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Abstract: Aiming at the problem of poor classification performance in traditional machine learning models caused
by shallow model structure and complex data characteristics in small medical sample data, an combine multi- grained
improved cascade forest (cgicForest) model was proposed. It enhances the representation learning ability of the model by
adding random sampling into the multi-grained scanning and optimizing the transformation features. It also enhances the
model's classification ability by updating the cascade forest’s hierarchical structure. Considering category imbalance
problems in datasets, the safe-borderline-SMOTE (SBS) algorithm was proposed to dynamic interpolate around the few
class samples belonging to the safety boundary, which can improve the quality of training data. The cgicForest was app-
lied for training and learning, thus the SBS-cgicForest classification model was obtained which can support imbalanced
medical small samples data. The model is used on three medical datasets for classification experiments. The results show

that the performance indexes of the cgicForest model in the classification of medical small sample data with complex
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characteristics have increased by 4.1~5.4 percentage points, compared with the multi-grained cascade forest (gcForest)

model. The performance indexes have increase by 6.6~ 11.2 percentage points after the combination with SBS algorithm,

the F; score was 2~2.5 percentage points higher than that obtained by traditional sampling methods. It provides a refer-

ence for solving the classification problem of small medical sample data, and includes support for internet of things ap-

plications in smart medical scenarios.
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synthetic minority over-sampling technique ) 18] 15
Tomek link!" "33 AR S6F [ 57 Bt BEAT-P- 7 b 28, 2 1 )
FRIARIREAT 7325, TR e B A 2R e 2 4 2
FEARIBURE; SCHR[20]i81T 454 Easy Ensemble
RPN 2 18 0 A R AR P I e ol 2 A
TF4, 25MEH SMOTE BT FHrkbE, ikt



<78« LY/ T I

76

IR T I 2 2 SR AT SR N 5ok AR THE AT
BT s LR . R geForest 18 L4
B 1AM, HRAE AR A, PR T
BAEEST /INFEARLE T 1) 73 3R .
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SMOTE #1 Borderline-SMOTE R F¥f J5 7% %%
G AR, IR REIR I b BER
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B, A Bl L AR AR A 2 A EA R (CART,
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for X, inD_, do
KNN, < Find Minoritys KNN(X,)
if 0.5 <=CalMajAndMinRate(KNN,) <=1 then
x< X,
Z(x) < FindNearestNeighbor(x, NV)
for x, in Z(x) do

if x, is minority then

Xpew ¢ =X+ rand(0,1) x (x, — x)

else do
xncwii =X+ rand(o, 05) X (xi — x)

end if

xncwii jOin Dncw

end for
end if
end for

return D=D, UD,, UD,,
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L /NI MR ) B, A% AT AR R
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AP SE 2 RENLARM, 55 1 R A A SE 2 e
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3 KWEERSR

3.1  SEIHEE

AL T B IO K 5 BROSC 43 RS B2 2 ) A7 A
J£ (UCI, UC Irvine Machine Learning Repository)
I F# T Diabetes. ECG. Cirrhosis 3 Ff [ 7 (4
£, Hr, Diabetes 728 IR EEHIEE. ECG
RO ERRE B FHHAREE . Cirrhosis J& LG
HPRgE, 3 FhEEST B AR R A B E A L D
& T RUEA ST I B8 . 3 Fh UCT BYT
HIREM TR E B R 1, RSO HRE AT
AT T IAL B, sk RAE IR AN . BdER AR
oo RRAEGE AR, DLBOR SO0 AR Y HS AE % 14 B i
LRI R . BT ECG M Cirrhosis 1X AN 4
TR R ERINA 2, KA XH KL ERE
R —F e 2, Ak o = 43 I8 e @07 18 J5
SRS 45 A EE A AT

=1 3MUCI BT HIREREARER

Hpmde SkPI% RME R SdEACTaELLs
Diabetes 768 8 268 1.87

ECG 452 176 207 1.18
Cirrhosis 418 17 144 1.90

3.2 XWEE

ARSI T SEIS#RHE T Python 15 5 SEHH, 1847
Wi Windows 10 #/E R4, AFEEEAS N Intel
Core i5-6300HQ CPU 2.30 GHz, W% K/NA 8 GB.
FESCE R, X TR, #OE R  A
NHFHES, Hd, 80%1E NIIIZE, 20%EN
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MEE. A, B HZHERIE (LR, logistic re-
gression). X HFHEAHL (SVM, support vector ma-
chine). gcForest. TBDForest 543 f$E cgicForest
PERIPEAS [ B PR 48 LA ST ARG/ il . Hodr, 4%
45 gcForest HRAFN cgicForest #5174 224 & 4430 7
T3 T DAL B AL AL RS R /N9 BN /3 df2
2d/3 (FEBXE 2R FEF 4 P B BE LA R N,
B FIBENLARARER B BN 30 NIRRT, ZCARPR
o3 B A I BEHLARMR AR BN 100 DM RSER . N T
NP LR, 0 AR () S B AT 1
P, AEHA RRINHE B I . AR 53 7% H IE
# (ACC, accuracy). f&#fi% (PRE, precision).
[0] % (REC, recall) Fy #¥45 BHZk T AR (AUC, area
under the curve) 1X 5 NPT FRFRATAY (1) 73 SV fE
AT VRAY o I SE 48 by #0  SL 7E VRV AR BRI SR Al
b, VREHRE LK 2.
IEffZ. M. GRZE, FiFaailh
TP+TN

EE
2xPRExREC
F=—e—— (7
PRE + REC
F+w2 IRIEREME
X 35 SEBR A IER] bR B4
TR 1 TP FP
TR 5451 FN TN

AUC K22\ FH#EFRIE (ROC, receiver
operator characteristic) 12k -5 A 45 4 F Bl (1) THI AR,
EARR, BRI 4 BRI GEE, ROC =% 7] DA FH 44
FH x i, BFEMEER y #o K EEERET
FP/(FP+TN), H[FHMEFET AR,

3.3 IRERSHN

N TR cgicForest AR F 4 BE AN 7 AR,
KA GG SBS FE AT B P b B, B
TR ZREEXT & MR AT U 25, i AR
PR FEAT VAL, S AMERE R RS B sin gl |
WA 3.

ACC = @ EIR & 3 PO LA H, A CFR
TP+ FP+IN+EN caicForest B 7E 31 i ¥4 45 o 1) 22 DL A
prE TP ) RAEEAHR LA VRS, RIS ECG K
TP+ FP WA FIRT MR A, 54 gcForest HIVAR L
cee_ TP o  EWERETY 44 VRS RIERETY
TP + FN SANESE, AREEETZ 41 NMEDA, F
*x3 EMEREHRIESE EHSCIGER
HEtE b LR SVM gcForest TBDForest cgicForest
Diabetes ACC 0.776 0 0.760 4 0.7812 0.786 5 0.802 1
PRE 0.759 9 0.729 2 0.756 9 0.756 9 0.779 7
REC 0.699 6 0.696 5 0.720 3 0.745 3 0.752 6
F, 0.7147 0.707 0 0.732 4 0.750 4 0.763 0
AUC 0.849 9 0.805 1 0.853 4 0.838 5 0.8571
ECG ACC 0.708 0 0.699 1 0.761 1 0.769 9 0.8053
PRE 0.708 5 0.698 6 0.761 8 0.771 9 0.8159
REC 0.701 1 0.6929 0.756 0 0.764 2 0.797 0
F, 0.702 0 0.693 7 0.757 3 0.765 8 0.799 6
AUC 0.767 0 0.798 2 0.810 8 0.814 6 0.8222
Cirrhosis ACC 0.781 0 0.7429 0.752 4 0.752 4 0.763 3
PRE 0.7815 0.7157 0.736 9 0.7322 0.753 9
REC 0.713 8 0.691 4 0.685 4 0.692 0 0.692 0
F, 0.7289 0.699 2 0.696 7 0.702 5 0.702 5
AUC 0.807 2 0.7552 0.759 3 0.756 8 0.788 4
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x4 EMRBLES SBS BIEARERIEE LIRS R
HEE =2 LR SVM gcForest TBDForest cgicForest
Diabetes ACC 0.804 0 0.868 0 0.868 0 0.873 6 0.884 0
PRE 0.804 1 0.869 0 0.870 7 0.8737 0.8858
REC 0.804 1 0.868 2 0.868 3 0.8703 0.884 3
F, 0.804 0 0.867 9 0.867 8 0.8729 0.8839
AUC 0.876 2 0.9270 09339 0.9342 0.938 7
ECG ACC 0.780 5 0.772 4 0.8211 0.8267 0.837 4
PRE 0.793 4 0.779 3 0.8325 0.8356 0.844 9
REC 0.791 0 0.780 2 0.8313 0.8358 0.846 0
F, 0.780 4 0.7723 0.8211 0.824 9 0.837 4
AUC 0.840 6 0.869 8 0.9029 0.904 1 0.9 080
Cirrhosis ACC 0.7153 0.766 4 0.832 1 0.8353 0.846 7
PRE 0.7129 0.7727 0.8318 0.8358 0.846 4
REC 0.718 8 0.772 0 0.8340 0.8359 0.848 7
F, 0.7153 0.766 4 0.8318 0.8339 0.846 4
AUC 0.796 2 0.834 4 09130 09147 0918 1

AP cgicForest B EZEM A ATREE MK, Hom 7ARMRHE R R A BTE, AT T
RLEEFAH S RFALOEAL DL R SO GRIRAR AR 3 BhOEE MRBNRAE 2SI 8E 7, JFit— il R b At A4
SRR X SRAETT, N T IR AN TR R R JR A L AT T, AT R IR GUBARAR T 73 1)
AICAE ECG Hffi 4 EXT cgicForest BARLEATIHALSE  WABIEIE, $2TF TR 28 ERe, Rl
K. 44 cgicForest B Al SREAHES DRI ORI Z RN T BRI gL 2
FRFAEDCAL R VR B 5 2 R REPRIE AR JF HAE SR IR A PRI B0, 32— DR T
(cgscForest, combine multi-grained selected cascade e NN E ¥ SAC R 0 SN A P
forest) #E7Y W& K& 2R LA KR & 2002 1.0

_|l cgicForest I1 cgcForest W cgscForest m chorest|

KA (cgeForest, multi-grained cascade forest) 0.9

TR DA FRifE geForest BERYEATXT L, cgicForest gj

P T iS5G 45 B 6 Fiizn. cgeForest AEAYEE @ 06l

bRt geForest A1 2 05 I Hh 65, A5 RS4RI T4 § 05f

2ANES A, HTERZREAHEZN, FiFa R 045

P21 0.5 N 4 4, cgscForest HE RS i 3k — 25 03r

BT T L6 AT, HANES PO 7

m 43,6531 NMED A, REIMASUH IR o

ML cgicForest BEAUE /3 2R Bt — D427+, FRE ' Rl‘:fcg Fi
FEURART T2 18 NE A, TR F 5 et TR
MERTFE T4 05 5 12 NES M. EREY, AL 97 BIE SBS L AL BN HicH () AR R

e cgicForest BALHIL A& HCA ZRE R A SBS BykibAT T I MliSLLe, ¥ J6 ks cgicForest
WIS FIMIHRFAE, A RRK T EEAHEA A E R iR 5 5 SBS. %4 Borderline-SMOTE CHfE T



552

XIS E % 3T SMOTE Ml geForest [T /INEE A EE 73 T 70 + 85

JE/RTERE 7 Ll BSMOTE #7x) LK SMOTE
kAEE, SBS HEIHELSIIR A WK 7 s,
cgicForest #5415 SBS Hyk4s & MRILL S5EH M)
BSMOTE & SMOTE Hik45 & MR IE I &, 76
3 AMNEHREE LW B VR H 2~2.5 AN E AR
Tto 5 53R SBS HLiE 75 8 & A FE R
P BNAS TR (VG AT DB A R, o
TREG T A RRFEA I T B, B S ™= AR e PR R, AT
HRHEE T cgicForest PR EE Lo
K. SLIGUERH, SBS-cgicForest 4S5 B &
FFBRI7 /INFEAR SR -

1.0

m SBS-cgicForest @8 BSMOTE-cgicForest M SMOTE-cgicForest

09
08}
0.7}
{R 0.6
04F
03}
02F
0.1F

0

Diabetes ECG
e
7 SBS HikTHmh LG4 R

Cirrhosis

34 BEERESH
ASCHTHE B 53 R 3 2 SBS AN
cgicForest BRI HER 73, Horh SBS SVKMI B 52 %
N O(n®), cgicForest BRI E 24 H O(n®), n %
AINGREAR RS, BRI E N o).
SBS LM cgicForest 1584 I 50dk &R AR S E B 1)
THE, (HaZ TN 7RI Z 4, X
TEVN R R FE TR 2 It a], AN AR Sc i 648
PRHE I RAAE — R E R T BRI
WGRBE . FEMRRIRST /INFEAS KR (1 73 2 10) F
BT 308 E b, B B & 2R B BRI,
SBS-cgicForest 7355 I 2R3 R L L AL 285

EIBAT .
4 4ERIE

AR SBS Bk 5 cgicForest #5845 & 47
PR IT /NFEA AR 4328 o 2408 B R AR S50 A7
g RO, @ik SBS VAN E T %Al A m
D B RE AR AT B A i SR A I R S A AR S

R FPPEDIRE, A SR BE T 4 N EHE 16 R
i, $&m I cgicForest #5475 AP £ 8% b1 o
KEW . AL cgicForest 15 3H i Ik & £ ki
FEF 52 TR AR SR HLRE 77, I X0 A8 4 KR AR 3E 47 11
A $2 s B I SRk fe, Sodk 2 IE AR PR 1 I £ s 1l
SRl 22 [ [R) I ) He s b AT T IS0, AR T
)2 4 R SR ) &, ALY B A TSR )
FKae y, FEHRE TR E Az R
PRAE 78S AE BT /IME AR B4 BT DURR S i o
SEGaE R, cgicForest 1574 [ 4 25 R L bR
{fE gcForest A4 B W42 F, 44 cgicForest B4l 5
SBS Hik4i&fE, I RMRERARE, HHILE
HA L REE T IE G G EA RS, N IETT N
KEAER 73 K  BIRAE T 2%, R EET
sCN PVPDIR N R R A2 T SRR o R SR B IR
BRI N TGS K, Sl S Mg s gl 25 &
ey s ity 1) i (1) /N FE AR O o AR, FE Sl Ak
BRI IR L.

S CHK:

[1] A& HlasE3IM] Jbat TEHR HfRE, 2016.

ZHOU Z H. Machine learning[M]. Beijing: Tsinghua University Pub-
lishing House, 2016.

[2] CHEN M, SHI X B, ZHANG Y, et al. Deep feature learning for medi-
cal image analysis with convolutional autoencoder neural network[J].
IEEE Transactions on Big Data, 2021, 7(4): 750-758.

[3] HU G S, PENG X J, YANG Y X, et al. Frankenstein: learning deep
face representations using small data[J]. IEEE Transactions on Image
Processing: a Publication of the IEEE Signal Processing Society, 2018,
27(1): 293-303.

[4] ZFE, B, T SO0 BRI 2 B R & SR AT T )],
THEHLEA 5K, 2020, 30(2): 63-66.

LIC S, CAO Q, YU S. Research on multi-model fusion algorithm for
small scale data sets[J]. Computer Technology and Development, 2020,
30(2): 63-66.

[5] FESW, #eTWe T ool R AR ARSI R AR BRI T[], 15
HUEHE, 2018, 45(8): 160-165.

XUE C G, YAN X F. Software defect prediction based on im-
proved deep forest algorithm[J]. Computer Science, 2018, 45(8):
160-165.

[6] ZHOU Z H, FENG J. Deep forest: towards an alternative to deep
neural networks[EB]. 2017.

[7] %, BRiUk. TSR AR SRR U], N
HHLRYE, 2021, 42(4): 805-809.



« 86 ¢

L

76

(8]

9]

[10]

(1]

[12

[13]

[14]

[15]

[1e]

[17]

[18]

HE H, CHEN S D. Deep convolutional cascade forest for facial ex-
pression recognition[J]. Journal of Chinese Computer Systems, 2021,
42(4): 805-809.

PR, XUTMG, XIERE, 4. T IRBERMEVERIG I E R
UE A 4 K [0]. S 75 B TR % 2 (R A2 IR0, 2019, 45(4):
593-599.

YAN J J, LIU Z P, LIU G P, et al. Syndrome classification of
chronic gastritis based on multi-grained cascade forest[J]. Journal
of East China University of Science and Technology, 2019, 45(4):
593-599.

CHEN Z H, LI L P, HE Z, et al. An improved deep forest model
for predicting self-interacting proteins from protein sequence
using wavelet transformation[J]. Frontiers in Genetics,
2019(10): 90.

UTKIN L, KONSTANTINOV A, MELDO A, et al. A deep forest
improvement by using weighted schemes[C]//Proceedings of 2019
24th Conference of Open Innovations Association (FRUCT). Piscata-
way: IEEE Press, 2019: 451-456.

GUO Y, LIU S H, LI Z H, et al. BCDForest: a boosting cascade
deep forest model towards the classification of cancer subtypes
based on gene expression data[J]. BMC Bioinformatics, 2018,
19(Suppl 5): 118.

HUANG G, LIU Z, VAN DER MAATEN L, et al. Densely connected
convolutional networks[C]//Proceedings of 2017 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). Piscataway: IEEE
Press, 2017: 2261-2269.

WANG HY, TANG Y, JIA Z Y, et al. Dense adaptive cascade forest: a
self-adaptive deep ensemble for classification problems[J]. Soft Com-
puting, 2020, 24(4): 2955-2968.

UTKIN L V, RYABININ M A. A Siamese deep forest[J]. Know-
ledge-Based Systems, 2018, 139: 13-22.

FAN Y M, QI L, TIE Y. The cascade improved model based deep
forest for small-scale datasets classification[C]//Proceedings of 2019
8th International Symposium on Next Generation Electronics (ISNE).
Piscataway: IEEE Press, 2019: 1-3.

LIU H, ZHANG N, JIN S G, et al. Small sample color fundus image
quality assessment based on gcforest[J]. Multimedia Tools and Appli-
cations, 2021, 80(11): 17441-17459.

XU, A, B, & HETIREEARMA DNA H L (L A 4 26
BHAL]. tHENLLRE 5, 2020, 56(13): 189-193.

LIU C, WU S, ZHENG Y C, et al. Classification of cancer based on
deep forest and DNA methylation[J]. Computer Engineering and Ap-
plications, 2020, 56(13): 189-193.

XU Z Z. A cluster-based oversampling algorithm combining SMOTE
and k-means for imbalanced medical data[J]. Information Sciences,

2021(572): 574-589.

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

PEREIRA R M, COSTA Y M G, SILLA C N Jr. MLTL: a multi-label
approach for the Tomek Link under sampling algorithm[J]. Neurocom-
puting, 2020 (383): 95-105.

YUAN Z W, ZHAO P. An improved ensemble learning for imbalanced
data classification[C]//Proceedings of 2019 IEEE 8th Joint Interna-
tional Information Technology and Artificial Intelligence Conference
(ITAIC). Piscataway: IEEE Press, 2019: 408-411.

REN X Y, YUAN Z Y, HUANG J M. Research on fake reviews
detection based on feature construction and Easy Ensemble-RF[C]//
Proceedings of 2021 2nd International Conference on Artificial Intel-
ligence and Computer Engineering (ICAICE). Piscataway: IEEE Press,
2022: 478-482.

XU X L, CHEN W, SUN Y F. Over-sampling algorithm for imba-
lanced data classification[J]. Journal of Systems Engineering and
Electronics, 2019, 30(6): 1182-1191.

BREIMAN L. Random forests[J]. Machine Learning, 2001, 45(1): 5-32.
GEURTS P, ERNST D, WEHENKEL L. Extremely randomized
trees[J]. Machine Learning, 2006, 63(1): 3-42.

BREIMAN L. Stacked regressions[J]. Machine Learning, 1996, 24(1):
49-64.

RIKIL, RvE, EAH, S —FORT R B AR TR
FERE[I]. NURFITHRENLRSE, 2017, 38(8): 1762-1766.

WU C W, LIANG J H, WANG W, et al. Random forest algorithm for
sequential response: prediction and selection of variables[J]. Journal of
Chinese Computer Systems, 2017, 38(8): 1762-1766.

Tefg, WHER, MR, LT RENLARMR CART FRUEGE PO A
HUE 2 P TR TRBIBRT]. RS AR R S s ukfk, 2022, 35(3):
78-82.

QIAO J, ZHU J H, YAN K H. Telecom customer churn prediction
model based on improved random forest cart feature selection algo-
rithm[J]. Telecom Engineering Technics and Standardization, 2022,
35(3): 78-82.

TAHMASSEBI A, GANDOMI A H, SCHULTE M H J, et al. Opti-
mized naive-Bayes and decision tree approaches for fMRI smoking
cessation classification[J]. Complexity, 2018: 1-24.

HSSINA B, MERBOUHA A, EZZIKOURI H, et al. A comparative
study of decision tree ID3 and C4.5[J]. International Journal of
Advanced Computer Science and Applications, 2014, 4(2):
126-133.

[30] A, BRfR A, 2R80HE. 3T 20 JSHET C4.5 PR SO SRA .

THENL TR 5i%11, 2013, 34(12): 4321-4325, 4330.
LI X W, CHEN F C, LI S M. Improved C4.5decision tree algorithm
based on classification rules[J]. Computer Engineering and Design,

2013, 34(12): 4321-4325, 4330.



552 XIS E % 3T SMOTE Ml geForest [T /INEE A EE 73 T 70 <87

[EEEM)
X (1998- ), Y, LiEH TR RS (1996- ), B, HHKHIFEN
CEINEPS SRR 8] W it 1 71 o SO 5 3 U BREEFAR R A, EE T AR
FITHANLEES . B 5%, JEEST L BRI RGNS .

M (1976~ ) , &, W, LEETK BER (1978~ ), 5. M, HORTH

HREHE, LW NN RAL £, EROTFTIN LR LR, KA

I 25425 g2 ] RS TR S PR B R
P




