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Abstract This study was undertaken to find the most suitable algorithm for analyzing and predicting the
factors affecting the prevalence of diabetic nephropathy by using various machine learning techniques
that are efficient for large datasets. We analyzed the data collected across five years through the
National Health and Nutrition Examination Survey conducted by the Korea Centers for Disease Control
and Prevention. The final analysis subjects included were 548 in 2015, 626 in 2016, 598 in 2017, 575
in 2018, and 607 in 2019. For quantitative prediction of eGFR reduction, five classification algorithms
were reviewed: kNN, decision tree, LGBM, Voting, and XGBoost. To evaluate learning and prediction
accuracy quantitatively, Root Mean Square Error and R® were used as indicators. Data were analyzed
using XGBoost and the results were applied to a hyperparameter with the Random Forest Regressor as
the standard of the algorithm, which showed the Kendall correlation to be greater than or equal to 0.07
from 12 factors. The result of machine learning showed an R? score of 0.752 and a minimum MAE of
0.231. Based on the findings of this study, we aim to construct a new prediction model for gauging the
risk of developing complications of diabetes.
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Table 1. Data Attributes and Format at the First analysis

Attribute Data Format

Age Nominal (Female, male)

House income Nominal (1.2,3,4)

Education Nominal (1.2,3,4)
Occupation Nominal (1,2,3,4,5,6,7)
Hypertension Nominal (N, Y)
Dyslipidemia Nominal (N, Y)
Myocardial infarction Nominal (N, Y)
Angina Nominal (N, Y)
Thyroid disease Nominal (N, Y)
Depression Nominal (N, Y)
Blood pressure Numeric
Waist circumference Numeric
Body mass index Numeric
Blood sugar test Numeric
Blood test
Insulin Numeric
HbA1C Numeric
Total Cholesterol Numeric
HDL cholesterol Numeric
LDL Cholesterol Numeric
SGOT/SGPT Numeric
SGPT Numeric
Hemoglobin Numeric
Hematocrit Numeric
Blood urea nitrogen Numeric
Creatinine Numeric
White Blood Cell Numeric
Red Blood Cell Numeric
C-reactive protein Numeric
Thyroid stimulation hormone Numeric
Thyroid hormones T3 Numeric
Thyroid hormones T4 Numeric
Urine Test
Uric acid Numeric
Nitrate of urea Numeric
Specific gravity of urine Numeric
Protein Numeric
Glucose Numeric
Ketone Numeric
Bilirubin Numeric
Cotinine Numeric
Creatinine Numeric
Sodium, iodine Numeric
Todine Numeric
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Table 2. Prediction results by algorithm

Algorithm Min. Value of MAE R* Score
k-NN 0.317 0.521
Decision tree 0.339 0.453
Voting 0.307 0.551
LGBM 0.324 0.501
XGBoost 0.231 0.752
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Fig. 2. Result of XGBoost

212 2%

%27] REg F&3=T] 417119 ©4=7} o]&EHgloH
ALEATYE Bl 2 B fdolls 12719 HEE
o] A##A7} Aen BUN, HDL-Cholesterol,
o], sjg=el, A, WIL, AUEE, 89, 237]
gy, dua24 £08 =2 F3wE vellthFig. 3).



Azl 1A A

Feature importance

\
EY)

F-score

Fig. 3. Importance of variables used in XGBoost

—
o 0]

o 9]5}‘:5 eGFRE& A4bsl7| 943t 8% ﬂﬂo}ﬂ"‘
2] d=ZA1} XGBoost Regression &' 9] A&7}
7 =3t APATFNAE XGBoostE E-83F T
W A& duElE ArolAE e BT 86%Y s
< Adsta 23], H74 Aol EtEEE dSste
YoMz 2H9 Aol 7P £A 87 XGBoost
oA 107 S3WGE P4 F4ste] BrIet o
AR AUCTE 78 =4 UebdtH24]. 122
YR Ao A= Biomedical data E49] XGBoostS
A&t o] B 714 #4E olgste A B =
sioha Brtsled[25] Aot fARRE Aag Ve SIc
XGBoost= JAE 2d9] EAE(Boosting)”|H<
o] g%t Bdojtt, YAE EHL of] 2EE o]-&5to
55 otr, RE9 ASATE Hdcte] &L st
o g o] R AR wet 23 o]zt
ghch 1A Wi (Bagging) 713 £AY 7o
EREe A 7S o 2dS HE FAo
TEAI7IE 7o, A" 71 ot 2R 7t
53 e BdS ddele] At dE weEs A
i Fol7l HolHE Rt BR71E BolA ST =
FE 24 UBhts AE E o
Al TEAIA AFE £0] W Aotk A WA gk5S
Bl BAEE 2EY 7E £ol7] {9 HolsEE oy
Hes fapHo s qu Wb HE di= 24 29 4
= golo] Foit) giEZ Q9 EAH 0 g = AdaBoost,
XGBoost7} 1, £ AFoA= FAY 7S o] 83

~— T—0o0

lFHUHUH'T

=]
]:"

189

on, I Fof XGBoosts AREFHTH26].
biomedical data”} thFotH kAol Agto] wha} @ %k
7} Slof o]F o] Wi 714 Sl Zlo] 5875
7] fi&olct. ol=gt HJ?'QS T SRE R SVM,
RF 52 57712 AMEEE A7olA9 HE% 71~74(%)
Hroh =4 YeRTH271.

£ AollM XGBoostE AF8%E Feature Importances
&5 BUN, HDL, 1%, slgl=al, 181 ddo] E%
AZotEld 3] RE 71E2= F8 HE AAEA
e} o] HaET P FEHY BAE AWE 2
87} 9ot

AR AFIANBUN)= 5 Ioteddt A A%
7= ERlsk= AEA AxE, & AFoIA Feature
Importance’t AY =4H 7 G TEH 4=
o XGBoost ¢112E ZFo] Azt Ao WAt 4
Aok E3E A2Y F R4 HDL-EH AHEC]
258 9 TEHY U9 9¥el ¥, HDL-F
g aEEo] FAEH EF AFotEdo] SV A
PA+E 1T o] HDL-SAHES G d T8
Ho] #aHol 9SS XGBoost ¥1HE EHS F83tH
2 ATo|A T RIS 4= ArH28]. 8yt ofyz & A
9] Feature ImportancelA] Al AAZ =4 Uefd A
Eas ”ﬁ%—”itq T dRt¥ o g Yo7t EWA F7|7F
ZolA FEOR 7hes EHVF £ kHES deElUie
AREA] 014'501 A& A5 =Hol 1Y I,E it
T 22 vHAS Al 32 71E AAavt H g AgEE
U Ao Sy 3 AR ABAT-E(5,29]
AR g o] Qo BERHREY] X #7t 5]h aﬂ%a]
GA| & A4 EF AZotEd 429
‘?'l &2 AAE Y=, ol FFH[go] ‘:}hhﬂﬂ 5

o] I vFthe HEEA Aot YA

[30]. Bt opde}, g ofn| APATEIS,29]
of B T A5 AR LA v 2
TolMY T TEE A5 7ASE F8E 9
XGBoost ¢1E|& g9 A A HFEog
. £3], XGBoost2] % IQR (Interquartile Range)
AolA] g1 BAMok= A AAY T
Higo 2 glolEAle] FErE Y 4 lol31] B
é T2 I = o8 7H] dUE 4S9
o8 {85t
2 Atoss FNATILFEAL YARRE 089
of 9 2 I A& 4 £8 9989 AE
3}7] 93] XGBoost 2¥-L Aoteltt. TARE o]

o=

2 O
By

T_._T

>~l

rsh r& o}m rl‘

oFxz

o1~



AR &85 =2 A A2338 A7E, 2022

&t BYE F551 HSAENA RFEY &4
52 R*E o83}l H713E A3, XGBoost2| &4
o] k-NN, Decision tree, LGBM, Voting 8]} £
g ZAog yeyth 13y Gy FEHS tY
AQlof| 9Jsto] WS & QU= v FoIEt HEES
Zh=d| A7} St} 5 AW o) e Ay v
A 71 FHTE 7170] Basht £ AolA AREE =
AR YFzZA = FH AF(cross-sectional data)
E2A AZE Ao o WskE AWE S glo] A T
Ao Zo] 9 AZRAH 821 7+ ATTA gt ot
ofo] ojgrh= ©Ho] Stk SHA|TE £ dA4E Hige R
TS APEE dS5ote AEL A 2dE 74
sto] w4leld HEAS PAH|AR AFsto] AAIZE A%
o] Bestons Fa DY GUE 4 9 IS
52 B0l T TRl GRS APk A%
AEATE TR ulbsk: 712AEE AlFStAt gt

:1)‘ o oX

_?*E

p

(]

References

[11 H. J. Seo, “Effects for Comorbidities of Chronic
Kidney Disease on the Progression to End-stage Renal
Disease”, Journal of Health Informatics and Statistics,
Vol.45, No.4, pp.356-364, 2021.

DOI: https://doi.org/10.21032/ihis.2020.45.4.356

K. W. Oh, Y. J. Kim, S. H. Kweon, S. Y. Kim, S. H.
Yun, et al., ‘Korea National Health and Nutrition
Examination Survey, 20th anniversary: accomplishments
and future directions”, Epidemiology and health,
Vol.43, €2021025, 2021

DOI: https://doi.org/10.4178/epih.e2021025

(2]

[3] Association AD, “11. Microvascular complications and

foot care: standards of medical care in
diabetes-2019", Diabetes Care, Vol.42(Suppl 1),
$124-S138, 2019.
DOLI: https://doi.org/10.2337/dc19-S011

[4] T. Yamazaki, I. Mimura, T. Tanaka, M. Nangaku,

“Treatment of diabetic kidney disease: current and
future”, Diabetes & Metabolism Journal, Vol.45, No.1,
pp.11-26, 2021.

DOI: https://doi.org/10.4093/dmj.2020.0217

[5] D. H. Yang, S. Y. Lee, ‘Diabetic kidney disease: seven
questions”, Journal of the Korean Medical
Association, Vol.63, No.1, pp.6-13, 2020.

DOI: http://doi.org/10.5124/jkma.2020.63.1.6

R. Retnakaran, C. A. Cull, K. I. Thorne, A. I. Adler, R.
R. Holman, UKPDS Group, ‘Risk factors for renal
dysfunction in type 2 diabetes: UK Prospective Diabetes
Study 74", diabete, Vol.55, No.6, pp.1832-1839, 2006.
DOI: https://doi.org/10.2337/db05-1620

(el

190

[7]

8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[10]

Y. A. Hong, T. H. Ban, C. Y. Kang, S. D. Hwang, S. R.
Choi, et al., “Trends in epidemiologic characteristics
of end-stage renal disease from 2019 Korean Renal
Data System (KORDS)”, Kidney research and clinical
practice, Vol.40, No.1, pp.52-61, 2021.
DOI:_https://doi.org/10.23876/i.krcp.20.202

S. Y. Kim, A Analysis in Complication Prediction
Using Machine Learning Prediction Algorithm

Focusing on National Health Data, Master's thesis,
Namseoul University, Cheonan, Korea, pp.1-4, 2019.

E. Choi, M. T. Bahadori, A. Schuetz, W. F. Stewart, J.
Sun, “Doctor Al: Predicting clinical events via
recurrent neural network”, Proceeding of Machine
Learning for Healthcare, JMLR W&C Track, Vol.56,
pp.1-16, August 2016. Available From:
http://proceedings.mlr.press/v56/Choil6.pdf

J. A. O'Brien, A. R. Patrick, J. Caro, “Estimates of
direct medical costs for microvascular and macrovascular
complications resulting from type 2 diabetes mellitus
in the United States in 20007, Clinical therapeutics,
Vol.25, No.3, pp.1017-1038, 2003.

DOI: https://doi.org/10.1016/s0149-2918(03)80122-4

7. C. Lipton, D. C. Kale, C. Elkan, R. Wetzel,
“Learning to diagnose with LSTM recurrent neural
networks”, arXiv preprint [cited 2015 November 11],
Available From:
https://arxiv.org/pdf/1511.03677v4.pdf
March. 20, 2022)

B. J. Lee, “Prediction model of hypercholesterolemia
using body fat mass based on machine learning”, 7he
Journal of the Convergence on Culture Technology,
Vol.5, No.4, pp.413-420, 2019.

DOI: https://doi.org/10.17703/JCCT.2019.5.4.413

Y. J. Jang, Y. S. Choy, C. M. Nam, K. T. Moon, E. C.
Park, “The effect of continuity of care on the
incidence of end-stage renal disease in patients with
newly detected type 2 diabetic nephropathy: a
retrospective cohort study’, BMC nephrology, Vol.19,
No.1, pp.1-12, 2018.

DOI: https://doi.org/10.1186/s12882-018-0932-3

V. Gulshan, L. Peng, M. Coram, M. Coram, M. C.
Stumpe, D. W, A. Narayanaswamy et al.,
“Development and Validation of a Deep Learning
Algorithm for Detection of Diabetic Retinopathy in
Retinal Fundus Photographs”, JAMA. Vol. 316, No.22,
pp.2402-2410, 2016. Available From:
.//iamanetwork.com/journals/jama/article-abstra

(accessed

ct/2588763

L. A. Stevens, J. Coresh, T. Greene, A. S. Levey,
“Assessing kidney function—measured and estimated
glomerular filtration rate”, New England Journal of
Medicine, Vol.354, No.23, pp.2473-2483, 2006.

DOI: https://doi.org/10.1056/NE]Mra054415

National Kidney Foundation [Internet]. U. S. Available
From: https://www.kidney.org/atoz/content/gfr
(accessed Jan. 2, 2022)




B4 Y A9 7AE H8S

T
i

A BR7l s

]
e

(17]

(18]

(19]

[20]

(21]

(22]

[23]

(24]

[25]

[26]

(27]

The Korean socierty of nephrolgy [Internet]. Korea.
Available From:
https://ksn.or.kr/general/about/check.php (accessed
Jan. 2, 2022)

N. K. Hong, H. J. Park, Y. M. Rhee, “Machine learning
application in diabetes and endocrine disorders”,.
The Journal of Korean Diabetes, Vol.21, No.3,
pp.130-139, 2006.

DOI: https://doi.org/10.4093/ikd.2020.21.3.130

E. S. Choi, N. J. Park, “Application and Development
of Machine Learning Training Program based on
Understanding K-NN Algorithm”, _Journal of The
Korean Association of Information Education, Vol.25,
No.1, pp.175-184, 2021.

DOI: https://doi.org/10.14352/ikaie.2021.25.1.175

J. S. Chou, C. F. Tsai, A. D. Pham, Y. H. Lu, “Machine
learning concrete  strength  simulations:
Multi-nation data analytics”, Construction and
Building materials, Vol.73, pp.771-780, 2014.

DOI https://doi.org/10.1016/j.conbuildmat.2014.09.054

M. Zafari, D. Kumar, M. Umer, K. S. Kim, “Machine
learning-based high throughput screening for
nitrogen fixation on boron-doped single atom
catalysts”, Journal of Materials Chemistry A, Vol.8,
No.10, pp.5209-5216, 2020.

DOI: https://doi.org/10.1039/C9TA12608B

in

W. Li, Y. Yin, X. Quan, H. Zhang, “Gene expression
value prediction based on XGBoost algorithm”,
Frontiers in genetics, Vol.10, Article 1077, 2019.
DOI: https://doi.org/10.3389/fgene.2019.01077

D. H. Kim, M. K. Jwa, S. J. Lim, S. M. Park, J. W. Joo,
“A Study on the Prediction Algorithm of Diabetes
Based on XGBoost: Data from the 2016~2018 Korea
National Health and Nutrition Examination Survey”,
The Korean Institute of Communications and
Information Sciences, pp.965-966, February 2021.

I. J. Lee, J. Lee, “Predictive of Osteoporosis by
Tree-based Machine Learning Model in Post-
menopause Woman’, Journal of radiological science
and technology, Vol.43, No.6, pp.495-502, 2020.
DOL: https://doi.org/10.17946/JRST.2020.43.6.495

G. N. Dimitrakopoulos, A. G. Vrahatis, V. Plagianakos,
K. Sgarbas, “Pathway analysis using XGBoost
classification in Biomedical Data”, Proceedings of the
10th Hellenic Conference on Artificial Intelligence,
Patras Greece, Article No.46, pp.1-6, July 2018.
DOI: https://doi.org/10.1145/3200947.3201029

T. Chen, C. Guestrin, “Xgboost: A scalable tree
boosting system”, Proceedings of the 22nd acm sigkdd
international conference on knowledge discovery and
data mining, pp.785-794, August 2016.

DOI: https://doi.org/10.1145/2939672.2939785

M. A. Sarwar, N. Kamal, W. Hamid, M. A. Shah,
“Prediction of diabetes using machine learning
algorithms in healthcare”, 2018 24th international
conference on automation and computing (ICAC),

191

IEEE, Newcastle Upon Tyne, UK, September 2018.
DOL: https://doi.org/10.23919/IConAC.2018.8748992

X. Chen, Q. Yin, L. Ma, P. Fu, “The Role of Cholesterol
Homeostasis in Diabetic Kidney Disease”, Current
Medicinal Chemistry, Vol.28, pp.7413-7426, 2021.

DO https://doi.org/10.2174/0929867328666210419132807

R. Z. Alicic, M. T. Rooney, K. R. Tuttle, ‘Diabetic
kidney disease:challenges, progress, and possibilities”,
Clinical Journal of the American Society of
Nephrology, Vol.12, pp.2032-2045, 2017.

DOI: https://doi.org/10.2215/C]N.11491116

Q. Zhaoa, X. Yib, Z. Wanga, ‘Meta-Analysis of the
Relationship betweenAbdominal Obesity and Diabetic
Kidney Diseasein Type 2 Diabetic Patients”, Obes
Facts, No.14, pp.338-345, 2021.

DOL https://doi.org/10.1159/000516391

J. Jung, N. Lee, S. Kim, G. Seo, Oh, H. “Diabetes prediction
mechanism using machine learning model based on
patient IQR outlier and correlation coefficient.”,
Journal of the Korea Institute of Information and
Communication Engineering, No.25, pp. 1296-1301, 2021.
DOI: http://doi.org/10.6109/ikiice.2021.25.10.1296

[28]

[29]

(301

311

Hf ©
=l

Zl(Yoonjin Park) [E31

[LLS

19974 29 : FEFSAASt Rt
53l (7ksst gAh
2004y 8¢ : A3t
S AlBjEATS L (ASIEAE HAD
20179 99 : 7 dsta 7ts
Sk} (k58 HAY

20199 9¥ ~ ¥4 : SRgw
7rsshst m

Rkl

o

.

(TAEoR
Agtz,

Z & ZA(Hyekyung Kang) (M3
+ 19984 2¢ : FutsAREE gt

20109 84 :

i O = L= =
At
- 20144 89 : StFdfisty 7k5st
EIZAs

20229 34¥ ~

s 15

@A - SR

(HAEoR
AANE, =9l 9 AHiztE



