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Interpretable Deep Learning Model Based on Knowledge Representation Vectors

and Its Application in Disease Prediction
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Abstract: In recent years, deep learning methods have been widely applied to various disease prediction
tasks, even surpassing human experts in some aspects. However, the black box nature of the algorithm
limits its clinical application. In this paper, the knowledge representation and reasoning learning and deep
learning methods are combined to build an interpretable deep learning model incorporating knowledge
representation and reasoning vectors. The model first builds a relationship graph between physical
examination indicators and test values according to the normal range of physical examination indicators,
and the relationship graph between physical examination indicators and test values is coded through the

deep learning model based on knowledge representation and reasoning learning. Then, the patients’
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physical examination data are expressed as vectors, which are input into the self-attention mechanism and
the classifier constructed by convolutional neural network to realize the disease prediction. When the model
is applied to the prediction experiment of diabetes, the accuracy and recall of the model are better than
those of the comparative machine learning methods. Compared with the random forest algorithm, the
accuracy and recall are also improved by 0.81% and 5.21%, respectively. Experimental results show that
the application of knowledge representation and reasoning learning and deep learning technological
convergence to diabetes prediction through interpretable methods can achieve the purpose of early detection
and auxiliary diagnosis of diabetes.

Key words: disease prediction; knowledge representation learning; deep learning; self-attention

mechanism; convolutional neural network; interpretability
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edge representation models knowledge representation models
i MR Hit@10/ % A e/ % A/ %
TransE 623.0 44.9 TransE-SAC 97.11 87.16
TransH 711.6 47.9 TH-SAC 97.18 87.32
TransR 897.8 19.0 TransR-SAC 97.03 86.89

AN, NER 7 Al U Y, TransH 828 (1 R B L T TransE B8l TransR B 76 ME A 5 1 43
2R T 0.07%.0.15% , B M L4514 & T 0.16 % ,0.43% o 33X ilE — 25 B BH & X AR S AR 35 44 K
P EE ) = J0 4L, TransH B8 i) 3R 7R 7 X0 in 45 38, o (1 75 70000 A5 78 1) 2 e S 4 .

(2) A SO0 5 A AR A X LG 43 B

T B IEAS SO A TH-SAC A8 7E W5 PR B0 AT 55 b (8 P 35, 6 BT — 26 A SO Bk o 5 0 A58 74
PEATX L SE R . TH-SAC B 238 i HIR R 7R % 20 5 Uk 008 27 Al m) 82, R IR BE 4 ) 09 7 ik b AT
T T 563k OB PR U AT: 55 L ROR B R BIL AR S X 07 vk L JOUR B R 48 I 4% (Deep neural net-
work, DNN)#FAT 82, 45 SR N 8 iR . A& 8 7] LA Hi A SCH H 19 TH-SAC R A 4 FHLA % ) h
BACSR So G  BEBTL AR PR 5 0, LM A S5 R A3 DR AR T T 0.81 %0 15,2106, 33k 2 R Ay o ik T A SO At
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(Convolutional neural networks, CNN) " 15831 3 52 8 . B, A SCE 4T T 5 LAF 7 B A9 % be 52
5%« Bl Self-Attention 1 CNN |, 45 & Self-Attention Fl X ] 4 %8 3] iC 12 M 2% (Bi-directional long
short-term memory, BILSTM) "™ iy J7 ¥ , 45 Bk 8 i . I LA H, 5 # — Self-Atttention, CNN |
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Table 8 Accuracy and recall rate of different diabetes prediction models
A RS A=/ %
#4919 (Logistic regression, LR) 90.29 49.9
W HF M) # AL (Support vector machine, SVM) 90.59 51.60
A2 01357 (Naive Bayes,NB) 87.48 53.94
Fiti HL 7% Ak (Random forest, RF )™ 96.37 82.11
XGBoost™" 92.42 61.64
VR i 28 W 4% ( Deep neural network , DNN) 90.21 58.62
TH-Self-Atttention 96.05 86.15
TH-CNN 96.26 84.24
TH-Self-Atttention-BiLSTM 93.90 78.20
TH-SAC 97.18 87.32
(3) FH KR 5 BEHLER 78 X5 He o #r
Oh T3 R A S T A ARG R B A St AR S F9 FARFRTARWEBRMBER
ST AR A F8 b S AR FNAG B SZ AR Y BEHL 75 F i Table 9 Accuracy and recall rates of different repre-
SR AT X L J o L% 9 0 AT S5 i 17 sentations
one-hot % ith , S8 5 5 — > B AL Az 180 4E B AH 3fe 15 B HEBH =R/ % AR/ %
o XA RMELIME 3 4R, WKL Random-SAC 96.72 86.76
AR LR RE B R R R B B T RE LR R THSAC 97.18 87.32

PRI o XU P A S e A A 5 A A A 2 ]
F18 3 il K A% M A 1 S A o R T R BT o e A BT 34 43 S Ay O Rl AR R AR ) 2 5 AR PR 100 it

VI B % 073 [, T BAR o, 6

7N 5 2 (R R 1] S ek ] B PR R BCBOIR A

0.97 | --- Random-SAC 0.85 --- Random-SAC
—TH- — TH-SA
0.96 TH-SAC 080 SAC
. 095F 075}
80941 Z070
3 3
8093 ~ 0.65F
<092} 0.60}
091 0.55F
0.90f T e 0.50 p mtlonmmmamemarep it i
0 20 40 60 80 100 0 20 40 60 80 100
Epoch Epoch

P4 BRI ZRad i vh A9 9 [ R
Fig.4 Recall during model training
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Fig.3 Accuracy during model training

(4) ANIR] 4 B ) 227 Il i A8 43 #r

FETR R 7R 2 2 (03 A2 v 0 SR o) 5 A P k BR A /N R o R S AR AR A LA/ AL I KU
g T MU By 22 1) B 4R A3 IR T 200,256,300 Fl 5123X 4 A4 45 SR AN E 5.6 BT . A
5.6 Al LLE H, 7ERAR Y 200 4k 2% 7R )t B PR Ry T 6 3% 0915 8 S 4 T, G o A % R 9 [l 30 L At 1 22
IR — o H 4 B, B S H0H A 2 N i TR e B K o 28 5 2 R E I R L [l SRORITASE A 2 4 i O
JE e R IR R ] o 4k FE R 256,



788 R E B L Journal of Data Acquisition and Processing Vol. 38, No. 4, 2023

90.0 100.0
87.5186.94% 87.32% 87.33% 87.25%) 97.5196.87% 97.18% 97.09% 97.16%
N X
3 85.0 3% 950
[ 2
RO &
82.5r 92.5F
800 200 256 300 512 90.0 200 256 300 512
3.3 YR
PS5 A [l 4 B2 A 2 7S 1] 4k 43 [] 46 K16 A [m) 24 2 Y 2 705 1] dak vhE 4 %6
Fig.5 Representation vector recall rate at different Fig.6 Accuracy of representation vectors at different
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Table 10 Comparison of differences and similarities among different deep learning models
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