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Application of Boosting-based Decision Tree Ensemble
Classifiers for Discrimination of Thermophilic and
Mesophilic Proteins
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Abstract In this paper the Boosting-based decision tree ensemble classifiers were applied to discriminate thermophilic and
mesophilic proteins. Three methods namely self-consistency test 5-fold cross-validation and independent testing with other
dataset were used to evaluate the performance and robust of the models. Logithoost as a novel classifier in Boosting algorithm

performed better than Adaboost. The overall accuracy of the three methods was 100% 88.4% and 89.5% respectively. It was
demonstrated that LogitBoost performed comparably or even better than that of neural network a very powerful classifier widely
used in biological literatures. The influence of protein size on discrimination was addressed. It is anticipated that the power in
predicting many bio-macromolecular attributes will be further strengthened if the Boosting and some other existing algorithms can

be effectively complemented with each other.
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Table 1 Sources of training dataset
Adaboost
Strain names NOS
NOCI ACC %
Aeropyrum pernix 235 229 97.45
Archaeoglobus fulgidus 245 238 97.14
Methanobacterium thermoautotrophicum 46 Ra 95.65
Methanococcus jannaschit 354 345 97.46
Methanopyrus kandleri 331 322 97.28
Pyrobaculum aerophilum 201 193 96.02
- hilic Pyrococcus abyssi 298 292 97.99
er-nlol.) e Pyrococcus furiosus 266 263 98.87
PIOWINS  Sulfolobus acidocaldarius 90 82 91.11
Sulfolobus solfataricus 287 271 94.43
Sulfolobus tokodaii 233 220 94.42
Thermoplasma acidophilum 216 201 93.06
Thermoplasma volcanium 182 174 95.60
Thermotoga maritima 367 356 97.00
Thermus thermophilus 170 168 98.82
Bacillus halodurans 511 483 94.52
Chlamydia trachomatis 343 332 96.79
Deinococcus radiodurans 367 364 99.18
Mesophili Lactococcus lactis 585 564 96.41
esotp' e Mycoplasma genitalium 241 234 97.10
PIOWINS  Rickettsia prowazekii 346 327 94.51
Shigella flexnert 1157 1136 98.18
Synechocystis sp. 640 632 98.75
Yersinia pestis 705 696 98.72
Total 8416 8166 97.03

NOS number of sequences NOCI number of correctly identified ACC accuracy® BRI ZF 4 s T TITES9EEED http://journals. im. ac. cn
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15 Fp
Friedman 2000 Logitboost
1.2.2 lLogitboost Logitboost Weka
binomial log-likelihood LLOSS F Waikato environment for knowledge analysis http //
=E —log 1+e " www. cs. waikato. ac. nz/ml/weka/
JAVA &
generalization Logitboost
16 PC PentiumV 2.7GHz 512MB
1.3 RAM
: 2
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3521 4895 2.1 Adaboost
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3521 4895
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859 1
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Fig. 1  Performance of the two boosting-based ensemble classifiers
I self-consistency test Il 5-fold cross-validation Il independent testing a Adaboost b Logithoost.

2.2 Logitboost 458 397 401
372 86.7%
Logitboost 92.8% 89.5% Adaboost
1b Logithoost
Adaboost 2%
100% Adaboost Logitboost Adaboost
3% 2.3
Logithoost Boosting
3 2 Bagging
3023 4414 94.6% 87.4% 89.5%
88.4% Logitboost ~ 5.4%
Adaboost  2.4%
1683 Boosting
85.9% 85.9% Adaboost
Adaboost 1.7% Logitboost
90.2% Logitboost
90.2% Adaboost 1.9% —RBF BP
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Logitboost 2
Adaboost  14.4% 11.4% BP
11 0.3 0.2
1000 weka 13min  Boosting Smin
9.4% 6.4% Boosting
BP
Boosting
2 Boosting
Table 2 Compared with other algorithms
Methods SE Sp ACC MCC
self-consistency check
Adaboost 96.5 97.4 97.0 0.94
Logitboost 100.0 100.0 100.0 1.00
Bagging 9.3 9.7 9.5 0.89
RBF NN 84.0 86.7 85.6 0.70
BP NN 92.8 89.1 90.6 0.81
cross validation
Adaboost 84.2 88.3 86.6 0.72
Logitboost 85.9 90.2 88.4 0.76
Bagging 84.9 89.2 87.4 0.74
RBF NN 84.0 86.4 85.4 0.70
BP NN 87.0 89.4 88.4 0.76
test with other datasets
Adaboost 87.3 90.8 88.9 0.78
Logitboost 86.7 92.8 89.5 0.79
Bagging 87.6 91.8 89.5 0.79
RBF NN 88.4 92.3 90.2 0.81
BP NN 93.4 88.0 90.9 0.82

SE sensitivity SP  specificity ACC  accuracy MCC Matthew’ s Correlation coefficient NN neural network .

2.4 112
101 105 90.2%
93.8% 200 500
859
91.1% 90.9% 200
3 79.0%
=800 81.4% 9.9% 8.1%
93.1%  100% 500 800 Bagging
3
Table 3 Influence of protein size on prediction accuracy
Protein size Total Adaboost Logitboost Bagging
number NOCI ACC/ % NOCI ACC/ % NOCI ACC/ %
L=800 29 29 100.0 27 93.1 29 100.0
500< L < 800 112 101 90.2 105 93.8 105 93.8
200< L <500 551 502 91.1 501 90.9 506 91.9
L<200 167 132 79.0 136 81.4 129 77.3

NOCI number of correctly identified ACC accuracy.
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