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Abstract—Deep Learning has a hierarchical network
architecture to represent the complicated feature of in-
put patterns. We have developed the adaptive structure
learning method of Deep Belief Network (DBN) that can
discover an optimal number of hidden neurons for given
input data in a Restricted Boltzmann Machine (RBM)
by neuron generation-annihilation algorithm, and hidden
layers in DBN. The proposed adaptive structure DBN was
applied to the comprehensive medical examination data
for the cancer prediction. The prediction system shows
the highest classification accuracy among the traditional
DBN. In this paper, the explicit knowledge with respect
to the relation between input and output patterns was
extracted from the trained DBN network by C4.5. Some
characteristics extracted in the form of If-Then rules to
find an initial cancer were reported in this paper.
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Category | Name | Data type | Range Category [ Name Data type | Range
Basic test Patient ID Integer Liver function GOT Integer (5 -1134)
Age Integer (10 - 134) GPT Integer (4 - 1909)
Sex Code [Male, Female] Gamma GTP Integer (4 - 2329)
Date Integer ALP Integer (39 - 1758)
Height Float (117 - 196.7) LDH Integer (77 - 620)
Weight Float (27.6 - 175) ChE Integer (103 - 621)
BMI Float (11.9 - 57.3) ZTT Float (1-43.38)
Abdomen Float (53 - 157) Total Bilirubin Float (0.1 -4.8)
Eye sight(right) Float (0 - 9.915) TP Float (5.6-9.3)
Eye sight(left) Float (0 - 9.915) Alb Float (33-54)
Hearing(right, 1000) | Code [Normal, Abnormal] AIG Float (0.6 - 2.8)
Hearing(right, 4000) | Code [Normal, Abnormal] TC Integer (94 - 418)
Hearing(left, 1000) Code [Normal, Abnormal] Uric acid Creatinine Float (0.28 - 13.68)
Hearing(left, 4000) Code [Normal, Abnormal] Kidney function | BUN Integer (5-59)
Blood pressure | Blood pressure(Max) | Integer (70 - 257) eGFR Float (3.9 -2247)
Blood pressure(Min) | Integer (26 - 148) CRP Code [(—),(2),(1+),2+),(3+)]
Urine Protein Code [(—),(2),(1+),2+),(3+) ] Infection Hbs antigen Code [(—).(+) 1]
Occult blood Code [(—),(2),(1+),2+),3+) ] Hbs antibody Code [(—),(t) ]
Urobilinogen Code [(—),(1),(1+),2+),3+) ] Hbc antibody Code [(—).(F)]
Blood analysis | WBC Integer (1200 - 26000) Hcv antibody Code [(—),(F),(1+),2+)]
RBC Integer (234 - 672) Pepsinogen Code [(—).(P)]
Hb Float (5.5-223) Additional test Pylori Code [(—),(-)]
Ht Float (20.6 - 65.2) Amylase Float (27 - 1335)
PLT Float (2.7 - 112.6) ASO Float (10 - 393)
Lipid LDL Integer 4 -357) CEA Float (0.2 - 10)
HDL Integer (17 - 205) CA15-3 Float (4.600-19.400)
TG Integer (17 - 2628) TTT Float (0.3 - 10.6)
Sugar urine Code [(—).,(2),(1+),2+),(3+) | Fecal occult blood Code [(—),(+) ]
Diabetes Blood sugar Integer (41 - 441) Other Health questionaire | Code [1, 2]
HbAlc Float 4.7 -12.7)
Uric acid Integer 1, 3, 4,6, 7]
x 1.1, x 1.2, x_1_3, , x 1.1, y_1 L &1 -
x 2 1 , x 2 2 , X_2_3, , X_Z_I, y_2 *ﬁuZT‘_ﬁbhjﬁg‘éﬂiﬁﬁg
x 3.1, x 3.2, x 3_3, , x_3_I, yv_3
Accuracy
Model Ave. Std.
Traditional RBM | 0.833 | 0.011
% 1 x 5« 3 % T Adaptive RBM 0.854 | 0.011
Pty ®P_gs X DS ey X P2 VP Traditional DBN | 0.011 | 0.010
Adaptive DBN 0.955 | 0.010
x N 1, x N 2, x N 3, ..., x N I, y_N
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gamma_gtp <= 78

| egfr <= 92 :

| | age <= 48

| | | got <= 17 : 5 (9.0/1.0)

| | | got > 17 : 3 (25.0/1.0)

| | age > 48

| | | plt > 17 : 3 (250.0)

| | | plt <= 17 :

| | | | tg <= 162 : 3
(57.0/1.0)

| | | | tg > 162 : 5 (3.0)

| egfr > 92

| | plt <= 18 : 5 (4.0)

| | plt > 18

| | | tp > 7 : 5 (3.0/1.0)

| | | tp <=7

| | | | urea_nitrogen > 10 : 3
(18.0/1.0)

| | | | urea_nitrogen <= 10

| | | | \ uric_acid <= 4 3
(4.0/1.0)

| | | | \ uric_acid > 4 : 6
(2.0)

gamma_gtp > 78 :

| age <= 50 : 6 (10.0)

| age > 50

| |  plt <= 18 : 5 (3.0)

| | plt > 18 : 3 (13.0)
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