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Diagnosis Prediction Based on Graph Convolutional Network and Attention Mechanism

YANG Xianming,ZHAN Xianchun,CHEN Hengliang and DING Haiyan

School of Information Science and Engineering, Yunnan University, Kunming 650504 , China
Abstract Diagnosis prediction is an important prediction task in healthcare, which aims to predict the future diagnosis of patients
based on their historical health records. Predictive models based on attention mechanisms and recurrent neural network are widely
used to solve this task.but they are easy to be affected by insufficient data. In addition, medical domain knowledge plays an im-
portant role in improving the performance of diagnosis prediction, but existing methods still cannot make full use of those know-
ledge. Therefore,a diagnostic prediction model based on graph convolutional network and attention mechanism is designed. First-
ly, the medical ontology is used to model the correlation between medical concepts, then the patient visit information is modeled as
a graph. Secondly,the graph convolution module is used to obtain the spatial features between the medical codes in each visit of
the patient. Finally.a multi-head attention mechanism is used to model the interrelationship between visit features and multi-level
medical knowledge to predict the future health status of patients. Experimental results on two publicly available medical datasets
show that the diagnosis prediction performance of the model is better than that of the existing diagnostic prediction models,and

the potential information in the medical knowledge graph can beused more effectively.

Keywords Diagnostic prediction, Electronic health record, Medical domain knowledge. Graph convolutional network, Attention
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Table 3 Performance comparison between GCAP model and baseline models
Code-level Accuracy @k Visit-level Precision @k
Dataset Model
5 10 15 20 5 10 15 20
RNN+ 0.2727 0.4184 0.5194 0.5958 0.5909 0.5272 0.5487 0.6026
Dipole 0.2813 0.4321 0.5314 0.6054 0.6092 0.5454 0.5619 0.6124
GRAM 0.2928 0.4368 0.5341 0.6068 0.6270 0.5503 0.5646 0.6138
MIMIC-111
KAME 0.2975 0.4448 0.5428 0.6168 0.6408 0.5614 0.5740 0.6238
CAMP 0.3038 0.4664 0.5696 0.6362 0.6677 0.5906 0.6014 0.6413
GCAP 0.3749 0.5911 0.7031 0.7623 0.7782 0.7330 0.7412 0.7723
RNN+ 0.3462 0.5146 0.6177 0.6884 0.6880 0.6319 0.6491 0.6951
Dipole 0.3569 0.5165 0.6102 0.6743 0.7089 0.6344 0.6411 0.6808
GRAM 0.3581 0.5293 0.6311 0.6971 0.7121 0.6501 0.6631 0.7038
MIMIC-1V
KAME 0.3618 0.5405 0.6423 0.7079 0.7179 0.6633 0.6750 0.7148
CAMP 0.3777 0.5598 0.6632 0.7281 0.7267 0.6765 0.6929 0.7337
GCAP 0.5349 0.8044 0.9159 0.9520 0.9679 0.9582 0.9576 0.9614
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Table 4 Results of ablation experiments on MIMIC-III dataset

Code-level Accuracy @k

Visit-level Precision@Fk

Model

10 15 5 10 15 20

GCAP 0.3749 0.5911 0.7031 0.7623 0.7782 0.7330 0.7412 0.7723

GCAP-A 0.3445 0.5254 0.6288 0.6959 0.7218 0.6553 0.6631 0.7030

GCAP-G 0.3620 0.5655 0.6768 0.7381 0.7548 0.7037 0.7132 0.7462
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Fig. 2 Code-level Accuracy@5 of DCAP on two datasets with

different number of heads

GEHRIE LW AP AR B T R RO AT S5 L 4k
JEE R4 12 W T 5 S v B T R L T A R A T AR R A R — A
A PR AR Ry TR X — PR AR SCBE T T — A 3
TG R 2 3% 7 2 1 AL 6 12 B U A A GCAP., GCAP
I 5 2 400 388 60 U R, - BRI SR AR B, R A AR e ) R
B BEA UE— A5 R R AU IR B 4 S EHR B0 149 P

221100232-5



Com puter Science

HHAHLE Y Vol

50,No. 11A,Nov. 2023

FRAE RSB Wi UM BE . RS, GCAP AU & T RGN
o9 28 R VE BE 3 AL R O B, o — 2D R T B M RE. 7E
MIMIC-TII il MIMIC-1V #i 4~/ 35 EHR #0856 5 [ (% 50 5 45
WEY ARG ERE T A2 BB AR, HE,
EHR J7 916045 55 55 35 fd B AH OC 1 45 A0 56, i A 083k 5
BORE 2 W L R RYT VA IRIT L BE L s S I IR
{5 8.7 GCAP HET R % & T EHR F5 di9i2 Wr AL, ik
RFWEM T ,GCAP TFEY R R T Z M IEKRE S . 1o,
FAT R A ICD-9-CM 1 i K 43 2 3 4 (CCS) 5k #7417
L, GCAP 3 7] L # 58 HoAth & 385 11 5 2% B0 45 0 B5 2 400
PUHE— 25 45 5 12 W 0 1 M g

£ % X M

[1] YADAV P,STEINBACH M,KUMAR V,et al. Mining Elec-
tronic Health Records (EHRs): A Survey[]J]. ACM Comput.
Surv. ,2018,50(6) :85.

[2] BOTSI T.HARTVIGSENG G.CHEN F,et al. Secondary use of
EHR:data quality issues and informatics opportunitie[ J/OL].
https://www. ncbi. nlm. nih. gov/pmc/articles/PMC3041534/.

[3] JENSEN P B,JENSEN L J.BRUNAK S. Mining electronic
health records:towards better research applications and clinical
care[J]. Nature Reviews Genetics,2012,13(6) :395-405.

[4] KRUSE C S,STEIN A,THOMAS H,et al. The use of Elec-
tronic Health Records to Support Population Health: A System-
atic Review of the Literature[ ] ]. Journal of Medical Systems,
2018,42(11) .214.

[5] CHOI E,BAHADORI M T.,SCHUETZA., et al. Doctor ai:Pre-
dicting clinical events via recurrent neural networks[ C]J // Ma-
chine Learning for Healthcare Conference. PMLR, 2016 301-
318.

[6] CHOI E,BAHADORI M T.SUN J,et al. Retain: An interpreta-
ble predictive model for healthcare using reverse time attention
mechanism[J]. arXiv;1608. 05745,2016.

[7] MA F,CHITTA R,ZHOU J,et al. Dipole: Diagnosis prediction
in healthcare via attention-based bidirectional recurrent neural
networks[ C] // Proceedings of the 23rd ACM SIGKDD Interna-
tional Conference on Knowledge Discovery and Data Mining.
2017:1903-1911.

[8] CHOI E,BAHADORI M T,SONG L,et al. GRAM:graph-
based attention model for healthcare representation learning
[C]// Proceedings of the 23rd ACM SIGKDD International Con-
ference on Knowledge Discovery and Data Mining. 2017 787-
795.

[9] MA F,YOU Q,XIAO H,et al. Kame: Knowledge-based atten-
tion model for diagnosis prediction in healthcare[ C] // Procee-
dings of the 27th ACM International Conference on Information
and Knowledge Management. 2018:743-752.

[10] GAO J,WANG X,WANG Y.et al. Camp: Co-attention memory
networks for diagnosis prediction in healthcare[ C]//2019 IEEE
International Conference on Data Mining (ICDM). IEEE, 2019

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

1036-1041.

LI H,LI W H,CHEN W, et al. Diagnostic prediction based on
Node2vec and knowledge attention mechanisms[ J]. Computer
Science,2021,48(S2) :630-637.

LI Y.QIAN B,ZHANG X,et al. Knowledge guided diagnosis
prediction via graph spatial-temporal network[ C] // Proceedings
of the 2020 SIAM International Conference on Data Mining.
2020:19-27.

TROTT P. International classification of diseases for oncology
[J]. Journal of Clinical Pathology.1977,30(8) :782.

COST H,PROJECT U. Clinical classifications software (CCS)
for ICD-9-CM[]J]. www hcup-us. ahrq. gov/toolssoftware/ccs/
ces. Jsp.

BENGIO Y,COURVILLE A,VINCENT P. Representation
Learning: A Review and New Perspectives[ ]J]. IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, 2013,
35(8):1798-1828.

KIPF T N,WELLING M. Semi-supervised classification with
graph convolutional networks[J]. arXiv:1609.02907.2016.
VASWANI A,SHAZEER N,PARMAR N,et al. Attention is
all you need[J7. arXiv:1706. 03762,2017.

JOHNSON A E W,POLLARD T J,SHEN L,et al. MIMIC-1II,
a freely accessible critical care database [ J]. Scientific Data,
2016,3(1):1-9.

JOHNSON A, BULGARELLI L,POLLARD T, et al. MIMIC-
1V,a freely accessible electronic health record dataset[ J/OL].
https://physionet. org/content/mimiciv/1. 0/.

SRIVASTAVA N, HINTON G,KRIZHEVSKY A,et al. Drop-
out:a simple way to prevent neural networks from overfitting
[J]. The journal of machine learning research, 2014, 15 (1):
1929-1958.

KINGMA D P,BA J. Adam: A method for stochastic optimiza-
tion[J]. arXiv:1412. 6980, 2014.

LI M,ZHANG T,CHEN Y,et al. Efficient mini-batch training
for stochastic optimization[ C] // Proceedings of the 20th ACM
SIGKDD International Conference on Knowledge Discovery and

Data Mining. 2014:661-670.

YANG Xianming, born in 1999, post-
graduate. Her main research interests
include deep learning and bioinforma-

tics.

221100232-6

DING Haiyan, born in 1974, master, as-
sociate professor. Her main research in-

terest is intelligent data processing.




