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Fig.1 Feedforward neural network design
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Fig. 2 Relationship between predictive outcomes of
neural network and logistic regression
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Table 10 Distribution of clinicopathological factors and survival rate

200 4510

1-year survival

3-year survival

1-year survival

3-year survival

factor No. of No. of

categories  patients No. % No. % patients No. % No. %

total 672 520 77 401 60 curability

stage A 367 356 97 325 89
Ia 246 240 98 226 92 B 180 131 73 70 39
Ib 97 91 94 84 87 C 125 33 26 06 5
I 64 57 89 38 59 lymph node dissection
JIIEY 70 53 76 31 44 DoO 1 194 119 61 89 46
b 43 33 77 13 30 D2 over 478 401 84 312 65
Va 29 17 59 04 14 age
Vb 123 29 24 05 4 —59 333 266 80 215 65

peritoneal dissemination 60—69 191 143 75 107 56
Po 575 494 86 397 69 70— 148 111 75 79 53
Po 97 26 27 04 4 histology®”

liver metastasis High 340 278 82 224 66
Ho 632 514 81 399 63 Low 332 242 73 177 53
Ho 40 06 15 02 5 INF

depth of invasion al B 521 427 82 351 67
m 159 157 99 148 93 Y 151 93 62 50 33
sm 109 104 95 97 89 ly
mp 56 51 91 40 71 0 254 247 97 228 90
Ss 158 114 72 84 53 102 211 167 79 119 56
se 132 76 58 30 23 3 207 106 51 54 26
si 58 18 31 02 3 \%

lymph node metastasis 0 500 427 85 352 70
no 352 334 95 304 86 102 143 82 57 44 31
nl 110 87 79 55 50 3 29 11 38 0s 17
n2 98 64 65 31 32
n3 4 112 35 31 11 10

U . category“ high” includes papillary, well and moderate differentiated adenocarcinoma,“ low” includes poorly
differentiated adenocarcinoma and signet-ring cell carcinoma.

specificityd 0O 00 plotting0D 000000
e0ooooooong
gooLooMmOOOOoOoOoOoOOoOoOOoOoOooooo

oooOo AzOOOOooOOO
0 00 StatView 5.00 SAS Institute Inc..T] SPSS 6.1

I SPSSJapan Iinc00 000000000 OOOODO

0000000000 LROODOOODOOODOODOO

O000O000ooooO0oOoOoooooD 20000

0000 McNemar OO O O2000 Az OO OO two-

tailed testd 0 Hanley & McNeilOO O™ 00000

O O
1oooooooo
0000000000000 0oooooooon
0000010000 30000000000 Table
0000000000000 oDoooooooDoo

00 O%0Ostage 1 04990 01111700 11197001V
18700000000000O460001100017900
2510 00000000000 MO p=0.0030 Mann-
Whitney 0 U 0O 0O I
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0010030000000 000@™smmoog
O0000000o0O0o0O0o00ooooOoooOoooon
0000000000 p00050000000 Table 20
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Table 20 Summary of univariate and multivariate logistic regression analysis

univariate multivariate
OR pO OR pOd OR 95%Cl pO OR 95%ClI pUd

peritoneal dissemination

PO 16.65 U 51.86 J 227 1.08—4.73 0.03 349 1.02—12.02 0.05
liver metastasis

HO 24.68 u 3254 u 4.36 1.48—12.79 u 3.66 0.65—20.55
depth of invasion

sm 0377 166 227 0.36—14.39 107 0.39—2970

mp 07.70 0.02 538 u 148 0.19—11.28 194 0.66—5.6900

ss 30.30 E 1185 o 421 0.66—26.94 2.38 0.83—6.8501

se 57.84 u 45.75 J 453 0.64—32.01 6.61 187—23.32 B

si 174.44 E 376.73 o 707 0.94—53.37 0.06 29.23 4.21—202.73 o
lymph node metastasis

nl 0491 e 06.33 o 0.60 0.24—153 132 0.66—2.6400

n2 09.86 B 13.69 J 0.90 0.34—2.39 249 1.00—6.240 0.05

n30 4 40.82 B 58.15 u 154 056—4.24 3.54 1.15—10.86 0.03
curability

B 1211 u 12.16 J 353 117—10.64 0.03 142 0.59—3.410

C 90.23 B 153.47 u 6.90 1.80—26.47 B 431 1.03—18.00 0.05
lymph node dissection

DoO 1 0328 e 0222 o 179 0.94—341 0.08 167 0.88—3.1700
age

60—69 0133 0.18 0143 0.05 159 0.87—2.89 173 0.98—3.040 0.06

70— 0132 0.23 0159 0.02 120 0.60—2.39 205 1.09—3.860 0.03
histology

low 0167 0.01 0169 u 1.08 0.60—1.95 0.72 0.41—1.250
INF

y 0283 U 0417 J 1.06 0.57—1.99 198 1.03—3.800 0.04
ly

102 0930 u [06.78 u 2.00 0.66—6.05 1.73 0.81—3.6900

3 3362 e 2485 o 304 0.96—9.60 0.06 207 0.88—4.8900 0.10
v

12 0435 B 0535 u 0.78 0.42—1.47 093 0.49—1.770

3 0957 E 1142 o 0.96 0.32—285 148 0.35—6.150

U p0.01, p value blank means pJ 0.1.00 Cl : Confidence intervald OR : Odds ratio P} 0 0 HI O O m, n0, curability A, D2
over, age under 59, histology high, INF a0 8 , Iy0, vO : OR values of above based categories are all 1.00.
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Table 30 Performances on neural network and logistic regression by training

data
positive negative
% accuracy sensitivity | specificity | predictive | predictive
value value
1-year survival
logistic regression 86,81 94.6 59.9 89.0 765
neural network 90.0 971 658 90.7 87.0
3-year survival
logistic regression 83'9]:5 89.3 76.0 84.6 82.7
neural network 853 948 712 830 90.2

0 : p 00010 O° : p(1 0222

Table 40 Predictive accuracy on neural networkl NNOand logistic regressionl LRby each factor

1-year 3-year
accuracy % accuracy %
survival % pO survival % pO
NN LR NN LR

total 774 90.0 86.8 00,010 59.7 85.3 83.9 0.22

stage Ia 97.6 97.6 97,6 1.00 91.9 91.9 91.9 1.00

Ib 938 938 938 1.00 86.6 86.6 86.6 1.00

il 89.1 922 89.1 0.48 59.4 625 578 058

JIIEY 75.7 786 786 1.00 443 64.3 60.0 061

b 76.7 791 721 0.25 30.2 814 76.7 0.75

Va 58,6 82.8 62.1 0.040 138 82.8 8258 1.00

Vb 236 829 740 0.020 41 96.7 95.9 1.00

peritoneal PO 85.9 91.0 89.2 0.01" 69.0 833 82.3 043

O dissemination  p | 26.8 845 722 0.01° 41 96.9 938 0.25

liver _ Ho 813 90.0 86.7 00.010 63.1 845 83.1 0.21

U metastasis Ho 150 90.0 875 1.00 50 975 975 1.00

depth of tl 974 974 97.4 1.00 914 914 914 1.00

U invasion 2 771 89.7 87.4 0.13 57.9 776 748 0.26

t3 57.6 780 705 0.020 227 80.3 780 0.68

t4 310 845 724 0.020 34 96.6 9.6 1.00

lymph node no 949 95.2 26 0.48 86.4 88.9 88.1 055

U metastasis nl 791 882 845 022 500 736 718 0.77

n2 65.3 786 714 0.07 316 755 70.4 0.30

n3d 4 31.2 85.7 777 0.010 98 938 26 1.00

curability A 97.0 97.0 97.0 1.00 88.6 88.6 88,6 1.00

B 728 811 722 00.01° 389 717 66.7 0.22

c 26.4 82.4 776 0.15 48 95.2 95.2 1.00

lymph node D2 over 83.9 908 87.9 00010 65.3 83.7 824 0.39

O dissection DO 1 61.3 88.1 84.0 0.03¢ 459 89.2 876 051
U pd0.05

“4On3+400 00 BOODOOOOODO I pd 0.0500 00000000 Table 411
03000000 n220000BONNOODOOOO A00000000

goooobooocooooooOoobo LrROOOOO 001000 AzO0O NNOO09120 Standard Error
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Fig. 3 Comparison of ROC curve and Az between
neural network and logistic regression
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Table 50 Performances on neural network and logistic regression by test data

positive negative
% accuracy | sensitivity | specificity | predictive | predictive AZl SEQ
value value
1-year survival
logistic regression 85.3} 935 572 88.2 719 0.884] 0.015
oo
neural network 88.1 96.0 612 89.4 816 0.8921 0.016
3-year survival
logistic regression 82.7 j_H_l 88.0 74.9 83.8 80.9 0.893] O.OlisgjmjD
neural network 83.0 93.0 68.3 813 86.9 0.890 0.013

0 : p00.0010 09 : p0 0.8770 D00 : p 0.5370 U000 : p] 0.8620 SE : standard error
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Table 600 Comparison between Odds ratio) OROand Effective odds ratial EOR[
1-year 3-year
clinicopathological factor category EOR EOR
OR OR

mean min max mean min max
peritoneal dissemination PO 227 445 121 745 349 4.79 107 14.07
liver metastasis HO 436 561 121 11.50 3.66 131 101 178
depth of invasion sm 2.27 071 054 0.96 107 0.66 0.30 0.92
mp 148 053 0.29 0.92 194 107 051 145
ss 421 129 1.02 155 2.38 1.09 101 119
se 453 168 0.99 245 6.61 172 1.05 285
Si 7.07 2.38 1.08 3.65 29.23 8.82 1.08 2145
lymph node metastasis nl 0.60 0.58 0.32 0.95 1.32 145 101 1.76
n2 0.90 140 0.47 343 249 1.70 1.03 275
n30 4 154 248 1.08 3.86 354 162 101 291
curability B 353 3.06 1.04 5.40 142 224 110 416
C 6.90 4.60 123 7.22 431 17.43 114 4119
lymph node dissection D00 1 179 234 111 3.24 1.67 148 0.80 2.05
age 60—69 159 297 0.98 5.39 1.73 1.39 0.88 2.84
70— 120 1.04 052 148 2.05 214 0.88 362
histology low™ 1.08 103 0.82 120 0.72 092 044 122
INF y 1.06 113 0.99 130 1.98 2.02 1.02 429
ly 102 2.00 201 053 383 173 1.86 1.04 274
3 3.04 4.85 1.00 9.02 207 163 1.03 253
\% 102 0.78 097 0.45 213 093 124 0.90 212
3 0.96 1.05 094 119 148 129 0.96 2.08

U category* low” includes poorly differentiated adenocarcinoma and signet-ring cell carcinoma.
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Usefulness of Neural Network as a Novel Method of Predicting Outcome for
Gastric Cancer Patients Compared with Logistic Regression

Iwao Kumazawa, Takamasa Hiraoka, Yoshihiro Kawaguchi, Katsuyuki Kunieda,
Takao Umemoto and Shigetoyo Saji
Second Department of Surgery, Gifu University School of Medicine

Introductiond To establish tailor-made therapy for gastric cancer patients, we evaluated the usefulness
of a neural networkd NN[J a computer-based mathematical model superior in pattern recognition. Materials
and MethodsO Predictions of 1- and 3-year survival were compared between the NN and logistic regression

O LRO retrospectively using 672 gastrectomized patients with stomach cancer. As prognostic factors, we se-
lected peritoneal metastasisC] P[] hepatic metastasis(] H[J invasion depth, lymph node metastasisC n{] curabil-
ity, lymph node dissectiond D[J age, histlogy, INF, ly and v, and categorized them into 21 dichotomous( 0, 10
variables to suit each model. We then evaluated accuracy using a 2x 2 matrix and Azl area under the receiver
operating characteristic curvell Both models were tested using the' leave-1-out” method. ResultsO The accu-
racy of 1-year survival predicted by the NN was significantly better than that of LRO training datall NN 90.0
0, LR 86.800, test datall NN 88.100, LR 85.30J [0 p[J 0.0100 The accuracy of 3-year survival predicted by the NN
was relatively better than that of LR training datald NN 85.300, LR 83.900, test datall NN 83.000, LR 82.700 O
The Az of the NN was statistically similar to that of LR. Conclusion The neural network showed superior or
similar predictions for gastric cancer patients compared logistic regression. The neural network may thus be
used as an index for deciding the risk of individual postoperative patients.

Key wordsO Prediction of postoperative survival, gastric cancer, neural network, logistic regression, receiver
operating characteristic analysis
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