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Classification of Diabetes and Impaired Fasting Glucose using

Noninvasive Factors based on Machine Learning Approaches in
Korean Middle Aged Women
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Abstract

This study aimed to build models to classify diabetes and impaired fasting glucose requiring active management of
blood sugar based on machine learning approaches using noninvasive variables, and to evaluate the performance of
each model. The classification models of diabetes and impaired fasting glucose in a total of 215 women aged 40 to
69 were built through six machine learning approaches. The performance of each model was evaluated using nested
cross-validation. The model using elastic net logistic regression reported slightly higher performance. The area of
diastolic period and standard deviation of pulse rate were founded to be relatively important variables in diabetes and
impaired fasting glucose. These results showed the potential of noninvasive variables for the classification of diabetes
and impaired fasting glucose. Also, classification based on machine learning approaches can help clinicians make
clinical decisions and provide healthcare services.
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Table 1. Description of anthropometric measures and pulse wave variables

Variables Description
BMI Body mass index
WCIR Walst circumference
Anthropometric HCIR Hip circumference
measures WHtR Ratio of waist to height
SYS Systolic blood pressure
DIAS Diastolic blood pressure
Sys_area Area of systolic period
Dias_area Area of diastolic period
DS_Ratio Ratio of area of diastolic period to area of systolic period
PSD_w1 Power spectral density at the first harmonic frequency
SE 0 _10Hz Area of spectral energy between 0 and 10 Hz
SE 10.30Hz  Area of spectral energy between 10 and 30 Hz
Pulsg wave STD_PR Standard deviation of pulse rate
variables Stroke Volume Index,
SVI the volume of blood pumped by the heart with each beat divided by the
body surface area
PPI Pulse Pressure Index, maximum pulse amplitude
PD| Pulse depth Index_DMP,

the ratio of applied pressure at peak amplitude to maximum applied pressur
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Table 2. Comparison between diabetes and non-diabetes groups
Variables Total Non-diabetes Diabetes P value
Number of subject 215 180 (83.72) 35 (16.28)
BMI 2371 £ 327 2369 + 333 2378 + 299 884
WCIR 7766 + 874 7746 + 899 7868 + 7.29 .388
Anthropometric HCIR 9364 + 656 938 * 6.79 9285 + 522 356
measures WHIR 049 + 0.06 049 + 0.06 05 + 005 259
SYS 121.77 + 12.31 12093 + 12.73 126.06 = 884 005
DIAS 7892 + 849 783 £ 85 8209 + 7.82 013
Sys_area 5862 = 535 5841 + 522 5966 = 593 250
Dias_area 17.37 + 357 17.72 + 326 1558 + 451 o
DS_Ratio 29.86 + 659 3052 + 6.05 2645 + 8.16 008
PSD_w1 14.61e4 * 9.18¢4 13.82e4 + 8.56e4 18.69e4 + 11.11e4 018
Pulse wave SE_0_10Hz 7.06e3 + 3.67e3 6.76e3 + 3593 861e3 + 3.88e3 012
variables SE_10_30Hz 133 + 126 122 + 106 192 + 192 042
STD_PR 0.02 £ 0.01 003 + 002 0.02 £ 0.01 <.001
SVI 54.31 + 653 54.88 + 6.33 51.36 + 6.85 007
PPI 241.16 + 68.55 237122 + 67.34 261.37 = 72.09 073
PDI 041 + 0.15 041 + 0.16 046 + 0.14 054
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Fig. 1. Relative importance of selected variables for each model
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Table 3. Comparison of performance by each model

Model Accurac Kappa Precision F1 score Sensitivity Specificity
(95% CI (95% CI) (95% CI) (95% CI) (95% CI) (95% CI)
Elastic net 0.698 0.27 0.312 0.436 0.716 0.694
(0.637-0.753) (0.15-0.384) (0.214-0.412) (0.314-0.541) (0.556-0.853) (0.628-0.761)
K-nearest 0.712 0.264 0.317 0.427 0.657 0.723
neighbor (0.651-0.767) (0.136-0.395) (0.211-0.425) (0.305-0.538) (0.488-0.806) (0.654-0.782)
0.656 0.229 0.284 0.412 0.744 0.638
Random forest  (559i-0716)  (0.118-0.342)  (0.197-0376)  (0.298-0512)  (0.583-0.879)  (0.567-0.706)
Support vector 0.609 0.185 0.257 0.382 0.744 0.585
machine (0.544-0.67) (0.079-0.288) (0.173-0.344) (0.27-0.482) (0.586-0.875) (0.511-0.654)
XGBoost 0.628 0.2 0.267 0.391 0.743 0.605
(0.563-0.693) (0.099-0.312) (0.183-0.359) (0.286-0.493) (0.588-0.886) (0.532-0.678)

0512 0.152 0.234 0.371 0.889 0.439
Neural network (0 447-0572)  (0.081-0.227)  (0.167-0.31) (0276-0462)  (0769-0975)  (0.368-0.506)
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Table 4. Comparison of AUC value
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Random 0703 E'as\t/'g ret -
forest (0.616-0.783) Random forest
machine (0.544-0.740) Support vector machine
Elastic net
0.6%4
XGBoost S 634
(0.593-0.787) XGBoost
Neural 0.689 Elas\tllg e 370
network  (0.597-0.776) |

Neural network
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cAe WY ZHXE, J2EY IYUJE H2x
E, A%, AXZE dH mi s o] &3 =Y
o]ATHRF, 0.703 [95% CI, 0.616-0.783]; XGBoost,
0.694 [95% CI, 0.593-0.787]; NN, 0.689 [95% CI,
0.597-0.776]; SVM, 0.652 [95% CI, (0.544-0.746]).
AUC Fto] 7H¢ & detxg ul 283 gz 574
o] B3] AUC s Z ABCE nludt A3 54
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Ois & 55 Itk A48 e e 29
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AUE, 0234 [95% CI 0.167-0.31], F1 &4 = 0371
[95% CI, 0.276-0.462]).
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