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Optimized deep forest algorithm based on Lightgbm and XGBoost
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Abstract: The continuous expansion of education scale and the continuous increase in the number of students in universities
lead to uneven abilities of students. To improve education level, during their school years, teachers need to grasp the learning
status of students, one of the important ways for which is to predicting students’ final grades. Current researches mainly use
traditional machine learning algorithms to predict results, such as Random forest, Bayesian, deep forest, etc., but the accuracy
is not high. Deep learning algorithms are also used for prediction, but the model lacks interpretability. In terms of model
comprehensive performance, Lightgbm (Light Gradient Boosting Machine) algorithm has low memory consumption and time
complexity, while XGBoost (eXtreme Gradient Boosting) algorithm has high precision. Therefore, to improve accuracy and
reduce model memory consumption, we replace the Random Forest module and the Extreme Random Forest module in Deep
Forest with Lightgbm and XGBoost algorithms, and propose an optimized Deep Forest algorithm LIGHT -XDF based on
Lightgbm and XGBoost algorithms. Compared with other models on eight datasets, experimental results show that our
LIGHT-XDF algorithm proves the best comprehensive performance.
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HET A S A BOR L A A B ) A B R AR
SRR M LS (A 2 2R S R A 0 2L
SOKOF B EE AR S . Al BRAR ) B HOm
A3 2o 2 A B RSN AT SR BT SR AT e A
B R AS [ 1 0 0 2 2 HEAT A 6] A 2050 T 1, RIE
A By 2% ) B, A] DL o 42 4 A AR AR G B AR R
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HEAT FA . H T O JC 2 A 2 0 1) e AR A A
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BiE g7 I AR RE L, HE &) 2
18 T #0E B0 45 48 4. p 2 45T Light-
gbm'* | % #¥ [l & HL (Support Vector Machine,
SVM) "' kit ML 7 #k (Random Forest, RF)™  XG-
Boost " & HL# 2% 2 ik B 91z i T S
M . GPA (Grade Point Average) i il % 2 Ff 2L &
BARIZIE . BATOT 90 AF7E DL TR 2 1 5, K
g3 TAERH SVM Fil e SR S5 4% G pL s 27 > Bk
HEAT EREAL B RN BE A A 48 T A5 (] HR A T
VE 2R HIUR B 2 2] Ty 10 g 4 0000 A5 A | e O 5 ) 45
T B AR /D A i R M R 255 PR e
If , Lightgbm 5 1% N 47 15 #EAIX , B 18] &2 2% B AIG,
XGBoost 55K B & . £F X Lk (a) @, gt T4
K B 55 e TS TR0 PN £ T 6 1Y) SR, A SCORE TR BE AR
VA £ i AL AR bR 5 0 R e BT AR AR B 43 1) 3 4y
Lightgbm #l XGBoost 5. i , £ i1} — Fl 5 T Light-
gbm il XGBoost 4 I 1k T B £ AR5 1% LIGHT -
XDF, DL 2z 25 () 4k 2 5080 A AT 0y Bl 48 Sy i A )
TN AR Y I X AR AR () 45 SR AT A0 T PR A

1 RS HU R A 38 B AR

Xof S A St TN B4 BIF 5 AT LGB # 2) 2000 4
Harackiewicz et al e B2z AT TR b B4 T
ARy R HAR ISR H AR, 285 = A4 0 0
00 B ARAS B9 B Ik FE 4R H bR a8 FUI S By
NSLE SV N NE R TTE e @ E R s D SRR
)24 2 1.4 . 2007 4F Nghe et al ™ 78 #i il 9 44 K 24
Az 2 3 S T P AR T R SRR R DL BT kL 8K
ok P N FEE AR A R B 4
B 20% Wy J7 2, IF H Ok 0 fe A F bl
# . Zimmermann et al*' 3% F HI AR} 1 45 70 0 F 52

Az B Be BT B A S80PE A3 A, B SR U A AR a2k
1Y 2R BUFD A 2= B8, B 00 2 3R B R e il R AR TR
55 AR 2 ) SRy W AR £ . Romero et al |
FHA A2 09 R 38 3 3% 2 ok T 2 A 1 4, A
B % A g = DN 71 N R 01 /o (AT ]
RN SR ML B A B 1) TN RS B2 . 2014 4F Mar-
bouti et al "4 75 it g XA 8 E A R A 5E o 2
Ll RF  JE SR B . KNN (K Nearest Neighbor)
FSVM FF & 1A [] () i 0 A5 784, {H 52 56 25 SR 5%
WY A — A B — B R AR BT A 7 AR HUAS A A
T R A 25 5, DRI AU AT 3 — 28 1) FH 4R 2 > R T
& RIS | I 38 2o R AE 5 P Y 0 I 2k 4R B R
B LAY | fe 28 HLAE I A AR b R I fe 4f

2017 4 Asif et al " JiI R —F R = (9 % 1 i 5%
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2 EmiFniR

R 7% M (Deep Forest, DF) /& 2017 4F Zhou
and Feng "4 1 i) — R IR B 2% >0 O i . R 3 i 22
W 2% (Deep Neural Networks, DNN) A Fb , 3 & 7%
YR ey e A VAN S Y G W B
AV 2, BE A I A& Tl ORI 1 BHE 4R 12 A B
HHi, DF #) iz iz F TV 2 98, uE 8 T HAE 57
J5 RN 7 v A S s PR DF 32 2 R R A
L, 5 9t 22 kL B 43 4 (Multi- Grained Scan-
ning) FZHK TR (Cascade Forest).
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ZJ5 KRR B S i A RE R CRTF (Com-
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TP | B A U 40 R AT 1] i, A R O AR AR Y
TN
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1710 971 58 LB, BL i), 4 4> Lightgbm il XG-
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4.1 LIEEME T UCI A I Bds £ k17 5¢
%, ¥ Dataset for Empirical Evaluation of Entry
Requirements 4 & A9 Chemical Engineering, Elec-
trical and Electronics Engineering(EEE) , Mechan-
ical Engineering UL &% Adult, Dry_Bean, Bank Mar-
keting, Winequality-red 1 Winequality-white 3t i}
NS 4, Ho | Chemical Engineering, Electri-
cal and Electronics Engineering, Mechanical Engi-
neering A 7 A= WG RUHE 4R L A O 3 1 o 2 K dis
B, R 1R . AT XU 4R b & 7 SO St Bt
1T one-hot % fith b Bt .

4.2 FMIEREIEER T RIESER A
RO 8 5 10 47 38 I EHEAT S8, I R RS B
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PEXT LR, 5 & B DF AR 2017 4R 42 Hh
B A DF B4 A A5 Y ada-mdf ™ 5 1gh-df™*, 7F
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Table 1 Datasets used in experiments
SRS HEARGRE RS el
Adult 48842 14 2
Dry Bean 13611 17 7
Bank Marketing 45211 17 2
Winequality-red 1599 12 6
Winequality-white 4898 12 7
Chemical Engineering 188 8 4
EEE 348 8 4
Mechanical Engineering 161 8 4

RF, NB (Naive Bayes) , KNN, SVM, Lightghm,
XGBoost, ASTGNN, DF, ada-mdf il Igh-df ##% %4
PEAT X LS5

4.3 TWHERESH H T WU LIGHT-XDF
Bk AT R, B LIGHT - XDF 5 RF, NB,
KNN, SVM, Gcforest, ada-mdf Fl Igb-df 7£ /\ A4~ %
P £ 1 SO EL S SRR 45 Rk 2~6 TR, B
e N S ) NN TS PN )

BN B LIGHT-XDF 1E = 4l 4 1 3%
AR, 7 IR — B s 45 B R RBLAE B L,
BRI 1V E AR R R B S
R BT 2210 1. 5%

A 1R LIGHT-XDF 78 WA cdl 45 R B
S, A R — B A AR B AE R SRVA A T R
FAETHO 01 fE B A B RINSE =, 5
R — BT Y AH 22420, 05.

F1,LIGHT-XDF 78 = 4 50 4 | % 9 &%

Bk ERMRIRIE o) Rl SO AT ek 4 2R i

2 o] 5 ASTGNN S HE 47 %) 1L

&

-

T

Do TE 7 A = A HUR AR BRI = SR
— WA 2E7E 0. 01N

%2 LIGHT-XDF -+t EEE/\AMHIEE LNEEBELRER
Table 2 Classification accuracy of LIGHT -XDF and other ten algorithms on eight datasets

B gk RF NB KNN SVM Lightgbm XGBoost ASTGNN  ada-mdf Igbh-df Geforest  LIGHT-XDF
Chemical Engineering ~ 98.25%  92.98% 50.88% 54.39%  95.74%  98.25%  97.92%  95.75% 98.25% 96.49% 98.25%
EEE 95.24% 92.38% 56.19% 53.33% 94.29%  97.14%  96.25%  96.55% 94.29%  98.10% 99.05%
Mechanical Engineering  93.88%  87.76% 44.90% 42.86%  91.84%  95.92%  91.07%  87.81% 96.42% 93.88% 95.92%
Adult 84.33% 81.10% 84.33% 79.36% 86.94%  87.14%  94.25%  85.40% 86.91%  86.29% 86.95%
Dry_Bean 92.63% 76.35% 71.79% 63.37% 92.87%  92.61%  91.75%  90.74% 93.05% 91.31% 93.05%
Bank Marketing 90.68% 84.70% 88.37% 88.56%  91.04%  90.71% = 92.61%  90.59% 91.07% 90.75% 90.87%
Winequality-red 66.46% 55.21% 51.25% 51.67% 65.21%  66.25%  72.36%  64.00% 67.71% 63.33% 68.54%
Winequality-white 66.12% 45.58% 46.94% 43.27% 67.01%  66.05%  63.74%  58.94%  65.03% 57.21% 66.40%
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AUC,LIGHT-XDF 7¢ /U~ % 48 5 T R B i i b TERE R A M F1LAUC WA 48 b5
e, e Al — B dE 45 BRI R B B R M L i H1, LIGHT-XDF BB AE — 2 DL F A 8088 45 b 3R
PETHO0. 011 TEM AR 4R ORI A =, 58 IR A U, 6 TR A 1 KR 4 R AR i R A R AR
A — MR P A 2276 0. 01 N . T4 RS — R ZEIEARN ZE0. 01 Z L IR
i 8] %%, LIGHT -XDF 5 5 At #5789 A 1 b WA SCHE A LIGH T-XDF B8 il 25 5 YERE AL T
A WA THAS E], Qg 6 s, X o s 2 et HAh AL

TR T 71 .
%3 LIGHT-XDF#+#3f b EEE/\ANHIEE ENEEBEELR
Table 3 Model recall rates of LIGHT -XDF and other ten algorithms on eight datasets

EEIE S RF NB KNN SVM  Lightgbm XGBoost ASTGNN ada-mdf  Igh-df Geforest  LIGHT-XDF
Chemical Engineering 0. 875 0. 808 0.249 0.251 0.753 0.875 0.861 0. 991 0.875 0. 866 0. 881
EEE 0.75 0.783 0.353 0.253 0.721 0.901 0.9 0.911 0.729 0.833 0.922
Mechanical Engineering 0.75 0.714 0.327 0.25 0.66 0.833 0.796 0.75 0. 842 0.75 0.833
Adult 0.769 0.798 0.777 0.62 0.793 0.798 0. 884 0.775 0.792 0.783 0.798
Dry_Bean 0.936 0.762 0.716 0.624 0.934 0.936 0.91 0.913 0.939 0.92 0.94
Bank Marketing 0.683 0.715 0.621 0.73 0.732 0.73 0.697 0. 685 0.725 0.695 0.714
Winequality-red 0. 367 0.371 0.254 0. 205 0.36 0. 36 0.343 0.284 0.379 0.285 0.373
Winequality-white 0.363 0.312 0.223 0. 145 0.378 0.393 0.413 0. 309 0.362 0.254 0. 354

%4 LIGHT-XDF#+#xf b EiEE N\ HIEE EMEEN FIEELER
Table 4 F1 of LIGHT-XDF and other ten algorithms on eight datasets

Bl 4E RF NB KNN SVM Lightgbm  XGBoost ASTGNN  ada-mdf lgb-df Geforest LIGHT-XDF
Chemical Engineering 0. 980 0.927 0.432 0. 383 0.937 0.979 0.963 0.938 0. 980 0.963 0. 980
EEE 0.938 0.920 0.531 0.371 0.942 0.973 0.988 0.959 0.939 0.976 0. 990
Mechanical Engineering 0. 910 0.851 0.442 0.257 0. 899 0. 949 0.934 0.825 0.958 0.910 0.950
Adult 0.839 0.819 0.841 0.756 0. 865 0. 866 0.924 0.848 0. 864 0. 857 0. 864
Dry_Bean 0.926 0.761 0.716 0. 600 0.928 0.926 0. 942 0.908 0.931 0.913 0.931
Bank Marketing 0.897 0. 858 0. 870 0.834 0. 905 0. 900 0.887 0.894 0. 905 0. 899 0.901
Winequality-red 0. 646 0.539 0.490 0.471 0.638 0.647 0.625 0.616 0.663 0. 606 0. 668
Winequality-white 0. 647 0.446 0.455 0.309 0. 661 0.652 0.612 0. 567 0.641 0.547 0.651

%5 LIGHT-XDF#+#stb BN\ HIBE FMEZAUCEE
Table 5 AUC of LIGHT-XDF and other ten algorithms on eight datasets

e RF NB KNN SVM Lightgbm  XGBoost ASTGNN ada-mdf  Igb-df Geforest  LIGHT-XDF
Chemical Engineering 0.988 0.953 0.673 0.696 0.971 0.988 0. 946 0.972 0.988 0.977 0. 988
EEE 0.968 0.949 0.708 0. 689 0.961 0. 980 0.975 0.977 0.962 0.987 0. 994
Mechanical Engineering 0.959 0.918 0.633 0.619 0.945 0.972 0.982 0.919 0.972 0. 959 0.973
Adult 0.766 0. 809 0.777 0.620 0.797 0.798 0.742 0.769 0.793 0.784 0.790
Dry_Bean 0.957 0.862 0.835 0. 786 0.958 0.956 0.892 0.946 0. 959 0.949 0.959
Bank Marketing 0.684 0.716 0.622 0. 505 0.734 0.730 0.674 0.672 0.726 0.695 0.708
Winequality-red 0.799 0.731 0.707 0.710 0.791 0.797 0.751 0.784 0. 806 0.780 0. 811

Winequality-white 0.802 0.683 0.690 0. 669 0. 807 0.801 0.751 0. 760 0.796 0.750 0.804
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%6 LIGHT-XDF 1+ F 3t bt & ik 7\ AN 3R & F I E E TR E 8 EL 3R (s)

Table 6 Execution time (s) of LIGHT-XDF and other ten algorithms on eight datasets

Bt RF NB KNN SVM Lightgbm  XGBoost ASTGNN  ada-mdf Igb-df Geforest LIGHT-XDF
Chemical Engineering 0.604 0.063 0.443 0.072 0.484 0.531 13.250 3.083 1.450 3.060 1.785
EEE 0.545 0.074 0.538 0.080 0.547 0.566 15.274 3.262 1. 860 3.186 1.944
Mechanical Engineering 0. 509 0. 059 0.471 0.068 0.568 0.595 14.723 3.046 1.615 3.077 1.783
Adult 13.557  12.636 14.910  26.48 13.963 13.104 308. 820 71.795 16.002 89.210 39.752
Dry_Bean 3.848 4.074 2.615 4.262 2.544 4.106 254.230 28.299 19. 409 61.214 60.437
Bank Marketing 15.775 12.358 17.868  12.32 12. 280 15.303 325.780  115.705  15.180 70.722 36.411
Winequalityred 0.719 0. 147 0.567 0.215 0.872 0.974 43.152 5.672 5.539 5.475 8.712
Winequality-white 1.212 0.374 0.839 0.887 1.111 1. 205 68. 345 16. 897 8.460 15.932 24.595

5 #ig

e 4 W) o 2 AR S AT 0N LA R
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A SR — A HE T Lightgbm 1 XGBoost B 1 1k
WM LIGHT-XDF, 75 R B R Ak th 5] A
Lightgbm il XGBoost, ] i XGBoost #£ &= ¥ & ,
F F Lightgbm P& fI% #5550 &2 2% . ffi i LIGHT -
XDF 53k, DL A (AT O B0 Fnat 25 8096 o0
AT IR R S S, SR R R L S
HoA RS AU AR H, LIGHT-XDF 7 48 38 43 %5 4 48
2R R AR T
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