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Fig. 1. C models of various proteins coloured by the measures studiedFig. 2. C models of a proteins structure (PDB id. 1a12A). The values of
In all cases, 'core' residues are coloured red/yellow andf&ce' residues  each measure studied were pairwise subtracted to highkgfions where

blue/green. Models were rendered using RasMol the measures differ (red).

1 SPECIFICITY OF MEASURES STUDIED

Figure 1 showsC models of ve proteins structures. Colour is
used to indicate the associated values of the ve featunadiesd.

The values for the measures were normalized and colourtedjus  Figure 2 shows & model of protein PDB id. 1al2A. Here,
(where necessary, by subtracting the value from unity —soienall  colour is used to highlight differences between the measste-
measures coloured 'core’ residues red/yellow and 'sutfa@sedues  died. Measures were pairwise subtracted to obtain coloegathat
blue/green). There are striking differences between thesomes, in - highlight differences in speci city (red). Models havinge same
particular, RCH shows different speci city to RD. values throughout (0) are rendered white by RasMol.
Figure 3 shows Box and Whisker Plots of Residue RCH and
RD against SA and Exp; RCH makes more distinctions for buried
residues than SA and more distinctions for exposed resithzes
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Fig. 5. Distribution of hull assignments for residues in 1050 protgruc-
tures. Unnormalized values. Hulls were numbered from oubet inward
(RCH) and from innermost outward (RCHr).
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Fig. 3. Box and Whisker plots of pairs of measures for 257560 residue
1050 protein chains. Black dots indicate median values. ) )
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Fig. 4. Recursive Convex Hulls of a 2D point set numbered (left) from 00 02 04 06 08 10

outermost inward (RCH) and (right) from innermost outwaRLCHr). The Exp

hull number with the highest frequency of member points ddpeon the

direction of numbering. Fig. 6. Distributions of measures of residue location in 1050 pnosgruc-

tures for normalized values.

2 MATERIALS AND METHODS ) )

. . . ) the second case, the lower numbered hulls will encompass-con
2.1 ldenti cation of Residue Recursive Convex Hulls derably more residues than the higher numbered hulls, siere
Hulls may be numbered from either the innermost outward tereu  are many more residues situated on outer hulls than on inrdisr h
most inward (see g. 4). In either case, all chains will haveng Hence, hulls were numbered in two ways, numbering from euter
residues with low hull numbers, whilst only the longest dsauill most hull inward and from innermost hull outward, to prodtwe
have residues with the highest hull numbers. However, teeidi  datasets: RCH and RCHr (reverse numbering scheme), rasggct
bution of residue hull numbers will be different in each case  The distributions of residue hull assignments for thesesal®mes
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Table 2. Class Distributions.For each measure, the
proportion of residues assigned to each class using
uniform frequency cut points is shown for three levels
of precision (Q2, Q3 and Q5).

Measure

Q Class| RD Exp RCH RCHr SA

2 0 0.67 0.50 0.55 0.45 0.50
1 0.33 0.50 0.45 0.55 0.50
0 0.67 0.34 0.38 0.30 0.33

3 1 0.17 0.33 0.32 0.42 0.33
2 0.16 0.33 0.30 0.28 0.33
0 0.67 0.20 0.18 0.17 0.20
1 0.12 0.20 0.19 0.29 0.20

5 2 0.07 0.20 0.18 0.15 0.20
3 0.07 0.20 0.25 0.22 0.20
4 0.07 0.20 0.20 0.18 0.20

showed striking differences. Figure 5 shows histogrambe@htum-
ber of residue neighbours for the RCH, RCHr, SA, Exp and RD
representations. Figure 6 shows histograms for the feasitelied
after normalisation.

3 CLASS DISTRIBUTIONS

Table 2 shows for each measure, the proportion of residsegnes!

to each class using uniform frequency cut points at threeldenf
precision (Q2, Q3 and Q5). These proportions provide a base |
against which predictions can be assessed, for exampldways
predicting the majority class 29% Q5 predictive accuracyRGHr
can be achieved, an unbiased random prediction would be&dpe
to give 20% accuracy. Whilst, for most of the measures, the un
form frequency discretization procedure has resulted asapably
balanced classes, this is not the case for the RD measuréaneHabD
measure, which has a highly skewed distribution (see Figumneost
residues are assigned to class 0 (at all three levels ofgwagi As

a result, predicting always the majority class can lead tba(@-
dictive accuracy of 67% for the RD measure. This in effect msea
that the RD measure will be harder to learn than the other uness
and direct comparison of RD prediction accuracies with e¢hfas
the other measures should be made with caution.

3.0.1 Mutual Information

3.1 Learning Classi er Systems

Table 3. Mutual Information between the class assignments
(for Q2, Q3 and Q5) for pairs of features. Norm. indicates Ml
values based on normalized measures.

Q SA RD Exp RCHr RCH

2 SA 1.00 0.21 0.06 0.08 0.26
1.00 0.21 0.12 0.26 0.26  Norm.

RD 091 0.04 0.05 0.14
091 0.06 0.14 0.14 Norm.

Exp 1.00 0.38 0.07
1.00 0.29 0.29 Norm.

RCHr 0.99 0.08
1.00 1.00 Norm.

RCH 0.99
1.00 Norm.

3 SA 158 0.31 0.10 0.12 0.40
158 0.30 0.19 0.39 0.39 Norm.

RD 1.24 0.05 0.06 0.20
1.24 0.08 0.19 0.19 Norm.

Exp 1.58 0.60 0.12
1.58 0.46 0.46 Norm.

RCHr 1.56 0.13
1.58 1.58 Norm.

RCH 1.58
1.58 Norm.

5 SA 232 0.40 0.12 0.15 0.52
232 038 0.23 0.49 0.49 Norm.

RD 1.56 0.05 0.07 0.23
1.57 0.09 0.22 0.22  Norm.

Exp 232 0.82 0.15
232 0.62 0.62 Norm.

RCHr 2.28 0.16
2.32 2.32  Norm.

RCH 2.31
2.32  Norm.

of thousands of instances. The ILAS windowing scheme d#ide
the training set into multiple non-overlapping subsetgasing a
different subset in each GA iteration for the individual e&s com-
putations. For nominal attributes the GABIL (DeJoetgal., 1993)
rule-based knowledge representation was employed whbilseal
valued attributes the adaptive discretization interv@BIj rule
representation (Bacardit, 2004) was used. GAssist iiziéaleach
rule by choosing a training example and uses this to creat#ea r
that is guaranteed to cover this example (Bacardit, 200%. skan-
dard parameters for GAssist were used (Bacardit, 2004) &06 1
iterations used in the prediction of average attributes.tRe full

3.1.1 GAssist (Bacardit, 2004) is a Pittsburgh Genetics-Based Predictions, 20000 iterations were used, 150 strata forllthes

Machine Learning system descended from GABIL (DeJenhgl.
1993). Using an near standard generational GA, GAssistvesol
individuals that represent complete problem solutionghezom-
prising an ordered, variable length rule set. Fitness isdhas the
Minimum Description Length (MDL) principle (Rissanen, B)7
a metric applied to the rule sets to balance complexity amd-ac
racy, for details see Bacardit (2004). GAssist employs alairing
scheme: ILAS (incremental learning with alternating stydBacar-

windowing scheme, and ten rule sets per ensemble.

3.1.2 BioHEL BioHEL (Bioinformatics-oriented Hierarchical
Evolutionary Learning) is a Genetics—Based Machine Learni
(GBML) system that follows the separate-and-conquer r{iianz,
1999) rule learning paradigm, also known in the GBML eld as
Iterative Rule Learning (Venturini, 1993); BioHEL is alsmangly

in uenced by GAssist (Bacardit, 2004) from which its repratati-

dit et al,, 2004), this reduces the run-time of the system, especiallyons, MDL-based tness function and ILAS windowing scheme ar

for dataset such as those in this study which consist of leatsdr

taken.
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Table 1. Cut PointsUniform Frequency Cut Points used in this study

Training fold
Measure | States (Q)| Cut Point 0 1 2 3 4 5 6 7 8 9
RD 2 1 0.00 000 000 000 o000 000 000 0.00 0.00 o0.00
3 1 0.00 0.00 0.00 0.00 000 0.00 0.00 0.00 0.00 0.00
2 246 245 246 246 246 246 246 245 246 246
5 1 0.00 0.00 0.00 0.00 000 0.00 0.00 0.00 0.00 0.00
2 153 153 153 153 153 153 153 153 153 153
3 251 251 251 252 251 251 251 251 251 251
4 379 379 379 38 379 379 379 379 379 379
SA 2 1 0.18 0.18 0.18 0.18 0.18 0.18 0.18 0.18 0.18 0.18
3 1 0.06 0.06 0.06 0.06 006 0.06 006 006 0.06 0.06
2 036 036 036 036 036 036 036 036 036 0.36
5 1 0.01 001 001 001 001 001 001 001 001 o001
2 0.10 0.10 0.10 0.0 0.0 010 0.10 0.10 0.20 O0.20
3 028 028 028 028 028 028 028 028 028 0.28
4 051 051 051 051 051 051 051 051 051 051
Exp 2 1 18.31 18.26 18.25 18.29 18.27 18.28 18.33 18.28 18.25 18.34
3 1 15.24 15.19 15.18 15.22 15.19 1521 15.25 15.21 15.19 15.26
2 21.66 2158 2159 21.63 2163 21.63 21.67 21.62 2159 21.71
5 1 12.51 1248 12.47 1249 1247 1249 1252 1250 12.47 12.54
2 16.47 16.43 16.41 16.45 16.43 16.44 16.48 16.45 16.41 16.50
3 20.24 20.17 20.18 20.21 20.21 20.20 20.25 20.20 20.17 20.28
4 2521 25.09 25.13 2516 2520 25.18 25.23 25.18 2512 25.29
RCH 2 1 250 250 250 250 250 250 250 250 250 250
3 1 150 150 1.50 150 150 150 150 150 150 150
2 350 350 350 350 350 350 350 350 350 350
5 1 050 050 050 050 050 050 050 050 050 050
2 150 150 1.50 150 150 150 150 150 150 150
3 250 250 250 250 250 250 250 250 250 250
4 450 450 450 450 450 450 450 450 450 450
RCHr 2 1 450 450 450 450 450 450 450 450 450 450
3 1 350 350 350 350 350 350 350 350 350 350
2 650 650 650 650 650 650 650 650 650 6.50
5 1 250 250 250 250 250 250 250 250 250 250
2 450 450 450 450 450 450 450 450 450 450
3 550 550 550 550 550 550 550 550 550 5.50
4 750 750 750 750 750 750 750 750 750 7.50

Rules are obtained by an iterative process. A standard igenetFor speci ¢ details of the design and tness function of BigH, see
algorithm evolving a population of rules is used to induceheaf the ~ Bacardit and Krasnogor (2006). The code is available onagtqu
rules with a tness function that rewards accurate rules tbaer as
many examples as possible. After each rule is obtainedraivérig  3.1.3 Ensemble TechniqueA wrapper mechanism over the
examples that have been covered by this rule are discardextifre =~ LCS's was employed to boost performance. In each case, ten ru
training set (forcing the system to explore the search sfuaagther  sets were generated using the LCS with different randomssaed
rules), and the GA is restarted to nd the next rule. Rule s@ge  these were then used as an ensemble, combining their poedict
an explicit default rule that covers the majority class & tlomain.  using a simple majority vote. This approach is similar to giag
The evolved rules cover all the other classes. The learniogegs  (Breiman, 1996).
stops when it is not possible to nd any new rule that obtaietédy
performance than assigning all remaining examples to tfeutle 3.1.4 Class Contingency TableSable 4 shows the Q5 residue
class. For the same set of instances, several GA runs arateslec proportions assigned to each class for the RCH and SA measure
and only the best rule from all the GA runs is inserted into e where 0.26 Ml was observed. In this case, there is a negative c
rule set. relation: residues with low/high SA classes have corredpaty

BioHEL used the values for the parameters de ned in Bacardithigh/low RCH classes. Low RCH classes indicate surfaceluesi
(2004) except for the following: population size 500; GAréttons  which would be expected to have high SA. Here again, therrare
500; repetitions of rule learning: 2; Number of strata fag thAS guent differences between SA and RCH class assignmentstirgge
windowing: 50; Coverage breakpoint: 0.01; Coverage R&ti80.  the fact that they embody distinct features. Similarly,[@fshows

the proportion of residues assigned to each Q5 class for RD an
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Table 4. SA vs. RCH.Contingency Table of Q5 Class

Assignments for SA and RCH.

RCH
Classes| O 1 2 3 4
0 0.10 0.34 192 8.38 9.21
1 0.27 139 421 7.67 6.39
SA 2 0.76 4.83 6.03 555 2.86
3 412 8.25 4.18 2.58 0.93
4 13.13 455 1.35 0.77 0.23

Table 5. RD vs. RCH Contingency Table of Q5 Class
Assignments for the RD and RCH measures

| RCH
Classes| 0 1 2 3 4
0 18.21 17.15 11.93 11.78 7.98
RD 1 0.16 1.66 292 411 3.09
2 0.01 0.41 1.41 2.87 2.32
3 0.00 0.13 1.03 310 281
4 0.00 0.01 0.40 3.08 341

Table 6. Exp vs. RCHr. Contingency Table of Q5 Class

Assignments for Exp and RCHr.

RCHr
Classes| 0 1 2 3 4
0 14.07 591 0.17 0.01 0.00
1 2.21 1347 3.33 1.09 0.02
Exp 2 0.34 6.64 6.33 6.13 0.64
3 0.11 1.99 3.65 990 4.26
4 0.06 059 104 533 1271

RCH which showed 0.14 MI. There is a positive correlatiorsi+e
dues with high RD classes have correspondingly high RCHsekas
However, the unbalanced nature of the RD data has led to a lar
proportion of residues that are distinguished by the RCHsmea

being placed in RD class 0. Table 6 shows for Q5 the proportion
of residues assigned to each class for RCHr and Exp which Shclé

wed 0.38 MI. There is a positive correlation: residues wathi/high
RCHIr classes have correspondingly low/high Exp classeaeMer
there are differences between Exp and RCHr for many clasgas)
indicating that they re ect different aspects of proteirusture.

4 DETAILED PREDICTION RESULTS
4.1 Statistical Analysis on Measures Studied

(over the measure that most often gave highest predictiveracy,
RCHr) are denoted by | while () indicates signi cantly lower
accuracy. The absence of a symbol means the null hypothbats (
there was no difference in the means) could not be rejectéuain
particular case. A con dence interval of 0.05 was used fotr-tdsts
and the conservative Bonferroni correction for multiplerpase
comparisons was applied (Miller, 1981).

In view of the class imbalance in the RD measure (noted above)
details of the RD Q3 and Q5 predictions are excepted from the
following comments.

4.1.1 Predictions Using C4.5For Q2 prediction using the C4.5
decision trees algorithm, Table 7 shows that the RCHr measur
could be predicted at a statistically signi cantly highevé¢l than the
other measures using inputs 2-6. For input datasets 1 ana\&-h
ver, the highest accuracies came from RD followed by SA, RCH
and Exp. A similar pattern was observed for prediction aharg
precision, Q3 and Q5.

4.1.2 Predictions Using Naive Bayes$-or higher precisions (Q3
and Q5) using the Naive Bayes algorithm, table 8 shows thadiRC
again produced statistically signi cantly higher predietaccuracy
than the other measures (excluding the imbalanced RD) fartin
datasets 3-6. Whereas for input datasets 1 and 2 RCH and $A gav
signi cantly higher accuracies. The results for Q2 preidics were

a little more mixed.

4.1.3 Predictions Using GAssistSimilarly, using the GAssist
LCS, RCHr led to signi cantly higher Q2 prediction accuresithan
the other measures when input datasets 3-6 were used (Tjatle 9
RCHr accuracies were signi cantly lower than RD, SA, RCH and
Exp when input datasets 1 and 2 were used. Similar patterres we
observed for prediction at higher precision, Q3 and Q5.

4.1.4 Predictions Using BioHEL Likewise, using the BioHEL
LCS, RCHr led to signi cantly higher Q2 prediction accuresithan
the other measures when input datasets 3-6 were used (THtiatl
RCHr accuracies were signi cantly lower than RD, SA, RCH and
Exp when input datasets 1 and 2 were used. Similar patterres we
observed for prediction at higher precision, Q3. However, @5
RCHr led to signi cantly higher prediction accuracies fdriaputs

Ysed.

.1.5 Summary For all algorithms, RCHr was the most easily
arned of the measures studied, leading to statisticigty santly
higher prediction accuracies when global protein infoioratlong

with a local sequence window was used as prediction inpuia/e-

ver, when only a local sequence window is used as input to the
prediction (or when this is supplemented by only local prist
secondary structure information), then SA, RCH and Expatel
more easily learned.

4.2 Statistical Analysis on Algorithms Studied

For each machine learning algorithm used, tables 7-10 prese Tables 11-15 present prediction results for each the dlgos stu-

prediction accuracies for each measure studied, using thpub
datasets and three levels of precisions (Q2, Q3, Q5). MeateiprF
wise accuracies (%) standard deviation of each prediction are
given. Statistically signi cant improvements in prediaiaccuracy

died. For each of the four machine learning algorithms, tleam
and standard deviation of each prediction is shown. In ttedes,
t-test outcomes are shown as follows) ihdicates BioHEL outper-
formed the corresponding algorithm, while) is shown when an
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Table 7. C4.5protein-wise accuracies.

Measures
States | Dataset RD | Exp | RCHr | RCH | SA
1 74.0 0.3 | 57.8 0.3 55.1 14| 66.5 0.4 |69.8 0.4
2 75.1 0.2 59.6 0.7 57.4 1.6| 69.1 0.6 716 0.4
2 3 740 04 | 70.7 1.6 772 16| 732 1.2 (702 0.4
4 75.2 0.5 71.4 1.2 784 15| 75.6 1.3 72.2 0.3
5 74.0 0.3 721 1.4 769 18| 734 1.1 70.3 0.3
6 75.2 0.3 725 1.4 78.0 1.8| 75.7 1.1 72.0 0.3
1 70.8 0.5 41.0 0.3 458 1.2 | 51.6 0.5 51.2 04
2 71.7 0.5 42.8 0.6 48.3 1.1 | 53.4 0.5 54.0 0.4
3 3 70.1 0.5 52.7 1.6 63.1 1.6 |56.2 1.1 50.5 0.5
4 71.1 0.5 547 1.4 65.8 1.3 59.1 1.1 53.1 04
5 70.8 0.5 546 1.6 63.3 1.7 576 1.1 51.7 0.4
6 71.7 0.5 56.5 1.6 65.8 1.5| 60.2 1.0 54.2 0.5
1 70.1 0.6 25.0 0.4 29.4 05| 315 0.6 32.0 0.3
2 70.3 0.6 (279 0.7 [ 30.6 05| 328 0.5 | 34,5 0.4
5 3 69.8 0.6 33.8 1.3 459 15| 329 0.8 30.0 04
4 69.5 0.7 358 1.4 48,5 1.4 | 36.5 0.7 32.7 0.5
5 70.0 0.6 35.1 0.9 476 1.2 | 35.8 0.7 32.0 0.2
6 70.3 0.6 (375 09 [495 1.3| 379 0.9 | 34.6 0.3

Table 8. Naive Bayegrotein-wise accuracies.

Measures
States | Dataset RD | Exp | RCHr | RCH | SA
1 743 0.3 [59.9 0.8 [56.1 1.6 67.9 0.7 [ 70.4 0.4
2 745 03 | 60.2 0.7 [ 582 14| 69.3 0.7 | 715 0.4
2 3 736 0.7 | 688 1.5 | 723 1.7| 70.7 1.3 | 67.5 0.9
4 742 06 | 69.7 1.4 | 734 16| 720 1.2 | 69.3 0.9
5 745 05 | 731 13 |771 19|748 1.1 | 711 0.2
6 75.1 0.4 | 733 1.4 [78.0 1.7|76.1 1.1 | 723 0.4
1 71.0 0.5 [ 43.1 0.6 | 46.8 1.4[53.6 0.4 [ 525 0.3
2 709 0.5 | 437 0.6 | 476 1.1| 54.4 05 | 54.4 0.5
3 3 706 0.6 | 51.7 1.4 [ 571 14547 09 |[502 0.7
4 709 0.6 | 534 1.4 |[588 1.4|56.7 1.0 | 524 0.7
5 713 06 | 56.4 1.2 [ 628 1.4|59.6 1.0 | 53.4 0.5
6 714 06 | 572 1.3 | 643 1.4|61.1 1.1 | 553 0.6
1 70.3 0.6 [ 279 0.5 [ 335 0.5 33.4 0.4 [ 355 0.3
2 69.7 0.6 | 28.8 0.5 [33.2 06| 347 05 | 369 0.4
5 3 70.0 0.6 | 345 1.0 | 414 11352 05 | 334 0.6
4 69.5 0.7 | 36.4 0.9 | 43.4 1.2 36.7 0.6 | 355 0.6
5 70.4 0.6 | 37.8 0.9 | 457 1.1 39.0 0.8 | 35.7 0.4
6 70.0 0.6 | 387 0.9 | 475 1.2| 406 1.0 | 37.7 0.4

algorithm outperformed BioHEL, the absence of a symbol reean4.2.2 Predictions of Exp Table 11 presents the mean protein-
the null hypothesis (that there was no difference in the mdan  wise accuracies (%) for Q2, Q3 and Q5 predictions on datasets
the two algorithms) could not be rejected in that particelzse. A Exp-1 through Exp-6.

con dence interval of 0.05 was used for all t-tests.

4.2.1 Predictions of RD Table 12 presents the mean protein-wise 4.2.3  Predictions of SA Table 13 presents the mean protein-wise
accuracies (%) for Q2, Q3 and Q5 predictions on datasets RD-&ccuracies (%) for Q2, Q3 and Q5 predictions on datasets SA-1
through RD-6. through SA-6.
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Table 9. GAssistprotein-wise accuracies.

Measures
States | Dataset RD | Exp [ RCHr [ RCH ] SA
1 73.8 0.4 | 57.8 0.5 56.0 1.5| 67.4 0.6 70.2 0.3
2 75.1 0.3 58.7 0.7 | 57.7 1.6] 69.3 0.7 719 0.5
2 3 74.2 0.3 724 15 77.8 1.6 74.0 1.2 70.5 0.4
4 75.3 0.2 72.8 1.6 785 16| 758 1.1 72.0 0.5
5 74.1 0.4 722 15 77.0 1.9 74.0 1.2 70.6 0.2
6 75.2 0.3 726 1.4 779 18] 759 1.2 72.2 0.4
1 70.9 0.6 41.0 0.5 47.2 1.7 53.3 0.4 51.9 0.6
2 71.3 0.7 |41.2 0.6 | 49.6 1.7| 54.7 0.6 53.9 0.5
3 3 70.9 0.6 549 1.7 63.8 1.7 | 58.8 0.9 51.9 0.6
4 71.3 0.6 56.4 1.5 65.2 1.6 60.0 0.9 53.8 0.5
5 71.0 0.6 55.0 1.7 63.1 1.8 58.5 0.9 52.0 0.5
6 71.6 0.6 56.3 1.6 65.0 1.6 59.9 1.0 54.2 0.6
1 70.3 0.6 26.0 0.5 33.7 0.7] 33.6 0.5 34.2 0.5
2 70.5 0.7 26.4 0.5 33.1 1.3| 35.7 0.6 | 36.2 0.4
5 3 70.3 0.7 36.9 1.5 45.2 0.7 35.7 0.5 34.3 0.6
4 705 06 | 382 1.1 | 456 0.8 38.9 0.8 | 36.4 0.6
5 70.4 0.6 36.1 1.3 46.9 1.8 36.4 0.5 34.3 0.6
6 705 06 | 378 09 |483 16| 38.8 0.8 | 36.4 0.4

Table 10. BioHEL protein-wise accuracies.

Measures
States | Dataset RD [ Exp [ RCHr [ RCH ] SA
1 741 05 [56.7 1.4 [51.6 3.1[70.4 1.0 | 70.9 0.4
2 75.8 0.4 | 627 2.2 | 558 19| 715 0.8 | 72.6 0.4
2 3 747 0.4 | 735 15 [79.0 1.5| 755 1.1 | 71.7 0.4
4 76.0 05 | 739 1.4 | 798 15773 1.1 | 73.3 0.3
5 746 03 | 73.0 1.5 |77.8 1.8 750 1.2 | 715 0.4
6 76.0 0.4 | 735 1.4 | 787 1.7|77.0 1.1 | 733 0.3
1 70.8 05 | 419 2.2 | 446 1.8]55.1 15 | 44.0 6.4
2 72.1 05 | 444 1.3 | 46.9 1.9|56.5 09 | 46.3 6.5
3 3 71.3 0.6 | 465 15 | 66.3 1.5| 56.7 1.3 | 45.1 5.7
4 723 05 | 525 1.4 |681 14606 1.1 | 50.3 4.0
5 71.0 0.6 | 46.7 1.8 | 645 16| 58.1 1.2 | 452 55
6 723 05 | 532 1.2 | 66.6 1.5]|60.3 1.1 | 481 55
1 70.0 0.6 [ 13,5 1.2 [ 375 1.2 31.2 0.7 | 31.7 3.2
2 70.4 0.6 | 25.8 2.2 | 37.9 1.2 33.0 05 | 33.2 4.1
5 3 70.2 0.6 | 335 1.6 |46.4 1.7]|36.3 0.7 | 31.1 4.3
4 70.5 0.7 | 347 15 [ 495 1.7 39.0 09 | 322 43
5 70.1 05 | 324 2.0 | 475 1.7/ 36.0 0.8 | 31.9 3.4
6 70.5 0.6 | 335 1.9 | 49.7 1.3 379 0.7 | 33.4 3.6

4.2.4 Predictions of RCH Table 14 presents the mean protein- mixed. The in uence of predicted secondary structure imfation

wise accuracies (%) for Q2, Q3 and Q5 predictions on datasetaas 1-3% in Q2 and 2-4% in Q3 and Q5 respectively.

(RCH-1 through RCH-6). BioHEL was the best algorithm on this

problem set, reaching 77.3% accuracy on dataset RCH-4.®n thy 2 5 predictions of RCHr Table 15 presents the mean protein-

domain global, information also led to a substantial penance  ise accuracies (%) for Q2, Q3 and Q5 predictions on datasets

jump, although not as large as for RCHr predictions. Betw@en Rcr-1 through RCHr-6. BioHEL was the best algorithm on this

7% in Q2, 4-7% in Q3 and 3-6% in Q5. There is no overall trend yohlem set, reaching 79.8% accuracy for Q2 prediction da-da

as to which type of global information is better, results aeey set RCHr-4. On this problem there is a large jump in perforzean
when the global input information is used (between 20% afd v
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Table 11. Exp Predictions. Mean protein-wise accuracies (%) for Qa@d  Table 13. SA Predictions Mean protein-wise accuracies (%) for Q2, Q3 and

Q5 predictions on datasets Exp-1 through Exp-6. Q5 predictions on datasets SA-1 through SA-6.
Algorithm Algorithm
States | Dataset C45 | BioHEL | GAssist | Naive Bayes States | Dataset C45 | BioHEL | GAssist | Naive Bayes
1 578 0.3 | 56.7 1.4|57.8 0.5 599 0.8 1 69.8 0.4 | 709 04| 70.2 0.3 704 0.4
2 59.6 0.7 | 62.7 2.2 | 58.7 0.7 60.2 0.7 2 716 04 | 726 04| 719 05 715 0.4
2 3 70.7 1.6 | 735 15| 724 15 68.8 1.5 2 3 70.2 0.4 | 71.7 0.4| 705 04 67.5 0.9
4 714 12 | 739 14| 728 16 | 69.7 1.4 4 722 0.3 | 73.3 0.3 72.0 0.5 69.3 0.9
5 721 14 | 73.0 15| 722 15 73.1 1.3 5 70.3 0.3 | 715 0.4| 70.6 0.2 71.1 0.2
6 725 14 [ 735 14| 726 1.4 733 14 6 72.0 0.3 | 73.3 03| 722 04 723 04
1 410 0.3 | 419 22| 410 05 43.1 0.6 1 51.2 0.4 | 44.0 6.4| 519 0.6 52.5 0.3
2 428 0.6 | 444 13| 412 0.6 43.7 0.6 2 54.0 04 | 46.3 6.5| 539 05 54.4 0.5
3 3 52.7 1.6 | 46,5 15549 1.7 51.7 1.4 3 3 50.5 0.5 | 45.1 57| 519 0.6 50.2 0.7
4 547 1.4 | 525 14564 15 534 14 4 53.1 0.4 | 50.3 4.0| 53.8 05 52.4 0.7
5 546 1.6 | 46.7 1.8|55.0 1.7 56.4 1.2 5 51.7 0.4 | 452 55|52.0 05 53.4 0.5
6 56.5 1.6 | 53.2 1.2|56.3 1.6 572 1.3 6 542 0.5 | 481 55| 54.2 0.6 55.3 0.6
1 25.0 04 | 135 1.2|26.0 0.5 279 0.5 1 32.0 0.3 | 31.7 3.2 | 34.2 0.5 355 0.3
2 279 0.7 | 258 22| 264 05| 288 0.5 2 345 0.4 | 332 41| 36.2 0.4 36.9 0.4
5 3 338 1.3 | 335 16| 36.9 1.5 345 1.0 5 3 30.0 0.4 | 31.1 43| 343 0.6 33.4 0.6
4 358 14 [ 347 15(382 1.1 36.4 0.9 4 32.7 05 | 32.2 43| 36.4 0.6 35.5 0.6
5 351 09 | 324 20| 36.1 1.3 37.8 0.9 5 32.0 0.2 | 319 34| 343 0.6 35.7 04
6 375 09 |[33519(378 09 38.7 0.9 6 346 0.3 | 334 3.6|36.4 0.4 37.7 04

Table 14. RCH Predictions Mean protein-wise accuracies (%) for Q2, Q3

Table 12. RD Predicti M tein-wi i %) f 2, Q3 -
avle redictions Mean protein-wise accuracies (%) for Q2, Q and Q5 predictions on datasets RCH-1 through RCH-6.

and Q5 predictions on datasets RD-1 through RD-6.

. Algorithm
Algorithm S D C4.5 BioHEL GAssi Naive B
States | Dataset C45 | BioHEL | GAssist | Naive Bayes tates | Dataset - | Bio | ssist_| Naive Bayes
1 740 03 | 741 051 738 04 743 03 1 66.5 0.4 | 704 1.0| 67.4 0.6 67.9 0.7
> ZE1 02 758 041 751 03 =45 03 2 69.1 0.6 | 715 0.8 | 69.3 0.7 69.3 0.7
3 74'0 0'4 74'7 0'4 74'2 0'3 73.6 0'7 5 3 73.2 1.2 | 755 11| 740 1.2 70.7 1.3
2 2 75'2 0'5 76.0 0'5 75£3 0'2 74'2 0.6 4 756 1.3 | 773 1.1|758 1.1 72.0 1.2
E 74'0 0'3 74.6 0'3 74'1 0'4 74'5 0'5 5 734 11 | 75.0 1.2| 740 1.2 748 1.1
5 ZE5 03 760 041 752 03 ZET1T 04 6 75.7 1.1 | 77.0 1.1 | 759 1.2 76.1 1.1
1 708 05 1 708 051 709 06 710 05 1 51.6 0.5 | 551 15| 53.3 0.4 53.6 0.4
5 17 05 1721 051713 0.7 709 05 2 53.4 0.5 | 56.5 0.9 | 54.7 0.6 54.4 0.5
: - : : : - - - 3 56.2 1.1 | 56.7 1.3 | 58.8 0.9 54.7 0.9
3 70.1 0.5 | 71.3 0.6 | 70.9 0.6 70.6 0.6 3
3 a =11 05 753 051713 06 209 06 4 59.1 1.1 | 60.6 1.1 | 60.0 0.9 56.7 1.0
- - : : : - : - 5 57.6 1.1 | 58.1 1.2| 585 0.9 59.6 1.0
5 70.8 0.5 | 71.0 0.6 | 71.0 0.6 71.3 0.6 5 505 10 1603 L1 599 10 ST 11
6 71.7 05 | 72.3 05| 71.6 0.6 71.4 0.6 . . . . . . . .
1 701 06 1 700 061 703 06 703 06 1 315 0.6 | 31.2 0.7 | 33.6 0.5 334 04
2 32.8 0.5 | 33.0 0.5| 35.7 0.6 34.7 0.5
2 70.3 0.6 | 70.4 0.6 70.5 0.7 69.7 0.6
3 698 06 1702 061 703 07 200 06 5 3 329 0.8 | 36.3 0.7| 35.7 05 35.2 0.5
5 4 36.5 0.7 | 39.0 0.9 | 38.9 0.8 36.7 0.6
4 69.5 0.7 | 70.5 0.7| 70.5 0.6 69.5 0.7
£ 200 06 1701 051 704 06 204 06 5 35.8 0.7 | 36.0 0.8 | 36.4 0.5 39.0 0.8
5 203 06 | 705 061 705 06 =00 0.6 6 379 0.9 | 379 0.7 | 38.8 0.8 40.6 1.0

. . _ 4.2.6 Non-parametric TestsTable 16 shows the results of the
Q2, 16-21% in Q3 and 12-19% in Q5). For Q2 and Q3 using actuahost hoc, non-parametric Holm tests for signi cant perfarroe dif-
global protein information is more bene cial than using ¢ided  ferences between classi ers for each feature studied. Sihisvs

global information. For Q5, the in uence of predicted sedary  BioHEL to be the best performing algorithm for these protsein
structure information increases with the number of clas3@$6 in  particular for prediction of RCH and RCHIr.
Q2, 2-3% in Q3, 1-3% in Q5.
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Table 15. RCHr Predictions. Mean protein-wise accuracies (%) for Q2,Q3 3. if predSS 2 f Cg and PredAveAtt > 4:8 and Res 4, 2
and Q5 predictions on datasets RCHr-1 through RCHr-6. fE;RgandRes 3 2 fD;E gandRes ; 2 f P;W g andRes 2
fA;D;E;K;N;P;Q; R gandRes.; 2f W;xgandRess; 2f V;Wg
andRes.3 2f K;R gandRes.s 2f K;x g! classis1

___Algorithm _ 4. IfPredSS 2f EgandPredAveAtt > 4:5andRes 4 2f C;K;x gand
States | Dataset C45 | BioHEL | GAssist | Naive Bayes Res 3 2f RgandRes » 2f K;R gandRes 1 2f D;Q;S:x g and
1 551 1.4 516 311560 15 56.1 1.6 Res 2f E;F;K;M;R; T gandRes+1' 2f F; I.';X gandRes,; 2f Kg
5 574 16 | 558 19 577 16 585 1.4 andRes 3 2f CgandRes.s 2f xg! classis1
3 772 16 | 790 15| 778 1.6 723 1.7 5. If PredSS 2 f Cg andPredAveAtt > 8:1andRes 4 2f C;H;x g
2 Z 784 15 | 798 15| 785 1.6 734 1.6 andRes 3 2f E;-xgandRes 1 2f E;lMlg.andRes 2fE5KR;S ¢
5 769 1.8 | 77.8 18| 770 1.9 | 771 1.9 2:3;::1 fffEE.’Hx.E.ngF.{is*z BTN Yx gandRes.s 2TKg
3 780 1.8 | 78.7 1.7| 77.0 1.8 | 780 1.7 " RO
6. If PredSS 2 f Cg andPredAveAtt > 6:6 andRes 4 2f A;G;K;x ¢
1 458 1.2 | 446 18| 472 1.7 46.8 1.4 andRes , 2 fK;xgandRes 2 f D;E;K;N;Q g andRes,; 2
2 48.3 1.1 | 46.9 1.9| 496 1.7 476 1.1 fW;xgandRess; 2 fV;WgandRes.s 2 f K;R gandRes,; 2
3 3 63.1 1.6 | 66.3 1.5| 63.8 1.7 57.1 1.4 fK;x g! classis1
4 658 1.3 | 681 14652 1.6 | 588 1.4 7.01f PredSS 2 fEg and PredAveAtt >  4:5 and Res 4 2
5 633 1.7 [ 645 16| 63.1 1.8 62.8 1.4 fE;I;Q;R;V;x gandRes 3 2 fC;D;E gandRes » 2 fWg
6 65.8 1.5 | 66.6 1.5| 65.0 1.6 643 1.4 andRes 1 2 fI;M;P gandRes 2 f D;E;G;K;N;P;Q;R g and
1 [ 294 05 [375 1.2]33.7 0.7 | 335 05 pesa 2 f ';?nt;?R'\g?sN;xzfgxa”? Res.2 = f1iQx g andRes.s 2
2 | 306 05 |370 12| 331 13 | 332 06 g e Ehxo
5 3 459 15 | 464 1.7| 452 0.7 214 1.1 8. (I)fgre(:jSRS 2 szfgCandPre(:jSRSConf ;f H6:12 jgdPredAév?Aét > .
:6 andRes 4 ;x g andRes 3 g andRes 1 g an
g 232 1421 332 i; 4;56.69 01'88 i3547 11'21 Res 2 f D;E;K;N;Q;T gandRes:; 2f xgandRes:, 2f K gand
. . . . . . - . Res.s 2f xg! classis1
6 495 1.3 | 49.7 1.3 | 483 16 | 475 1.2

9. If PredSS 2 f Cg andPredAveAtt > 8:64 andRes 4 2f C;K;x ¢
andRes 3 2f D;E gandRes , 2f LgandRes ;1 2f PgandRes 2
fD;E;K;Q;W gandRes:; 2f D;W;x gandRes:, 2f C;P g and
Res. 2f E;K;x g! classis1

10. If PredSS 2 f Cg andPredSSConf > 8:55 and PredAveAtt >

ost hoc, non-parametric Holm test for signi cant performe 54 andRes 4 % fE/HgandRes 3 Z fDEFGPx gand
P ’ P 9 P Res , 2 fM;P;Y gandRes 2 f D;E;K;N;P;Q;R;S g and

differences bgtween clr_:135| ers. |‘nd|cates where the Control Res.i 2 fD:F:T:x gandRes., 2 fTgandResss 2 f xg and
(best performing) algorithm signi cantly outperformed aiher Ress 2f N:P:Q;W:x g! classis1
algorithm. NB indicates Naive Bayes.

Table 16. Holm Tests Summary of results, for each feature, of

11. If PredSSConf < 6:75 and PredAveAtt > 6:75 andRes 4 2
fC;K;R;Y;x gandRes 3 2 f E;R;x gandRes 1 2 f R;x g and
Res 2 f E;K;S;T gandRes:1 2f D;G;x gandRes., 2f F;N;x g

Feature Exp SA .RCHr _ RCH andRes+z 2f K;N gandRes:+s 2f H;Q;x g! classis1
Control NB NB BioHEL BioHEL
Algonih Cond 12. If PredSS 2 f Cg andPredSSConf > 8:55 and PredAveAtt >
gorithm on dence 0:9 and Res 4 2 fHg and Res 3 2 f D;E;F;P;Y;x g and
c4.5 0.95 Res ; 2fVgandRes 2 f D;E;K;N;P;Q;R;S gandRes;; 2
0.99 fD;H;N gandRess, 2fHgandRes;3 2fE;K gandRes.; 2
. 0.95 fD;E;K; Q; R; x I classis1
GAssist Q g
0.99 13. If PredSS 2 f Cg and PredAveAtt > 6:6 and Res , 2
NB 0.95 fE;N;Q gandRes 3 2f V;xgandRes , 2f C;N;x g andRes 2
0.99 fD;E;K;Q;S gandRes,; 2f xgandRes., 2f K gandRes.,; 2
fxg! classis1
BioHEL 0.95
0.99 14. If PredSSConf < 6:75 and PredAveAtt > 6:75 andRes 4 2

fC;H;K;R;x gandRes 3 2 f D;E;S gandRes , 2 f Sg and
Res 2 f D;E;K;Q;W g andRess; 2 f xgandRess,; 2 f Dg and
Res.z 2f H;K;P gandRes.s 2f xg! classis1

Default class is 0

4.3 Rule Sets

An example rule set evolved by GAssist that produced 71.2% Q?REFERENCES
predictive accuracy on the RCH-6 dataset. The decisiorctist-
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’ University, Barcelona, Catalonia, Spain.
Bacardit, J. (2005). Analysis of the initialization stadapittsburgh approach learning
classi er system. IGECCO 2005: Proceedings of the 2005 conference on Genetic
and evolutionary computatiorolume 2, pages 1843-1850, Washington DC, USA.

1. If PredSSConf <  7:5andPredAveAtt > 8:64andRes 4 2f K;x g
andRes , 2f xgandRes 2 f D;E;K;N;Q gandRes;; 2f xgand
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