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Abstract : Tunnel boring machines (TBMs) often encounter diverse geological conditions and complex
rock-machine interactions in the long-distance excavation. Adverse geological conditions can lead to reduced
excavation efficiency and even engineering risks, such as machine jams. Therefore, the perception of geological
conditions, and the optimization of operational parameters under geological variations are of vital significance for
TBM excavation safety and efficiency. To address the above two issues, the present study utilizes TBM big data
and machine learning algorithms to infer rock mass classes and machine mechanical responses. Firstly, for TBM
big data preprocessing, a Score-Kneedle algorithm based on knee point detection is proposed to accurately divide
TBM tunneling cycles. The effectiveness of this algorithm has been validated on the Ying Song tunnel project in
Jilin. Compared to the most commonly used duration division method, the proposed algorithm significantly
improved division accuracy from 74.5% to 91.6%. Subsequently, using this algorithm, the TBM tunneling cycles
are divided into five phases, i.e., free rotating, free advancing, increasing, stable, and decreasing phases. Features

are extracted from different stages for rock mass classification and parameter prediction. For rock mass
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classification, three input feature combinations are extracted from the increasing and stable phases and are
cross-trained with seven different models, i.e., SVM, CART, RF, GBDT, MLP, CNN, and GANDALF. The
training results indicate that, regardless of the feature combination used, the SVM model consistently ensures high
and stable classification performance with an F; score of 0.88 for the four-class classification and 0.90 for the
binary classification, making SVM the benchmark model for rock mass classification. For parameter prediction,
GANDALF-based models for single-cutter torque and single-cutter thrust prediction are proposed. These models
efficiently predict TBM parameters using a minimal set of inputs (cutterhead rotation speed, advance speed, total
thrust force/cutterhead torque). In comparison to the reference prediction accuracy provided by the proposition
group, the GANDALF-based models improve the average goodness of fit (R?) for single-cutter torque from
0.7171 to 0.7615 and for single-cutter thrust from 0.5895 to 0.6691. This level of accuracy fulfills the
requirements for intelligent prediction of TBM excavation parameters.

Key words: TBM tunnelling cycle division; Rock mass classification; Parameter prediction; Model comparison;
SVM; GANDALF
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Fig.1 Data features within tunneling cycles
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HEB1




32 S5 EIFAM (Classification and regression
tree, CART)

CART J&— P DA = U A 12 5B 451 i e SRR A
B, SRR e RER/IMEE B TRIE SR,
PR BB R RS B S R AR A TR Y 43
#, HRIAERIRE B A AT R A —E
BB,

3.3 BEHLFHREM (Random forest, RF)

RF & — 7Pl 22 1 e SR A e [) Ay 8 7y 4 ki )
YR, R BRI R A B RS, 1
B deny s Bds B 5 IR BRI . R T B4
B AZEBENLARAR, AR BB ER D SRR B AL e B
—EFHEHATIHATING, RAATRERIAIE T
W B 21 oy R G50 RE 38 T 228504 28 in) i, 2.
N5y 1 Wt 133,

34 BHERAREW (Gradient boosting decision
tree, GBDT)

GBDT 5 RF ¥ £ t Sy 44 22 i) 2 5%
{H GBDT BAZ Lo @ SR SR B I R G5 SR A T 1R A
>, AT — AR B SR 22 RN R Y AT . TR IR
ER, SRR N BRAL S BN S AR A S = 1Y
SR, ERIAON HARR R ZE/ N TR —IREAR,
HABAU R TR R 4 R IRZE AR iR 2= E
F. GBDT LA T X i (HA SRR, H
BHAN AT HEATAC TR T T RERCR, Bz B IE
T e AR B AR (34350,

3.5 ZERHAHL (Multilayer perceptron, MLP)

MLP &Ml s, wEmA)Z. i
oz L2, ESEZ R, G IR
B AR ET AL 3G DA SR ZE R R L4, AT B3
WA ESE. MLP & fVEE) iz, WTHT2.
[ 9 55 22 F A 5506371,

3.6 EFRMHMEZMLE (Convolution neural network,
CNN)

CNN & —Fh B A Rl 5 | AUE =i fiRe
AR ARBL LA RAESE ST RE ), BES LY 2
S G B TR A 2R, KBS RN
LK SR N2 )T 32 0 M B 1 (o R AR/ )
GORA RN O RS 11 NG ) A3 5l e = 5 5/
H SRE 75 AL PR AT 4T 28381,

3.7 HiIEXIEZE (Gated adaptive network for deep
automated learning of features, GANDALF)

GANDALF J2—Fhft 3 R Ldadie i i e fE |

ARREPEE . TR R R B S ST HE R, i Y

BRI TERFE2~ 2] B0 (Gated feature learning
unit, GFLU), GANDALF fgfg2¢>] 524, fFA
R BERARAE, BT R P o A 4y 25k ]
F{E45 _E i bERe.

GANDALF FZAL 5 A2 B3 (& 5(a)) -
B, WAFHEZE A T4 HP R GFLU &
P, RRE B ARRAIE A2 Bk 2 2] i NRRAIE ) 5
R B, AR R R 2 M 4R
SR FAEFOR, RATAETMEER . 5
FEef S A G, GANDALF 4 X 31 K A #e R Bl AE
B N E R GFLU SRR~ > BE ). A&l 5(b)
7R, GFLU 278 145G ¥ BAJC (Gated recurrent unit,
GRU) my&at BOLe53210. 5 GRU #l, GFLU
RS zo RV ] o S5 S B A AE AL 12
XBIFET, GFLU 5| A T — 0243 BFHIEFERS M,
OB TSR A, 3450 B GFLU %
AAIE; BeAh, &R GFLU Z [ A3 S,
Mg2E S AFE P . B, GFLU 7] LGy 2 S
PAGY 3 R AFARHIER IR . KT GFLU Fl GANDALF
HI T Z 2117 1] 22 Joseph Fl Raj 1Y SCHABY,

X e R4
GFLUl Feed Forward
Block
Vo
> GFLU, X
_> y
v
Ly .
——>» GFLUy
H=Hy

(a) GANDALFI| 2k 2

(Feature |[~»&
Mask)

(b)GFLU
K5 GANDALFHEZL
Fig.5 Frame of GANDALF
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AG 1A% precision (PRC) AKX Fid8fn. ACC F/RIE
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:X—
! REC+PRC

A, TP (True Positive) ZF n#T A IE /Y 1E#E
7A%; FN (False Negative) &7~ 8 Tk 71 A0 IEFEAR;
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Fig.7 Total accuracy of four-class classification on test set
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Fig.8 Evaluation metrics of four rock mass types on test set
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Table 3  Four-class classification results by the seven ML models

i AFAE VIS il S
o o BEH Sl
Bkt REC  PRC Fi ACC REC PRC Fi ACC
il 0.39 0.72 0.51 0.86 0.75 0.80
C=0.1 I 0.90 0.75 0.82 0.74 0.84 0.79
SVM 19 gamma=0.003 v 0.51 0.64 0.57  75.86% 0.92 0.94 0.93 88%
kernel=rbf v 0.96 0.94 0.95 1 1 1
TG 0.76 0.75 0.74 0.88 0.88 0.88
i 0.35 0.98 0.51 0 0 -
max_depth=4 I 0.95 0.73 0.82 0.86 0.44 0.59
CART 17/19/21 min_samples_split=2 v 0.48 0.72 0.57  77.40% 0.68 0.94 0.79 63.5%
min_samples_leaf=7 v 0.97 0.97 0.97 1 0.93 0.96
I ESS] 0.77 0.80 0.75 0.64 0.58 0.58
i 0.37 0.99 0.54 0 0 -
n_estimators=102
g 0.96 0.73 0.83 0.92 0.44 0.59
max_depth=4
RF 17 v 0.46 0.76 0.58  78.31% 0.62 1 0.77 63.5%
min_samples_split=2
N 0.98 0.98 0.98 1 0.93 0.96
min_samples_leaf=7
IS SS] 0.78 0.81 0.76 0.64 0.59 0.58
I 0.85 0.98 0.91 0.24 0.48 0.32
n_estimators=92
ik 0.98 0.93 0.96 0.86 0.51 0.64
max_depth=4
GBDT 21 v 0.92 0.96 0.94  95.26% 0.66 0.92 0.77 69%
min_samples_split=2
N 1 1 1 1 0.93 0.96
min_samples_leaf=1
TG 0.95 0.95 0.95 0.69 0.71 0.67
il 0.63 0.78 0.70 0.38 0.68 0.49
hidden_size=20 I 0.91 0.82 0.86 0.9 0.58 0.71
MLP 17 le_mIp=0.0001 v 0.70 0.79 0.74  83.52% 0.82 0.98 0.89 77.5%
num_epochs_mlp=500 v 1 0.99 0.99 1 0.94 0.97
TG 0.84 0.83 0.83 0.78 0.80 0.76
CNN 19 I 0.51 0.86 0.64  81.12% 0.78 0.6 0.68 75%

out_channels=16
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kernel size=3 m 092 079 085 0.62 066  0.64

max_epochs=300 v 0.65 0.71 0.68 0.6 0.79 0.68
1r=0.0001 \4 0.98 0.98 0.98 1 1 1
A 0.82 0.81 0.80 0.75 0.76 0.75
ii 0.53 0.82 0.65 0.5 0.71 0.59
tree_depth=5 il 0.91 0.78 0.84 0.84 0.61 0.71
GANDALF 17 num_trees=5 v 0.54 0.70 0.61  79.50% 0.78 0.98 0.87 78%
max_epochs=20 \ 0.98 0.96 0.97 1 0.89 0.94
IS S 0.79 0.79 0.78 0.78 0.80 0.78

F4 T MR EE T REPR

Table 4 Binary classification results by the seven ML models

i AFAE Pl bl S
Hi o BEH Fepl
Kkt REC PRC F ACC REC PRC Fi ACC
C=0.005 /1 0.93 0.89 091 0.95 0.86 0.90
SVM 17/19 gamma=0.005 /v 0.69 0.80 0.74  86.56% 0.85 0.94 0.89 90%
kernel=rbf IRCEY 087 086  0.86 0.9 0.90  0.90
max_depth=3 /1 0.93 0.91 0.92 0.94 0.93 0.94
CART 17/19/21 min_samples_split=2 /v 0.76 0.81 0.79 88.53% 0.93 0.94 0.93 93.5%
min_samples_leaf=1 MECEY  0.89 0.88 0.88 0.94 0.94 0.93
n_estimators=92 /1 0.96 0.88 0.92 1 0.92 0.96
max_depth=2 /v 0.66 0.87 0.75 0.91 1 0.95
RF 19 87.87% 95.5%
min_samples_split=2
IS S 0.88 0.88 0.87 0.96 0.96 0.95
min_samples_leaf=1
n_estimators=92 /10 0.96 0.91 0.93 0.91 0.85 0.88
max_depth=1 /v 0.75 0.88 0.81 0.84 0.90 0.87
GBDT 21 90.32% 87.5%
min_samples_split=2
IS S 0.90 0.90 0.90 0.88 0.88 0.87
min_samples_leaf=1
hidden_size=20 /1 0.97 0.91 0.94 0.96 0.74 0.83
MLP 19 le_ mIp=0.0001 /v 0.75 0.90 0.82 90.72% 0.66 0.94 0.78 81%
num_epochs_mip=200  JFLF1Y 0.91 0.91 0.90 0.81 0.84 0.81
out_channels=16 /1 0.96 0.90 0.93 0.91 0.72 0.80
kernel size=3 /v 0.74 0.88 0.80 0.64 0.88 0.74
CNN 17 - 89.92% 77.5%
max_epochs=200
A3 0.90 0.90 0.90 0.78 0.80 0.77
1r=0.0001
tree_depth=5 /1 0.92 0.90 0.91 0.93 0.85 0.89
GANDALF 21 num_trees=5 /v 0.74 0.78 0.76 87.02% 0.83 0.92 0.87 88%
max_epochs=20 eS| 0.87 0.87 0.87 0.88 0.88 0.88
42 BEMNUER FITASA FEAL A 9164 ANEE sSREA I ZhdE I
N Ny o N N e v N N4
4.2.1 [l EEFEAN 5 TR NZRIE P, AR 07 3 85RY 10 S F itk

% GANDALF 7p B s AR M B )4 PR EIARERIVERE (SR TTHES MR TJHIAEAS S AN
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BUIEER) . YT I, SR )R e ARk, @S AL OB SRR, s —
AN IR A BRI RE, R BRMRHAR B ES RN S 2 e BB, FE—
MR, eIt B AL AT ERE LRI TBM it 24 R 8L,
EALTPOT RN PR RE, AR SOR AT A8 - S5 WA BINE R

Table 5 Single-cutter torque prediction results on test set

N /yl' - y:k/ © gk
o GANDALF SHKERE
MRE = —y’ ®) T s MRE R? MRE R?
No. 1 9.66% 0.8488 11.16% 0.8108
N * 2 No. 2 9.50% 0.7863 12.29% 0.6600
R2=1-— 2ie Vi~ Vi) (10) No. 3 15.30% 0.5935 15.84% 0.6387
zf\il (yi - yi—)2 No. 4 61.61% 0.7444 69.54% 0.7418
AP, MRE FRtixfiRz, REEFRPAME, v, No. 5 9.11% 0.8346 9.20% 0.7342
%ﬁ@ﬁ;l},{;ﬁ, yl_%‘zi—\‘@@[;@pﬁigﬁ, y:k%:zi—\‘ Fy 21.04% 0.7615 23.61% 0.7171
ZHITE, N FRSHEEE. MRE #U)he R? — T AN m) e B TS SBRE N )
B R R A T M R 1 ol
422 BT 45 =
GANDALF M AT HR B EALE . 2]
tree_depth =6, num_trees =50, Ir=0.001, Zif 20 % :;
WERYINGRIG, eI A T 45 SR 08 5 s, T}
AR E AT HIN5 22 MRE % 5 T M e RO
10%7 %i@?ﬂé’fjﬁg sz‘:’ 07615, *Hiﬁ??%‘%ﬂ%g 0 1 2(I)1 4[I)1 6(I)1 Sll)l 10I01 12I01 14I01 16I01
SETFT 0.0444, SR 5 B BRI HO TODRS FE e
A SCE BN A 0 5 7 (O A R No. 1 FIARRS K A (a) Cycle No. 1
i34 No. 4 ﬁ—}/{:ﬁ*ﬁ@:ﬂ}ﬁ{m“{i‘_ﬁg, HAMIEER . — T T (N m) R T S SR (KN m)
TS 5L L SR T -1, s |
WL 1@, GANDALF B e R By 21 ]
SV MRS OB (LR, X
T RIS A SR B B W T 51 e S
T, 302 ] BT T PR O A 5 e, ol MSE=61.61%, R-0.7444
ROk, BT TR S B A R RS, ;
PR SBT3 30 Pl W S o/ Lo e
SR T R P e h . R T
[y ABFAE, GANDALF A [ -4 8k (b) Cycle No.4
TROBE, ST R R R B A e i
SHF1EER No. 4 (EL11(b)) | A ABER T Fig.11 Examples of Single-cutter torque predictions
HIGHRZE MSE #k, (HEURR AR T ey ¥ PARIBIER -
R R 5, TR S B (A A AR B GANDALF HLJJJy Bl B RIS H L 5

B, WAL R2 358 0.7444. BOMhigepochrty T JIVRIUMBREAR, B2 39 JOR IS,
Bk e LoE Mo VRIS TSR 6 B, RN S
JPGE K, TBM SRR, okt L0 1 MRE Jy 28.88%, SPH) R*Jy 0.6691, Al
BEAE A P 2 th T LA B S A TBHRERERTE T 0.0796. B JIHE ) SR TIRS B
%ﬁﬁ%¢%%%ﬁ&¢%ﬁ#KﬂTfmufﬁ RLAF, (EART B TR TRIRE . A SCoR IOk X it
Witk UL, SRR %, GANDALF i % MRE BUNASHIR No. 7 I MRE BAH fiSF No.
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Table 6 Single-cutter thrust prediction results on test set
GANDALF i
TEH = MRE R? MRE R?
No. 6 27.05% 0.6008 29.30% 0.4416
No. 7 13.25% 0.7598 13.74% 0.5527
No. 8 18.42% 0.5575 10.57% 0.6690
No. 9 28.54% 0.8053 26.34% 0.6817
No. 10 57.16% 0.6222 47.36% 0.6024
Sy 28.88% 0.6691 25.46% 0.5895
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Fig.12 Examples of Single-cutter thrust predictions
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Table I -1 Four-class classification results based on 21 input features
, sk WS
il HSE 51
REC PRC Fi ACC REC PRC Fi ACC
I 0.39 0.70 0.50 0.84 0.68 0.75
C=0.1 1 0.89 0.77 0.82 0.68 0.79 0.73
SVM gamma=0.001 v 0.58 0.64 0.61 76.05% 0.88 1 0.93 85%
kernel=rbf v 0.95 0.91 0.93 1 0.98 0.99
IS SS] 0.76 0.75 0.75 0.85 0.86 0.85
i 0.35 0.98 0.51 0 0 -
max_depth=4 1 0.95 0.73 0.82 0.86 0.44 0.59
CART min_samples_split=2 v 0.48 0.72 0.57 77.40% 0.68 0.94 0.79 63.5%
min_samples leaf=7 v 0.97 0.97 0.97 1 0.93 0.96
A 0.77 0.80 0.75 0.64 0.58 0.58
i 0.38 0.99 0.54 0 0 -
n_estimators=102
Jiil 0.96 0.73 0.83 0.96 0.41 0.58
max_depth=4
RF v 0.45 0.76 0.57 78.08% 0.44 1 0.61 60%
min_samples_split=2
v 0.97 0.96 0.97 1 0.96 0.98
min_samples leaf=7
A 0.78 0.81 0.76 0.6 0.59 0.54
I 0.85 0.98 0.91 0.24 0.48 0.32
n_estimators=92
Jiil 0.98 0.93 0.96 0.86 0.51 0.64
max_depth=4
GBDT v 0.92 0.96 0.94  95.26% 0.66 0.92 0.77 69%
min_samples_split=2
Y 1 1 1 1 0.93 0.96
min_samples_leaf=1
IS SS] 0.95 0.95 0.95 0.69 0.71 0.67
I 0.61 0.77 0.68 0.5 0.40 0.44
hidden_size=20 1 0.91 0.82 0.86 0.84 0.59 0.69
MLP le_mip=0.0001 v 0.70 0.8 0.74  83.20% 0.2 0.83 0.32 63.5%
num_epochs_mip=500 v 0.99 0.99 0.99 1 0.93 0.96
IS SS] 0.83 0.83 0.83 0.64 0.69 0.61
i 0.50 0.87 0.64 0.54 0.52 0.53
out_channels=16
- 1 0.92 0.77 0.84 0.78 0.54 0.64
kernel size=3
CNN v 0.60 0.71 0.65 80.16% 0.3 0.71 0.42 65.5%
max_epochs=300
v 1 0.98 0.99 1 0.91 0.95
1r=0.0001
A 0.81 0.80 0.79 0.66 0.67 0.64
i 0.02 0.36 0.04 0.02 0.17 0.03
tree_depth=5 il 0.87 0.71 0.78 0.9 0.39 0.55
GANDALF num_trees=5 v 0.31 0.40 035  64.73% 0.52 1 0.68 61%
max_epochs=20 v 0.99 0.61 0.75 1 0.93 0.96
IS SS] 0.65 0.59 0.58 0.61 0.62 0.56
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Table I -2 Four-class classification results based on 19 input features

, sk Wi
il HSH 50
REC PRC Fi ACC REC PRC Fi ACC
i 0.39 0.72 0.51 0.86 0.75 0.80
C=0.1 1 0.90 0.75 0.82 0.74 0.84 0.79
SVM gamma=0.003 v 0.51 0.64 0.57  75.86% 0.92 0.94 0.93 88%
kernel=rbf v 0.96 0.94 0.95 1 1 1
SR 0.76 0.75 0.74 0.88 0.88 0.88
i 0.35 0.98 0.51 0 0 -
max_depth=4 1 0.95 0.73 0.82 0.86 0.44 0.59
CART min_samples_split=2 v 0.48 0.72 0.57  77.40% 0.68 0.94 0.79 63.5%
min_samples leaf=7 v 0.97 0.97 0.97 1 0.93 0.96
A 0.77 0.80 0.75 0.64 0.58 0.58
i 0.38 0.97 0.54 0 0 -
n_estimators=102
i 0.96 0.73 0.83 0.92 0.44 0.59
max_depth=4
RF v 0.44 0.76 0.56  78.12% 0.62 1 0.77 63%
min_samples_split=2
\ 0.98 0.97 0.97 1 0.93 0.96
min_samples leaf=7
A 0.78 0.81 0.76 0.64 0.59 0.58
i 0.85 0.98 0.91 0.2 0.43 0.27
n_estimators=92
i 0.99 0.93 0.96 0.84 0.44 0.58
max_depth=4
GBDT v 0.91 0.96 0.94  9523% 0.5 0.89 0.64 63.5%
min_samples_split=2
v 1.00 1 1.00 1 0.93 0.96
min_samples leaf=1
SR 0.95 0.95 0.95 0.64 0.67 0.61
i 0.59 0.84 0.69 0.4 0.41 0.40
hidden_size=20 1 0.93 0.81 0.86 0.76 0.58 0.66
MLP le_mip=0.0001 v 0.68 0.80 0.74  83.52% 0.56 0.90 0.69 68%
num_epochs_mip=500 v 1 0.99 0.99 1 0.91 0.95
SR 0.84 0.83 0.83 0.68 0.70 0.68
i 0.51 0.86 0.64 0.78 0.6 0.68
out_channels=16
- 1 0.92 0.79 0.85 0.62 0.66 0.64
kernel size=3
CNN v 0.65 0.71 0.68 81.12% 0.6 0.79 0.68 75%
max_epochs=300
v 0.98 0.98 0.98 1 1 1
1r=0.0001
A 0.82 0.81 0.80 0.75 0.76 0.75
i 0.69 0.85 0.76 0.52 0.67 0.58
tree_depth=>5 g 0.92 0.84 0.88 0.86 0.64 0.74
GANDALF num_trees=5 v 0.69 0.82 0.75 85.33% 0.7 0.90 0.79 77%
max_epochs=20 v 0.99 0.95 0.97 1 0.91 0.95
SR 0.85 0.85 0.85 0.77 0.78 0.76
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Table I -3 Four-class classification results based on 17 input features

, sk Wi
il HSH 50
REC PRC Fi ACC REC PRC Fi ACC
i 0.40 0.78 0.52 0.84 0.72 0.78
C=0.1 1 0.92 0.75 0.83 0.82 0.85 0.84
SVM gamma=0.01 v 0.51 0.70 0.59  77.19% 0.78 0.98 0.87 86%
kernel=rbf v 0.98 0.96 0.97 1 0.93 0.96
SR 0.77 0.77 0.75 0.86 0.87 0.86
i 0.35 0.98 0.51 0 0 -
max_depth=4 1 0.95 0.73 0.82 0.86 0.44 0.59
CART min_samples_split=2 v 0.48 0.72 0.57  77.40% 0.68 0.94 0.79 63.5%
min_samples leaf=7 v 0.97 0.97 0.97 1 0.93 0.96
A 0.77 0.80 0.75 0.64 0.58 0.58
i 0.37 0.99 0.54 0 0 -
n_estimators=102
i 0.96 0.73 0.83 0.92 0.44 0.59
max_depth=4
RF v 0.46 0.76 0.58  78.31% 0.62 1 0.77 63.5%
min_samples_split=2
\ 0.98 0.98 0.98 1 0.93 0.96
min_samples leaf=7
A 0.78 0.81 0.76 0.64 0.59 0.58
i 0.75 0.94 0.83 0.1 0.28 0.15
n_estimators=92
i 0.96 0.88 0.92 0.86 0.45 0.59
max_depth=3
GBDT v 0.83 0.90 0.87  90.90% 0.6 0.94 0.73 64%
min_samples_split=2
v 1 1.00 1.00 1 0.91 0.95
min_samples leaf=1
SR 0.91 0.91 0.91 0.64 0.64 0.61
i 0.63 0.78 0.70 0.38 0.68 0.49
hidden_size=20 1 0.91 0.82 0.86 0.9 0.58 0.71
MLP le_mip=0.0001 v 0.70 0.79 0.74  83.52% 0.82 0.98 0.89 77.5%
num_epochs_mip=500 v 1 0.99 0.99 1 0.94 0.97
SR 0.84 0.83 0.83 0.78 0.80 0.76
i 0.60 0.85 0.70 0.44 0.58 0.5
out_channels=16
- 1 0.94 0.81 0.87 0.94 0.52 0.67
kernel size=3
CNN v 0.67 0.84 0.75 84.16% 0.44 1 0.61 70.5%
max_epochs=300
v 0.99 0.99 0.99 1 1 1
1r=0.001
A 0.85 0.84 0.84 0.71 0.78 0.70
i 0.53 0.82 0.65 0.5 0.71 0.59
tree_depth=>5 g 0.91 0.78 0.84 0.84 0.61 0.71
GANDALF num_trees=5 v 0.54 0.70 0.61 79.50% 0.78 0.98 0.87 78%
max_epochs=20 v 0.98 0.96 0.97 1 0.89 0.94
SR 0.79 0.79 0.78 0.78 0.80 0.78
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Table I -4 Binary classification results based on 21 input features

, Vs WA
il HSH eS|
REC PRC Fi ACC REC PRC Fi ACC
C=0.005 /1 0.93 0.89 091 0.95 0.85 0.90
SVM gamma=0.005 V/V 0.71 0.80 0.75  86.85% 0.83 0.94 0.88 89%
kernel=rbf IACEY 087 087 0.87 089 090  0.89
max_depth=3 /1 0.93 091 0.92 0.94 0.93 0.94
CART min_samples_split=2 /v 0.76 0.81 0.79  88.53% 0.93 0.94 0.93 93.5%
min_samples_leaf=1 MECEY 089 0.88 0.88 094 094 093
n_estimators=92 /1 0.97 0.87 0,91 1 0.82 0.90
max_depth=2 /v 0.61 0.88 0.72 0.78 1 0.88
RF 86.97% 89%
min_samples_split=2
A 0.87 0.87 0.86 0.89 0.91 0.89
min_samples_leaf=1
n_estimators=92 /I 0.96 0.91 0.93 0.91 0.85 0.88
max_depth=1 /v 0.75 0.88 0.81 0.84 0.90 0.87
GBDT 90.32% 87.5%
min_samples_split=2
A 0.90 0.90 0.90 0.88 0.88 0.87
min_samples_leaf=1
hidden_size=20 /1 0.96 0.93 0.94 0.93 0.68 0.78
MLP le_mip=0.0001 /v 0.80 0.88 0.84  91.36% 0.56 0.89 0.69 74.5%
num_epochs _mip=200 LSS 0.91 0.91 0.91 0.75 0.78 0.74
out_channels=16 /1 0.95 0.93 0.94 0.9 0.66 0.76
kernel_size=3 /v 0.80 0.87 0.84 0.54 0.84 0.66
CNN B 91.20% 72%
max_epochs=200
A 0.91 0.91 0.91 0.72 0.75 0.71
1r=0.0001
tree_depth=>5 /1 0.92 0.90 0.91 0.93 0.85 0.89
GANDALF num_trees=5 /v 0.74 0.78 0.76  87.02% 0.83 0.92 0.87 88%
max_epochs=20 TIECE 0.87 0.87 0.87 0.88 0.88 0.88
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Table I -5 Binary classification results based on 19 input features

, s WA
il HSH eS|
REC PRC Fi ACC REC PRC Fi ACC
C=0.005 /1 0.93 0.89 091 0.95 0.86 0.90
SVM gamma=0.005 V/V 0.69 0.80 0.74  86.56% 0.85 0.94 0.89 90%
kernel=rbf IACEY 087 086 0.86 0.9 090  0.90
max_depth=3 /1 0.93 091 0.92 0.94 0.93 0.94
CART min_samples_split=2 /v 0.76 0.81 0.79  88.53% 0.93 0.94 0.93 93.5%
min_samples_leaf=1 MECEY 089 0.88 0.88 094 094 093
n_estimators=92 o/ 0.96 0.88 0.92 1 0.92 0.96
max_depth=2 /v 0.66 0.87 0.75 0.91 1 0.95
RF 87.87% 95.5%
min_samples_split=2
A 0.88 0.88 0.87 0.96 0.96 0.95
min_samples_leaf=1
n_estimators=92 /I 0.96 0.91 0.93 0.91 0.84 0.88
max_depth=1 /v 0.74 0.88 0.81 0.83 0.90 0.86
GBDT 90.06% 87%
min_samples_split=2
A 0.90 0.90 0.90 0.87 0.87 0.87
min_samples_leaf=1
hidden_size=20 /1 0.97 0.91 0.94 0.96 0.74 0.83
MLP le_mip=0.0001 /v 0.75 0.90 0.82  90.72% 0.66 0.94 0.78 81%
num_epochs _mip=200 LSS 0.91 0.91 0.90 0.81 0.84 0.81
out_channels=16 /1 0.96 0.91 0.93 0.91 0.71 0.79
kernel size=3 V/V 0.75 0.88 0.81 0.62 0.87 0.73
CNN B 90.08% 76.5%
max_epochs=200
A 0.90 0.90 0.90 0.77 0.79 0.76
1r=0.0001
tree_depth=>5 /1 0.96 0.92 0.94 0.9 0.72 0.8
GANDALF num_trees=5 /v 0.78 0.89 0.83  90.96% 0.65 0.87 0.74 77.5%
max_epochs=5 TIECE 0.91 0.91 0.91 0.78 0.79 0.77
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Table I -6 Binary classification results based on 17 input features

, s WA
il HSH eS|
REC PRC Fi ACC REC PRC Fi ACC
C=0.005 /1 0.93 0.89 091 0.95 0.86 0.90
SVM gamma=0.005 V/V 0.69 0.80 0.74  86.56% 0.85 0.94 0.89 90%
kernel=rbf IACEY 087 086 0.86 0.9 090  0.90
max_depth=3 /1 0.93 091 0.92 0.94 0.93 0.94
CART min_samples_split=2 /v 0.76 0.81 0.79  88.53% 0.93 0.94 0.93 93.5%
min_samples_leaf=1 MECEY 089 0.88 0.88 094 094 093
n_estimators=92 o/ 0.97 0.88 0.92 0.98 0.84 0.90
max_depth=2 /v 0.65 0.89 0.75 0.81 0.98 0.89
RF 87.97% 89.5%
min_samples_split=2
A 0.88 0.88 0.87 0.90 0.91 0.89
min_samples_leaf=1
n_estimators=92 /I 0.96 0.91 0.93 0.91 0.85 0.88
max_depth=1 /v 0.74 0.88 0.80 0.84 0.90 0.87
GBDT 90.00% 87.5%
min_samples_split=2
A 0.90 0.90 0.90 0.88 0.88 0.87
min_samples_leaf=1
hidden_size=20 /1 0.96 0.92 0.94 0.91 0.73 0.81
MLP le_mip=0.0001 /v 0.78 0.88 0.82  90.72% 0.67 0.88 0.76 79%
num_epochs _mip=200 LSS 0.91 0.91 0.91 0.79 0.81 0.79
out_channels=16 /1 0.96 0.90 0.93 0.91 0.72 0.80
kernel size=3 V/V 0.74 0.88 0.80 0.64 0.88 0.74
CNN B 89.92% 77.5%
max_epochs=200
A 0.90 0.90 0.90 0.78 0.80 0.77
1r=0.0001
tree_depth=>5 /1 0.94 0.92 0.93 0.9 0.77 0.83
GANDALF num_trees=5 /v 0.77 0.84 0.81 89.73% 0.73 0.88 0.80 81.5%
max_epochs=20 TIECE 0.90 0.90 0.90 0.82 0.82 0.81
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