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Random Forest for Classification of Thermophilic and Psy-
chrophilic Proteins Based on Amino Acid Composition Distri-
bution

Guangya Zhang, Baishan Fang
Key Laboratory of Industrial Biotechnology, Huagiao University, Quanzhou 362021, China

Abstract: We used amino acid composition distribution (AACD) to discriminate thermophilic and psychrophilic proteins. We used
10-fold cross-validation and independent testing with other dataset to evaluate the models. The results showed that when the segment
was 1, the overall accuracy reached 92.9% and 90.2%, respectively. The AACD method improved the prediction accuracy when
support vector machine was used as the classifier. When six new features were introduced, the overall accuracy of random forest
improved to 93.2% and 92.2%, the areas under the receiver operation characteristic curve were 0.9771 and 0.9696, which was better
than other ensemble classifiers and comparable with that of SVM.
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Tablel Sources of the dataset

Strain name Kingdom OGT G+C/% BBC ABC
Pyrococcus furiosus A 98 41.2 266 155
Aeropyrum perni A 90 57.5 235 195
Pyrococcus abyssi A 97 45.1 298 147
Thermotoga maritime B 80 46.4 367 332
Methanopyrus kandleri A 98 61.2 331 293
Pyrobaculum aerophilum A 98 51.9 201 173
Sulfolobus tokodaii A 80 33.6 233 181
P Methanococcus jannaschii A 85 31.3 354 346
i Archaeoglobus fulgidus A 82 49.4 245 243
E Sulfolobus solfataricus A 78 36.5 287 234
E Thermus thermophilus B 75 69.6 440 298
Pyrococcus horikoshii A 95 42.3 294 204
Desulfotalea psychrophila B 7 46.8 227 227
Psychrobacter cryohalolentis B -10 42.0 119 117
Psychrobacter arcticum B 0 42.0 219 198
Pseudoalteromonas haloplanktis B <10 40.1 187 182
Photobacterium profundum B 2 41.7 418 410
Psychromonas ingrahamii B -1 40.1 1328 957
Testing Aquifex aeolicus B 90 43.5 382 380
data Colwellia psychrerythraea B 8 37.9 239 232

OGT: optimal growth temperature; BBC: before Blastclust; ABC: after Blastclust; A:archaea; B: bacteria
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Fig 1 Influence of different segment on prediction accuracy
A: based on 10-fold cross-validation; B: based on independent test
F2 AESEHEINRANGREF I
Table 2 Influence of different segment on classification results
10-fold cross-validation Independent test
Segment Random forest Support vector machine Random forest Support vector machine

SE SP ACC MCC SE SP ACC MCC SE SP ACC MCC SE SP ACC MCC

96.0 88.7 929 0.85 939 903 924 0.84 942 836 902 0.79 953 86.6 920 0.83
954 826 89.9 0.80 941 903 925 085 947 79.7 89.1 0.77 963 86.6 926 0.84
956 809 893 0.78 940 90.6 925 085 905 703 828 0.63 945 828 90.0 0.79
958 80.1 89.1 0.78 945 911 93.0 086 947 79.7 89.1 0.77 958 879 928 0.85
954 79.2 885 0.77 935 911 925 085 942 728 86.1 070 963 90.1 94.0 0.87
943 752 86.1 072 943 914 931 086 947 759 87.6 073 966 875 931 0.85
953 745 864 0.73 938 909 926 085 934 694 843 066 963 89.2 93.6 0.86
945 730 853 070 932 913 924 085 945 720 859 070 958 879 928 0.85
945 705 843 068 938 91.0 926 085 921 733 850 068 961 90.1 93.8 0.87

10 949 695 84.0 0.68 938 913 927 085 921 69.8 837 065 966 905 943 0.88
26 FEA 959 89.7 932 0.86 939 90.7 925 085 953 871 922 0.83 950 86.6 91.8 0.83

© 00 N oo g b~ W N

FEA: features; SE: sensitivity; SP: specificity; ACC: accuracy; MCC: Matthew’s Correlation coefficient
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Fig2 The ROC curve of RF based on 26 features
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A: based on 10-fold cross-validation; B: based on independent test

, 3 Bagging
: 4 :
86.6%, 91.2%, 92.1% 92.5%,
6.6% 2.0%, 1.1% 0.8%;
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(0.1%) ,
, 4.8%; Logitboost
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Table 3 Comparison of RF to other classifiers
Classifiers SE SP ACC MCC
Decision stump 89.3 83.1 86.6 0.73
£ REPtree 934 882 912  0.82
§ AD tree 94.2 89.2 92.1 0.84
J4.8 94.0 90.4 925 0.85
Decision stump 89.2 87.4 885 0.76
% REP tree 92.2 91.0 916 0.83
§ AD tree 94.5 91.2 93.0 0.86
J4.8 94.4 91.7 93.3 0.86
m Decision stump 92.3 87.9 904 0.80
- REP tree 94.1 91.2 92.8 0.85
SVM (linear kernel) 93.9 90.7 925 0.85
SVM (RBF kernel) 94.9 87.2 91.6 0.83
Random forest 95.9 89.7 93.2 0.86

SE: sensitivity; SP: specificity; ACC: accuracy;

Correlation coefficient; LB: Logitboost

MCC: Matthew’s
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