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Application of data mining techniques in diabetes risk prediction
LI Yang, GAO Hailin, LI Ziyang, ZHANG Beibei, WU Dan

(Medical Information Engineering Department of Kangda College, Nanjing Medical University, Lianyungang 222000, Jiangsu, China)

Abstract ; Predicting the risk of diabetes accurately can intervene and treat diabetes in a timely manner, reduce the risk of patients’
pain and infection complications. This paper focuses on exploring the applicability of data mining technology in the diagnosis of
diabetes risk prediction and auxiliary diagnosis. Disease feature selection is used to analyze the relevance of features in disease
diagnosis, and several machine learning algorithms such as random forests are further utilized to predict the risk of diabetes. The
analysis based on the Sylhet diabetes dataset found that 7 disease—related features are screened out by using SVM-RFE, reducing the
number of features by 56%. With these disease—related features as input, the training of 5 machine learning algorithms achieves risk
prediction for diabetes with prediction accuracy rates of over 90% for each algorithm. Among them, the Random Forest algorithm
performs the best, with an accuracy rate of 95. 3% in ten—fold cross—validation, an F'1 — Score of 96.2% , and an AUC of 0. 980. It
is demonstrated that machine learning algorithms can accurately predict the risk of diabetes. Using diagnostic features obtained from
disease feature selection as algorithm input not only ensures accuracy, but also improves diagnostic efficiency.
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Table 1 Description of attributes in diabetes early diagnosis dataset

FEOE S RS A HUE
Age AEU 16 - 90 (years)
Gender PEH 0: Female; 1: Male
Polyuria ZIRIE 0: No; 1: Yes
Polydipsia S 0: No; 1: Yes
Sudden weight loss (SR % 0: No; 1: Yes
Weakness AR5 0: No; 1: Yes
Polyphagia ZHIE 0: Noj; 1: Yes
Genital thrush AT A 0: No; 1: Yes
Visual blurring PLTEAEA 0: Noj; 1: Yes
Itching JEIE 0: No; 1: Yes
Irritability S 0: Noj 1: Yes
Delayed healing FER S 0: Noj; 1: Yes
Partial paresis 53 0: No; 1: Yes
Muscle stiffness AR S 0: No; 1: Yes
Alopecia Jiit & 0: No; 1: Yes
Obesity AR 0: Noj 1: Yes
Class R EAVERIG  0:Negative; 1:Positive

1.2 HEFRHEEE
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Fig. 1  Diabetes diagnosis implementation process using data

mining
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O, M SVM-RFE 3B A FHIE I B 1231 3R AR AR 2 RIHERX A
W) N Table 2 Di lati lysi
T{ﬁﬁjﬁ”%ﬂﬂ*ﬁ% EF' E/‘J Eg*ﬁ%g , éﬁ%m‘% 2 o able 1Sease SymptOmS correlation ana ySIS
) . o e - WEME A ORHK RHEE R
. Gender . Polyuria . Polydipsia i % K B HERE
P P P Age FAS%  0.0130 & 0.106 3
F M N Y N Y N o
sudden weight loss weakness Polyphagia Gender VRIS 3.290e-24 & 0.406 4
N N N
P P P Polyuria XZ K 1.74le-51 J& 0.551 2
NoY N Y N Y Polydipsia VR 6.187e-49 & 0.541 1
Genital thrush visual blurring Ttching
N N N Sudden weight loss Xz W 5.969e-23 & 0.397 5
P P P
Ny N ¥ Ny Weakness AaY:  4.870e-08 JE 0.232 15
Trritability delayed healing partial paresis Polyphagia XZ i 1.165e-14 & 0.320 10
N N N
P P P Genital thrush K 0.016 1 JE 0.104 14
N Y N Y N Y . .
muscle stiffness Alopecia Obesity Visual blurring Xz i 1.701e-08 s 0.240 11
N N N Ttching V% 0.8300 A 0.009 13
p p p
N Y N Y N Y Irritability VHRE 1.771e-11 & 0.282 7
B2 GEEERANSITTER Delayed healing > K36 0.3270 o 0.042 8
Fig. 2 Disease symptoms frequency statistics results Partial paresis  y*#&4 1.565e-22 J& 0.393 6
e R N e Muscle stiffness ﬁ/ﬁgﬁ 0.007 0 J&=  0.117 12
2 BB RRIE -5 9 18] 18 AH O FHARPAE B 2 A , = o
et o A . A e Alopecia b4 KL 1.909e-09 J& 0.254 9
o, B8 T INRFEAE PR 2 WA AR IE AR | (035 4F _ ,
Obesity DAL 0.127 0 % 0.066 16
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Fig. 3 Construction of decision tree for diabetes diagnosis
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Table 3 Evaluation of diabetes risk prediction results by multiple algorithms
n B AT AR P AR D ARAE
BOW sk A A
ZEMIE SVM R KNN  BEPLEZAR  BEE SVM R KNN  FfHLARAK
YLk Ace 0. 937 0. 944 0. 995 0.923 1. 000 0.927 0. 925 0. 966 0.915 0. 983
Precision 0. 941 0. 949 0. 996 0.974 1. 000 0.935 0.928 0. 987 0.952 0. 990
Recall 0. 956 0. 960 0. 996 0. 897 1. 000 0.943 0. 947 0. 955 0. 902 0.979
F1 = Score  0.949 0. 954 0. 996 0. 934 1. 000 0.939 0.937 0.971 0.927 0. 985
AUC 0.932 0. 940 0. 994 0. 930 1. 000 0.924 0. 920 0. 968 0.918 0. 983
i Acc 0.923 0. 942 0. 961 0. 875 0. 980 0.923 0. 942 0. 923 0. 817 0. 961
Precision 0. 967 0. 968 1. 000 0. 981 1. 000 0. 945 0. 958 0. 985 0. 935 0. 985
Recall 0. 909 0. 939 0.939 0. 818 0. 969 0. 945 0. 958 0. 904 0. 794 0. 958
F1 = Score  0.937 0.953 0. 968 0. 892 0. 984 0. 945 0. 958 0. 942 0. 859 0.972
AUC 0.928 0. 943 0. 969 0. 895 0. 984 0.908 0. 931 0. 935 0. 832 0. 963
1.0 1.0
0.8 0.8
2
[ T
2 06 T 06
2 =
= g
£ =
g 04 & 04
= . . Linear Regression
Linear Regression SVM
SVM R Jom Fores
02 Random Forest 02 K;II\(J om Forest
KNN Decision T
Decision Tree Rleu:lon (V;e?‘.r
0 Random Classiﬁg]' O andom Ulassilier
0 0.2 0.4 0.6 0.8 1.0
0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

(a) A FHIE A TR BTN ROC 2k

False Positive Rate

(b) SFRBAEAE A TR B ROC #HZ

B4 HERBTN ROC H 2
Fig. 4 ROC curve for diabetes predictions
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Table 4 10—fold cross validation of multiple algorithms for diabetes

predictions
A Ace  Precision  Recall F1 —score AUC
WHFEGE 0.913 0.935  0.928  0.930  0.963
SVM 0.898  0.908  0.934  0.919  0.958
AR 0.944  0.966  0.943  0.954  0.952
KNN 0.898  0.951  0.878  0.912  0.952
RHALARAK  0.953 0.973 0.953  0.962  0.980

2.2 LWERSH
Sylhet ¥ bR E 9 42 LA P B o 3, JLRRAE
PR R PR B PRAEIR . T8 a6 4 K3, AT H]
RIS FAIAR ISR 5 R G R &R, K
BRI 13 AR5 02 15 AR IR 2 A G . H
Hh, Z PR AE (Polyuria ) A58 ( Polydipsia ) F#1E 5 4%
PRIR o< BE 5 P He K, 9K FF (Tiching) | ZE 3R B &
( Delayed healing) . AEJFE ( Obesity ) 5 J& 7 A B IR
WICGHARC, 0T SVM-RFE Jy LR
ZEVEHEY 5 AH OCHE BE SR - —3K, Delayed healing
REAE X I A0 B S AR RS 8 o7, [H R A I A
ZHIA) TG W 25 5, I LA B 7 R AEAE S 0
*U%U*ﬁ?ﬁ*?ﬁE FROEECE I D S6% ., MR 3 5%
S5V AT, F FHAL & 2% 2 580060 PRI XU
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