Nodes # Levels # DT ﬁle pruning Prul.led DT file
parameter # time [s] size [KB]
average: 0.82 30.07 1968.97 65.86 0.03 500
Maximum: 0.99 39 3641 861 (infgr) 0.18 (rdlrel) 3962 (infgr)
(infgr) (rdlrel) (infgr)
Minimum: 0.58 13 470 12 (qigain, 0.01 (relief, wevid) | 64 (spcgbal)
(qigain, | (spcgbal) | (chi2nrm) qigbal)
qigbal)
standard deviation: 0.10 5.64 810.12 161.38 0.03 699.68
Table 11.4. Confidence level pruning DT
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The correlation coefficient between the file size which contains pruned DT and the DT file
pruning time is 0.074 indicating a poor correlation between these features.
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Excepting two measures: rdlrel (which needs more time than the other measures for DT
pruning: 0.18 seconds unlike the average of all 29 measures of 0.03 seconds and the minimum value
of 0.01 seconds) and infgr (which builds a very large pruned DT file: 3962 KB, unlike the average
of all 29 measures: 500 KB, or the minimum value: 64 KB), all the other 27 measures have
approximately equal values for the DT file pruning time and for the pruned DT file size.

I1.2.1. The decision rules extraction from the confidence level pruned DT

Statistics Decision rules # Buﬂd:innin[l:; s file Reading DT file time[s] DeCISSilZO;[Ell;]S file
average: 1257 0.07 0.06 248.10
maximum: 2301 (gigbal) 0.21 (infgr) 0.43 (infgr) 520 (infgr)
minimum: 236 (chi2nrm) 0.02 (chi2nrm) 0.01 (chi2nrm, spcgbal) 38 (chi2nrm)

Standard 557.14 0.03 0.07 115.85
deviation:

Table I1.5. The decision rules extraction from the confidence level pruned DT
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The differences between the numbers of decision rules, which the 29 measures need for the
construction of the classifier is very big. The maximum value of the decision rules number is almost
10 times bigger than the minimum value. The maximum number of decision rules is 2301, the
minimum number is 236 and the standard deviation is 557.14.

Unlike the unpruned DT, which presents a maximum number of decision rules, namely
31976 (14 times bigger), a minimum number of 5852 (25 times bigger) and a standard deviation of
6117.01 (11 times bigger), we can say that the performance “decision rules number” has obvious
improved. Also, as we will next see, it has improved through the confidence level pruning the
classifier accuracy.

The correlation coefficient between the confidence level pruned DT file size and the decision
rules number is 0.917, thus indicating a strong correlation between these features.

I1.2.2. The confidence level pruned DT execution on test data

Statistics Errors # Error rate [%]
average: 5063.72 5.07
maximum: 5560 (qigain, qigbal) | 5.57 (qigain, qigbal)
minimum: 4634 (ginisym) 4.65 (ginisym)
standard deviation: 276.01 0.27

Table I1.6. The confidence level pruned DT execution on test data
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For the confidence level pruning DT, one can obtain the best value for the classification error
rate: 4.65% (ginisym measure). The worst value (maximum) for the classification error rate (5.57%,
obtained by two measures: gigain and gigbal) was the best value of unpruned DT.

At unpruned DT the highest value of the classification error rate was 6.90%. We also perceive
a reduction for the classification error rate standard deviation with the confidence level pruning of
DT, from 0.35 to 0.27.

The correlation coefficient between the classification error rate and the pruning parameter is
higher, -0.749, indicating the existence of quite powerful dependence between these features. This
matter can be perceived as: high value of the pruning parameter implies a small value of the
classification error rate (i.e. a high value of the classification accuracy). So, we can conclude that
for high values of the pruning parameter we can obtain a better accuracy of DT classifier.

ginisym
infgbal

attribute --

selection

measures -.

chi2nrm

infsgr2

infsgrl

rdirel

infgr
qigr
stoco
bdmod
bdm
rdlabs

relief

Census Income.

Confidence
level
prunning
DT
execution
on
test data

gini

chi2
wdiff

spcgr
infgain

ginimod

relev

wevid
gisgr2
gisgrl
spcgain
spcgbal
spcsgr2

spesgrl O Prunned DT file size /100 [KB]

| # attributes
| Classification error rates [%]

0 5 10 15 20 25 30 35 40

gigbal
gigain

25



Georgian Electronic Scientific Journal: Computer Science and Telecommunications 2009|No.3(20)

The correlation coefficient between the classification error rate and the confidence level
pruned DT file size is very small, -0.048, about the same as the correlation coefficient between the
classification error rate and the number of attributes necessary for pruned DT, -0.14; which suggests
the fact that there is no evident dependence between the confidence level pruned DT file size and
the classification error rate, as the number of attributes used at pruned DT building doesn’t have an
influence on the classification error rate.

I1.3. Pessimistic pruning DT

Statistics Attribute # Nodes # Levels # DT me prumng Pruped DT file
time [s] size [KB]
average: 35.28 7795.76 59.45 0.02 1659.48
maximum;: 41 (rdlrel) 9691 (stoco) 423 (infgr) 0.07 (spcgr) 7064 (spcgr)
0.01 (chi2nrm,
gini, ginisym,
. . .. infgain, infgbal, .
minimum: 24 (spcgbal) | 5894 (wevid) 13 (qigain, gigbal) rglev, relii £ 829 (relief)
wdiff, wevid,
qigbal, qisgr2)
standard deviation: 3.95 882.41 90.71 0.02 1174.20

Table 11.7. Pessimistic pruning DT

Through the pessimistic pruning DT it has been established a decrease of the DT file size.
Thus, the maximum value of the file size decreases from 62398 KB to 7064 KB (9 times), the
minimum value decreases a bit, from 1326 KB to 829 KB (1.5 times) and the average value from
8866.52 KB to 1659.48 KB (5 times). The standard deviation decreases much more for the DT file
size, from 13359.65 to 1174.20 (11 times).

The tree’s height has at unpruned DT a maximum value of 1297 levels which through the
pessimistic pruning of DT decreases to 423 (3 times). The minimum value for unpruned DT is of 13
levels; we can notice that it is not modified through the pessimistic pruning of DT. However, the
average decreases from 312.17 levels to 59.45 levels (5 times). For this performance the standard
deviation decreases from 441.67 to 90.71 (5 times).

The number of tree’s nodes has at unpruned DT a maximum value of 60718 nodes which
through the pessimistic pruning of DT decreases to 9691 (6 times).

The minimum value of unpruned DT is of 9555 nodes; we can notice that it decreased through
the pessimistic pruning of DT to a value of 5894 nodes (almost 2 times). However, the average
decreases from 21557.45 nodes to 7795.76 nodes (almost 3 times). For this performance, the
standard deviation decreases from 11700.67 to 882.41 (over 13 times).

The tree’s height presents for confidence level pruned DT a maximum value of 861 levels, for
which the pessimistic pruned DT is of 423 levels (two times smaller). The minimum value for
confidence level pruned DT is of 12 levels; at the pessimistic pruned DT this value is slightly
bigger: 13 levels. The average decreases from 65.86 levels (confidence level pruning) to 59.45
levels (pessimistic pruning). For this performance the standard deviation decreases from 161.38
(confidence level pruning) to 90.71 (pessimistic pruning).

The nodes number of the tree presents for confidence level pruned DT a maximum value of
3641 nodes which at the pessimistic pruning DT is of 9691 (almost 3 times higher). The minimum
value for confidence level pruned DT is of 470 nodes, but for pessimistic pruning the minimum
value of the number of nodes is of 5894 nodes (almost 13 times higher). The average also increases
from 1969.97 nodes to 7795.76 nodes (almost 4 times). For this performance the standard deviation
slightly increases from 810.12 to 882.41.

Conclusively, we may say that for the Census Income database, the pessimistic pruning
method builds less deeper DT, but with more nodes than the confidence level pruning method.
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For the pruning of the DT with the pessimistic pruning method, correlation coefficient
between the pruning time and the size of the file that contains pruned DT is of 0.590 showing that

there is a clear dependence between these two features. This fact is explainable by idea that a DT of
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a large size implies a long time for the building of the file which contains it.

I1.3.1. The decision rules extraction from the pessimistic pruned DT

Statistics Decision rules # Buildipg rules file Readi'ng DT file Decis'ion rules file
time [s] time[s] size [KB]
average: 4662.93 0.45 0.36 1012.21
maximum: 5644 (qigbal) 1.16 (spegr) 1.13 (spegr) 1506 (infgr)
minimum: 3433 (qigr) 0.23 (qigbal) 0.16 (chi2nrm) 684 (wevid)
standard deviation: 557.85 0.21 0.21 210.52

Table I1.8. The decision rules extraction from the pessimistic pruned DT
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For the decision rules extraction from the pessimistic pruned DT, the correlation coefficient
between the size of the file containing pruned DT and the decision rules number is pretty small:
0.325, indicating a poor positive correlation between these two features.

The differences between the decision rules number which require the 29 measures needed to
construct the classifier are relatively small. The maximum value of decision rules number (5644) is
about 1.5 times larger than the minimal value (3433). The standard deviation is 557. 85.

Towards to the unpruned DT, presenting a maximal decision rules number of 31976 (almost 6
times larger), a minimum number of 5852 (almost 2 times more) and a standard deviation of
6117.01 (11 times more), we can say that the performance of the decision rules number has
increased significantly with the pessimistic pruning of DT. As we are about to see, the accuracy of
the classifier it has also improved through the pessimistic pruning.

Towards to the confidence pruning DT, which presented a maximum decision rules number of
2301 (over 2 times less), a minimum number of 236 (over 14 times less) and a standard deviation of
557.14 (almost the same), we can say that the performance of the decision rules number is better for
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the confidence level pruned DT towards the pessimistic pruned DT. We will notice that we can say
the same thing about the most important performance of the classifier: the classification accuracy on

the test data.

I1.3.2. The pessimistic pruned DT execution on test data

Statistics Errors # Error rate [%]
average: 5619.62 5.63
maximum: 6029 (spcgbal) | 6.04 (spcgbal)
minimum: 5051 (infgr) 5.06 (infgr)
Standard deviation: 270.13 0.27

Table I1.9. The pessimistic pruned DT execution on test data
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At the DT execution on test data, data completely unknown at the DT training, the correlation
coefficient between the classification error rate and the number of necessary attributes for the
induction of pessimistic pruned DT is -0.478, showing a relatively opposite dependence between
the classification error rate and the number of attributes, the more attributes are needed, the smaller
the classification error rate is, a small number of necessary attributes for the pruned DT induction

implies a raised classification error rate.
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Instead, the correlation coefficient between classification error rate and the pruned DT file
size, is smaller, but maintaining the negative sign: -0.269, showing a very weak opposite
dependence between pessimistic pruned DT classification error rate and the pessimistic pruned DT
file size.

spcgbal
attribute selection -

measures

stoco
chi2nrm

wevid

infgbal

wdiff
qigr pr— Census Income.
chi2 Pessimistic
qisgr2 pruning DT
spesgr2 execution
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W Classification error rates [%] -_
[ [ [
1 1 1 1 1

0 5 10 15 20 25 30 35 40

infgr

rdirel

It is proved that the best performance at the pessimistic pruned DT execution on test data is
realized by the infgr measure (5.06%). But even the less better performance, realized by the spcgbal
measure (6.04%), is just a little bit higher.
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I1.4. Summarized table with decision rules number and classification error rate for the three
types of DT

Unpruned DT Confidence level pruned DT Pessimistic pruned DT
Statistics Classification Classification Classification
Rules # error rate [%] Rules # error rate [%] Rules # error rate [%]
Average: 6254.86 6.27 5063.72 5.07 5619.62 5.63
. . 6888 5560 (qigain, | 5.57 (qigain, 6029
maximum: i) 6.90 (spcsgrl) Gl Gl ) 6.04 (spcgbal)
. . . 5560 . 4634 . . 5051 .
minimum: (efezi) 5.57(qigain) (i) 4.65 (ginisym) (it 5.06( infgr)
standard deviation: | 348.05 0.35 276.01 0.27 270.13 0.27

Table I1.10. Summarized table with decision rules number and classification error rate for the three types of DT

The best performance for the classification error rate on the Census Income database, is
obtained by confidence level pruned DT through ginisym measure (4.65%). This measure, also for
the same confidence level pruned DT, obtains even the smallest decision rules number (4634). The
weakest performance for the classification error rate on the Census Income database, is obtained by
unpruned DT through spcsgrl measure (6.90%). This measure, also for the same unpruned DT,
obtains even the highest decision rules number (6888).

Let’s notice that the gigain measure which, for the unpruned DT obtains the best performance
for the classification error rate (5.57%) and the smallest decision rules number (5560), when
pruning the DT with the confidence level pruning method does not improve at all the performance,
but it preserves the previous one (which, comparatively with the performances obtained by the other
measures means the weakest performance) and, for the pessimistic pruned DT, it deteriorates the
performance.

By calculating the correlation coefficients between the three classification error rate groups
corresponding to the three types of DT (unpruned, confidence level pruned and pessimistic pruned)
for all the 29 measures, it results that all the three values exceed 0.500, which means a clear
dependence between these values. Thus the correlation coefficient between classification error rate
for unpruned DT and confidence level pruned DT is 0.539, correlation coefficient between
unpruned DT and pessimistic pruned DT is 0.547, scarcely higher, indicating a tighter dependence
between this two features than previous dependence, and the correlation coefficient between
confidence level pruned DT and pessimistic pruned DT is 0.664, indicating a higher correlation
between these two features.

The value of the correlation coefficient between the classification error rates and the decision
rules number for each attribute selection measure of the 29 measures and every DT (unpruned,
confidence level pruned and pessimistic pruned) is 1.000.

The very good correlation to absolutely all measures shows that the small values for the
decision rules involve small values for the classification error rate, as it can be noticed on the
confidence level pruned DT (the average of decision rules number is 5063.72, and the average of
classification error rate is 5.07%); average values for the decision rules number involve average
values for the classification error rate, as it is noticed on the pessimistic pruned DT (the average of
decision rules number is 5619.62, and the average of the classification error rate is 5.63%); and big
values for the decision rules number are related to big values for the classification error rate as we
notice on the unpruned DT (the average of the decision rules number is 6254.86, and the average of
classification error rate is 6.27%).

The smallest values for the classification error rate are systematically obtained by confidence
level pruned DT, the average of the classification error rate for the 29 attribute selection measures is
5.07%.

On the second place, with average values for the classification error rate, stands pessimistic
pruned DT; the average of the classification error rate for all 29 attribute selection measures is
5.63%.
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The biggest values for the classification error rate on Census Income database are made by
unpruned DT; the average error classification rate for all 29 attribute selection measures is 6.27%.
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The standard deviation, representing the spreading of the values of the classification error
rate, is the same (0.27) for both the confidence level pruning method and pessimistic pruning
method. Whereas, standard deviation for the unpruned DT classification error rate is higher (0.35).
Taking into account the values obtained for the classification error rate at the three types of DT, we
can say that throughout the pruning of DT, the accuracy of the classification improves and the
spreading of the values of the classification error rate diminishes (the standard deviation
decreases).

3. CONCLUSIONS AND RELATED WORK

The experiments accomplished targeted the growing, the pruning and the execution of the
unpruned and the pruned DT on the test data. We tried to study the behavior of DT grown with 29
different attribute selection measures and in the same time the classification accuracy on the test
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data of these trees. In our experiment we use Census Income database from UCI Knowledge
Discovery in Database Archive.

1. In the documentation of the Census Income database (http://kdd.ics.uci.edu/databases/
census-income/census-income.names) the following values for the classification error rate obtained
by the various algorithms are presented:

# Algorithm Classification error rate
1. C4.5 4.8%
2. C5.0 4.7%
3. C5.0 rules 4.7%
4. C5.0 boosting 4.6%
5. Naive-Bayes 23.2%

Table I11.1. Classification error rate values from literature

We can say that the value we encounter (4.65%) equals with the best value obtained by the
other algorithms, taking into account that in the documentation is being offered for the classification
error rate value only the first digit after the dot.

2. In [8] it is shown that the running of the Weka implementation for the Naive Bayes
algorithm on this database finalizes with the error: “out of memory”, whereas the implementation of
AirlDM with INDUS provides an accuracy of 76.2174% (i.e. error rate is 23.7826%).

3. In [14] the original values of the training records number (199523) and of the test records
number (99762), have been modified to 249285 and, respectively to 50000. It is obvious that
augmentation of the training records number, followed by a decreasing of the test records number,
can only lead to the improvement of the classifier’s accuracy. Thus are achieved the following
classification error rates: 4.69% (for the C4.5 algorithm), 4.72% (for the BC4.5 algorithm), 5.44%
(for the C4.5C algorithm), “out of memory” (for the BC4.5C algorithm), 4.46% (for the ADTree
algorithm), 4.62% (for the OTC algorithm). The best value, gained through the process previously
explained, is 4.46% , slightly smaller than our best value: 4.65%, achieved on the original values of
the training and test records number.

4. In [11] the original values of the training records number (199523) and of the test records
number (99762) have been modified to 224285 and, respectively to 50000; 25000 records have
been used for validation. It is obvious that an increase in the training records number followed by a
decrease of test records number can only lead to the improvement of the classifier’s accuracy (i.e. a
lower classification error rate). Thus, on the modified values for the distribution of records number,
is obtained a classification error rate of 4.43% (for the LogitBoost algorithm), slightly smaller value
than our best value: 4.65%, achieved on the original values of the training and test records number.

5. In [24] the original values for the number of training cases vs. the number of testing cases
are being kept, whereas the value obtained for the classification accuracy on the test data is being
presented only graphically. Examining the chart we can undoubtedly say that this value is under
95%, it is around 94%. So this means a classification error rate upper to 5%, maybe even 6%. The
certain performance is lower then the best value for the classification error rate obtained by us,
namely 4.65%.

6. The experiments made with XMiner over Census Income database in [7] don’t provide any
value for the classification accuracy.

7. In [2] the classification accuracy isn’t mentioned as well, whereas it is affirmed that the
running under the Apriori algorithm has failed providing the error ,,out of memory”.

To conclude, the best performance obtained by the measures used in our experiments on
Census Income database, is of 4.65% (classification error rate on the test data) and 4634 (decision
rules number), achieved by the ginisym measure.
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