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Medical image diagnosis of lung cancer using deep multi-layered GMDH-type neural network
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In this study, a deep multi-layered Group Method of Data Handling (GMDH)-type neural network which has the deep
neural network architecture is applied to the medical image diagnosis of lung cancer. Deep GMDH-type neural network
algorithm has an ability of self-selecting optimum neural network architecture from three neural network architectures such
as sigmoid function neural network, radial basis function (RBF) neural network and polynomial neural network. Deep
GMDH-type neural network also have abilities of self-selecting the number of hidden layers, the number of neurons in
hidden layers and useful input variables. This algorithm is applied to medical image recognition of lung cancer and it is
shown that this algorithm is useful for medical image diagnosis of lung cancer and is very easy to apply practical complex

problem because deep neural network architecture is automatically organized.

1. IFC&HIC

AWFFETUE, LR R RIRIC RV B g 2 L= e —
FNFy N — I igiE R B BIRIC B Sk b 957 4 — 7 GM
DH-type ==a—F/Lb %y N —2% T, s A OB F i
BWiE1TH, AFFETHWADT 4—7 GMDH-type ==—7/1
S N7 — 7 20% 5 R A DM EEIC LRy N — i v %
H B H DM EL TWD, Ry hT —781EIE, TllERZE
REAM L VE (53 &AL YE AIC[Akaike 74]%3%@%/%1?5%[1
(PSS) [Tamura 80]) Z#/IMZT2E912, 7 EARBEESL, &
T N_— 2B | ZIEAI D EPVJ b HCEIRT S, é%
(., PO, FEO=a—n B AR AN LR L1
TFR RN E R i/ M T2 IO H I, 74—
GMDH-type ==—Z /L%y N —Z 2% filids A D& EifR %
WHIG L C, 2O E R 5.

2. ERMBCHBEDRE

74— GMDH-type ==2—F/L Ry NI —FZADT LTYX
A[Kondo 15],[Kondo 98]i%, GMDH {ETHWHIL TSR
1 H Ok AL o B [Farlow 84],[Ivakhnenko 70](23&-3C,
=2 —F Ry NI — 7 A0SR B Ok L T)d, BUTIC
¥ R B O LR B OIS &R,

&AM B SR LR G, IRIRT52DAT v 1Lk
VIERTE S AT 2D AN N BIR A (A v AT ADSERRRIR
HEV)D) ERERLT D,

WET =X DR —=2 7 T =R LT ARNT —Z~D53E|

ro—= 7 T —HE AT LOER R 2 (B o By 7 A
T LOREEE R T X) DNFGA—=ZOHEEIZH VW, TANT—F
13 AT AOSERFLIRAORFEERPU D,
DANEF DM AEEDIRLE

T RCOANEEOMAEOEERAESED,

3) R 7R B Ay Frak D F A=

%2 DIHBEDENTH LT, VAT LD R E R AS

W5, FELTV AT LAOWS R 2o H % P A RS,

*1 Email: kondomedsci@gmail.com

AP EEO A 23R

TANT —Z kT 557 (T AT —) Z/N&T5 L ED
RS SR H CaBIR D,
5) % BRSO IR L FHE D 11

B CEIRU7Z LEO RIS RO AT EHIZ Y L
THEDELFHEZITV . ZEEEERE KL VL, 2oL
FHEIL, TANZT =N L e T B TIE 15, EL T,
VAT ARROFERTIRAUL, A8 TH CRIRL 2 il
Kz VTR T 5,

Pl EO Rz L0t s 558 60 B CAR Mo R BT
FRB I SRR VAL FIL TH 5,

3. RELERYRI—VEEXECERTLIHRK
GMDH-type —a—J LAYy —oX

R Ry N — 7S A B C® IR+ 55— GMDH-
type =2—F /LRy NI —TADIEE% | Fig.1 12, FlE)E
DEEK, % 2 OFBRBICRITTH=a—ar O, B2 AN
BH il = a—ar ORI, HHRERLE AIC[Akaike 74]

P MFAZEE S5 Fn (PSS) [Tamura 80)% &/ IMI T BHEHITHIE
T 5,
Shy
o \V/ \‘ b,
X A‘Q‘A “
X, ‘W "“’ "0 o
X, A"'A’ AD ’
. \I/
X o,

Fig.1 Architecture of the deep GMDH-type neural
network
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Fig.5 Output image of
the neural network(1)

Fig.6 Output image after
the first post-processing

Fig.7 Overlapped image  Fig.8 Extracted gray scale image

Fig.9 Extracted 3-dimensional image of lungs
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Fig.12 Output image of
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of lung cancer image of lung cancer
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function neural network

5 ©IU

ARFIETIX, T 4— GMDH-type ==—7 /LRy T —7A
OT NIV LB A OEBRZERE NS L, 74—
GMDH-type ==2—F/VFy NI —JADT VIYALL, V7 E
AR = a—my | TUOT AR A =0 —r | £IH
A= o —a D3O = a—a O Phb = o —a A ES
B ORI A5 L7 A B ORI b LTy b —
ISR B CHEEL Qd, T2, 3 RN B SRR Lo R
ZHWT, A ROEMHBEGOREICRbE L T2 T 4 — 7 =a—
TRy N — 7 ZHiE% B CIRIRT A REL i 2 T\ D, &6
W2, P OEE, PEBDO=a—ar DfE#, BiER AL
B KB —n SR OGN T A= B
HE(AIC) R P HIRA Z2 I J Fn(PSS) & e /IMT T2 O H C#iR
TDHERER 2 CD, 272 EREFEA~D IS N FEF I
K THD, AMFFETIL, A O EGZWRIE~S LT
TOEINEEHETBLTZ,

% B

[Akaike 74] H.Akaike: A new look at the statistical model
identification, IEEE Trans. Automatic Control, Vol.AC-19, No.6,
pp.716-723, 1974.

[Draper 811 N.R.Draper and H.Smith : Applied Regression
Analysis, John Wiley and Sons, New York, 1981.

[Farlow 84] S.J.Farlow ed.: Self-organizing methods in
modeling, GMDH-type algorithm, Marcel Dekker, Inc., New
York, 1984.
[Ivakhnenko 70]
in problems of engineering cybernetics, Automatica, Vo.6, No.2,
pp.207-219, 1970.

[Kondo 15] T.Kondo and J.Ueno: The 3-dimensional medical
image recognition of right and left kidneys by deep GMDH-type

A.G.Ivakhnenko: Heuristic self-organization

neural network, Journal of Bioinformatics and Neurosciences,
Vol.1, No.1, pp.14-23, 2015.

[Kondo 98] T.Kondo: GMDH neural network algorithm using
the heuristic selforganization method and its application to the
pattern identification problem, Proc. of the 37th SICE Annual
Conference, pp.1143-1148, 1998.

[Tamura 80] H.Tamura and T.Kondo: Heuristics free group
method of data handling algorithm of generating optimum partial
polynomials with application to air pollution prediction, Int. J.
System Sci., Vol.11, No.9, pp.1095-1111, 1980.



