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Research on classification method based on GA-DBN model
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[ Abstract] In this paper, Deep Belief Networks ( DBN) composed of Restricted Boltzmann Machine (RBM) and BP neural
network were adopted as classification model. The GA-DBN classification model is constructed by using Genetic Algorithm ( GA)
to optimize the parameters of constrained Boltzmann machine in deep confidence network layer by layer. By comparing with random
forest, artificial neural network, support vector machine and XGBoost classification model, it is found that the classification
accuracy and F', value of GA-DBN model are better. In order to verify the optimization effect of genetic algorithm on DBN model,
the DBN model optimized by Artificial Bee Colony algorithm ( ABC), namely ABC-DBN model and GA-DBN model, was
compared and tested. GA—-DBN model shows good results in accuracy, F, value and running time, which verifies that genetic
algorithm is more effective in optimizing DBN model.
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Fig. 1 The basic process of biological evolution
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Fig. 2 The basic process of genetic algorithm
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Fig. 3 Composition structure of DBN model
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Fig. 4 Training process of DBN model
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Tab. 1 Experimental data sets

ETe B4 HEA%R J P
1 Breast Cancer 286 9
2 Wholesale customers 440 8
3 Transfusion 748 4
4 Shill Bidding 6 321 13
5 Mushroom 8 124 22
6 Bank Marketing 41 188 17
7 Adult 48 842 14

32 ARSEHEHEXRERSHW

R 4.1 B EE I Xt Breast Cancer, Wholesale
customers , Transfusion , Shill Bidding , Mushroom , Bank
Marketing , Adult 45 52 #5473 73, IF- 376 BB AL 2R bR
(Random Forests, RF) | A T. ## 28 R 4% ( Artificial
Neural Network, ANN) | 3 ¢ 1] & #JL ( Support Vector
Machine, SVM ) Fll XGBoost ( eXtreme Gradient
Boosting) 73 BB X 4 > R AR AEUIZRAE b X B
BTN, JF SA SO ER Y GA-DBN 43 SR A i
T,

AL, DBN B ) RBM JZ804 8 3 %,
IRARUEICN 100 1k, Horrez 2] R0 0.10, B
2 EN 0.5, ARG F AR A 1Y) HE AL 1% 25 B W REAIR
TR E I, Zh 2 2 R0 0.9, HRAEA
) K5 42 3 43 ) DBN S5 L% 2,

£2 DBM#Z#
Tab. 2 DBM structure

Bk H )2 RBM 1] Lot 1A J2 RBM 1] Lo T2 RBM 7] iLIT DBN & 4475 s %%
1 286 150 150 286-100-50-2
2 440 200 200 440-200-200-2
3 748 370 250 748-370-250-2
4 6 321 3500 1 000 6 321-3 500-1 000-2
5 8 124 4 500 3 000 8 124—4 500-3 000-2
6 41 188 20 000 10 000 41 188-20 000-10 000-2
7 48 842 25 000 12 000 48 842-25 00012 000-2

GA-DBN R F kA 152 22 4 Rl Iy i PR A, i
it GA BEFRRNR 22 F /N X B A S50, B &l LU
1o BIAEE (127 27 SR DR AT UL 2 B2 1 I
2E SRR AR SO X AN [ B A ST T A
() DBN #270  %F DBN #5781 o 45 /2 RBM AR 0017
GA BIEM AL AT 1S 2% 2 R AR 22, Z IRk
5 52 RBM AR 2ZZH04E 0.03 Zod, dli4E 7
HI)Z RBM BRI 22 S0 25 SR A& 7 firs

0.10

008
Eg 0.06
*E 0.04

0.02

20 40
AU
7 EMRE

Fig. 7 Reconstruction errors
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AN o 24 (R SE SR 45 R WL 3R 3, 5 H A 43 2 A A
Ft,GA —-DBN H5 BUAE 73 8 850UR A A [ 72 B 1) 42
Th AR FRAR 5 AT 42 0 4% ( ANN) A5 AU A
[t,GA-DBN B EfH 42 F T 2.33% ~ 14.91%,
F, BRI 2.75% ~ 145.92% ; 5 SVM HERIA 1L
GA-DBN BiRUMER R T T 1.23% ~4.93%, F, ¥
HHETF 0.14% ~44.99% ; 5 XGBoost FEHIAH LY, GA -
DBN R ER R T T 0.14% ~4.03% , F, 4%
T+0.77% ~8.69% .

MG 3, B4 1 I, GA-DBN AYERf R u%
R TREHLAR AR, {5 GA-DBN A 75 3z 47 i ] | 57
i, BRI AR T R BEAE 2 I, GA-DBN 7 1
RHEBATIS ] A R BEHLARAR B F, 8 T REALAR
MG IEREAE 5 |, GA-DBN #iRU R 3 — i, 455 %
it £ P 1 53 A R SR BB B AT R A
AR AT X ROR B 22 s e 5l 4 7 1, GA-DBN %
) F1AEIAE T XGBoost, [HUER R 5 T XGBoost ;
TEHAYB RS |, GA-DBN R U AERAF Ace 5 F,
EX B BA ]2 284818 7 B4R 1 ROC

theean & 9 s,

(a) BdegE 1.2 3 IR I HEALL
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Fig. 8 Number of correctly classified samples
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Tab. 3 Experimental results of different classifiers

AR Ve Acc /%  Precison /%  Recall /% F, —score/ %  Time /s

1 RF 99.12 100.00 98.61 99.30 6.86
ANN 95.61 94.31 95.25 94.77 3.46

SVM 96.49 95.88 98.64 97.24 0.32

XGBoost 95.61 94.73 98.63 96.64 0.95

GA-DBN 98.24 97.32 97.45 97.38 0.18

2 RF 96.71 92.01 91.74 91.87 0.13
ANN 90.23 90.78 88.16 88.45 0.15

SVM 90.67 90.16 88.79 89.46 0.24

XGBoost 92.49 92.14 90.31 91.21 0.56

GA-DBN 94.87 93.14 92.95 94.04 0.21

3 RF 95.57 94.43 90.52 92.43 0.63
ANN 94.63 91.39 90.17 90.77 0.71

SVM 96.21 94.27 91.69 92.96 0.67

XGBoost 95.89 92.58 90.31 91.43 0.97

GA-DBN 99.75 97.36 95.93 96.63 0.59

4 RF 95.17 81.63 65.28 72.54 1.39
ANN 94.79 78.21 63.97 70.37 1.24

SVM 96.21 80.58 68.13 73.83 0.79

XGBoost 95.89 83.59 74.37 78.71 0.88

GA-DBN 97.39 89.23 82.17 85.55 0.97

5 RF 77.21 75.38 50.36 60.38 102.24
ANN 75.65 74.29 53.18 61.98 90.86

SVM 83.02 75.59 56.49 64.66 100.48

XGBoost 86.74 74.32 63.79 68.65 7.00

GA-DBN 87.11 78.90 63.96 70.65 8.49

6 RF 89.38 91.30 23.41 37.16 62.54
ANN 89.26 65.31 23.18 34.21 60.15

SVM 90.34 66.77 22.85 34.05 57.68

XGBoost 91.65 65.79 51.36 57.69 17.62

GA-DBN 91.78 66.25 58.16 61.94 30.95

7 RF 76.33 74.15 55.77 63.65 102.24
ANN 80.27 74.83 54.37 62.96 105.71

SVM 85.02 75.59 56.49 64.66 100.48

XGBoost 87.11 77.40 66.18 71.35 48.15

GA-DBN 87.71 78.90 63.96 70.65 63.55
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Fig. 9 ROC diagram
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Tab. 4 Experimental results of different optimization algorithms

HAnE IR Acc /%  F, —score/%  Time/s
1 ABC-DBN 98.07 96.51 0.23
GA-DBN 98.24 97.38 0.18

2 ABC-DBN  94.60 94.11 0.20
GA-DBN 94.87 94.04 0.21

3 ABC-DBN  97.31 95.76 0.74
GA-DBN 99.75 96.63 0.59

4 ABC-DBN  92.10 85.48 1.02
GA-DBN 97.39 85.55 0.79

5 ABC-DBN 80.59 60.13 8.10
GA-DBN 87.11 70.65 8.49

6 ABC-DBN 85.23 60.74 30.79
GA-DBN 91.78 61.94 30.95

7 ABC-DBN 82.39 59.72 60.07
GA-DBN 87.71 70.65 63.55
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B Ace F H ST BRI, T RIE
GA-DBN A5 1 (14 4f £ 85 L, o 3 N T2 6 1 330 vk
(ABC) L fb.J5 9 DBN £ #4 Bl ABC — DBN £ #1 &
GA-DBNBERIFEAT X L1 5250, 45 R 3 W 35t 4% B3 1 %
DBN # A L fb AR E
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