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Abstract: Objective To apply Adaboost in the determination of hypoglycemia treatment plan in patients with type 2 diabetes.
Methods Clinical data about 3 005 patients with type 2 diabetes hospitalized in the first medical center of Chinese PLA General
Hospital from 2013 to 2017 were collected, including medical prescriptions, biochemical testing results, clinical manifestations,
demographic characteristics, etc. Adaboost algorithm was used to establish the machine learning model and classify the treatment
plan of the patients, with 1 697 cases as training set and 1 308 cases as testing set randomly, and then accuracy and Kappa coefficient
of the model were computed. Results The prediction accuracy of the model by Adaboost was 64.2% and the Kappa coefficient was
0.36. After analyzing the model established by Adaboost, we found that UCr, HbAlc, CK-MB, FBG, etc. were significantly related
to the treatment plan selecting. Conclusion To some extent, Adaboost algorithm is feasible and accurate in predicting hypoglycemia
treatment plan.
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Tab. 1 Classification of medication schemes for hypoglycemic drugs

Index Name of classification Description
® GLP-1 receptor agonists All prescriptions for GLP-1 receptor agonists
@ Basal insulin + dietary insulin Basal insulin + short-acting or fast—acting insulin
® Premixed insulin Premixed insulin
@ Dietary insulin Short—acting or fast—acting insulin
® Basal insulin + oral anti-diabetic drug (Short-acting insulin + isophane insulin) + oral anti—diabetic drug
© One oral anti—diabetic drug Take one oral anti—diabetic drug alone
@ Two oral anti—diabetic drugs Combinations of two oral anti—diabetic drugs
Multiple oral anti—diabetic drugs More than two oral anti-diabetic drugs
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Tab.2 Quantity of samples for four medication schemes

(n=3 005)
Index Name of classification Quantity of samples (n)
Class 1 Basal insulin + Dietary insulin 1439
Class 2 Premixed insulin 769
Class 3 Basal insulin + Oral medicine 552
Class4  multiple oral anti-diabetic drugs 245
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Fig.1 The top 20 important variables in Adaboost model
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Tab.3 Demographic and clinical characteristics of samples using different medication schemes

Variable All Class 1 Class 2 Class 3 Class 4 Missing rate (%)
Demographic variable
Age (yrs) 54.07 = 13.74 52.7 +14.89 55.65+ 1221  54.31+12.57 56.62 + 1291 0.00
Sex (n, %)
male 1 922(64.0) 903(62.8) 480(62.4) 384(69.6) 155(63.3) 0.00
female 1 083(36.0) 536(37.2) 289(37.6) 168(30.4) 90(36.7) 0.00
Vital signs
BMI 26.23 +3.41 25.95+3.75 26.51 +2.93 26.46 +3.15 26.49 +3.17 0.57
Biochemical indicator
HbAlc (%) 8.76 £2.03 9.48 +2.20 797 +1.61 8.5+ 1.59 775+ 1.49 5.99
Thil (. mol/L) 10.9 + 4.60 10.74 + 4.65 10.89 +4.38 11.2+4.77 11.15+4.57 1.03
Dbil ( mol/L) 3.17+1.47 3.09 £ 1.49 3.15+1.43 3.39+1.49 325+1.42 1.10
ALP (U/L) 70.25 +20.76 73 +22.18 67.61 +19.06  67.04+18.13 69.89 +21.02 1.60
Urea (mmol/L) 5.69+2.02 5.8+2.22 5.88 £2.06 537+ 1.54 520+ 1.41 1.43
GGT (U/L) 30.46 + 21.67 30.5£21.93 28.71 +£20.94 31.7+£20.97 32.92 +23.57 3.19
TG (mmol/L) 1.91+1.24 1.94 +1.32 1.80+1.14 2.01 +1.20 1.84 + 1.06 2.70
SUA (. mol/L) 314.54 + 88.45 31096 £93.73  317.44+8391 314.38+77.80 326.66 +92.24 0.47
LDH (U/L) 15291 +31.28 155.62 +32.72  154.29 +30.88 146.03 +28.34 148.45 +27.53 2.73
Na (mmol/L) 140.96 + 3.05 140.29 +3.34 141.65+2.67  141.32+2.63 141.86 +2.31 0.63
Chloride (mmol/L) 102.22 +3.42 101.61 +3.79 103.05+3.00  102.43 +2.90 102.65 +2.78 0.57
P (mmol/L) 1.22+0.19 1.22+0.20 1.22+0.19 1.22+0.16 1.19+0.17 0.77
HDL-C (mmol/L) 1.06 +0.29 1.06 +0.31 1.08 £0.29 1.01 +£0.25 1.05+0.27 0.70
LDL-C (mmol/L) 2.78 +0.91 2.82+0.95 2.76 +0.88 2.76 £ 0.87 2.68+0.78 0.60
CK isoenzyme (U/L) 15.28 +4.67 15.58 £4.67 15.33 £4.60 14.43 £ 4.68 1533 £4.70 15.67
GLU (mmol/L) 9.33 +4.06 10.53 +4.63 8.08 £3.13 8.81+3.35 7.62+2.11 1.50
FT3 (pmol/L) 15.36 +2.36 15.46 +2.41 15.01 +2.39 15.53+£2.25 1543 +2.13 6.52
FT4 (pmol/L) 4.43 +0.61 4.33+0.66 4.49+0.58 4.57+0.52 452+0.51 6.36
UCr (mmol/L) 54.81 +101.22 71.85+118.00 50.32+9599  31.22+63.93 25.16 +51.60 19.07

Complication (n, %)

Diabetic macroangiopathy

No (0) 2136(71.1) 1035(71.9) 541(70.4) 398(72.1) 162(66.1) 0.00

Yes (1) 869(28.9) 404(28.1) 228(29.6) 154(27.9) 83(33.9) 0.00
Diabetic nephropathy

No (0) 2282(75.9) 1033(71.8) 562(73.1) 472(85.5) 215(87.8) 0.00

Yes (1) 723(24.1) 406(28.2) 207(26.9) 80(14.5) 30(12.2) 0.00
Diabetic retinopathy

No (0) 2290(76.2) 1 041(72.3) 567(73.7) 469(85.0) 213(86.9) 0.00

Yes (1) 715(23.8) 398(27.7) 202(26.3) 83(15.0) 32(13.1) 0.00
Diabetic peripheral neuropathy

No (0) 2 104(70.0) 993(69.0) 514(66.8) 425(717.0) 172(70.2) 0.00

Yes (1) 901(30.0) 446(31.0) 255(33.2) 127(23.0) 73(29.8) 0.00
Hypertensive

No (0) 1 486(49.5) 734(51.0) 349(45.4) 291(52.7) 112(45.7) 0.00

Yes (1) 1 519(50.5) 705(49.0) 420(54.6) 261(47.3) 133(54.3) 0.00
Hyperlipidemia

No (0) 1 656(55.1) 785(54.6) 440(57.2) 298(54.0) 133(54.3) 0.00

Yes (1) 1 349(44.9) 654(45.4) 329(42.8) 254(46.0) 112(45.7) 0.00
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Tab.4 Composition of samples

Type of data set Class 1 Class2 Class3  Class4  Total
Training dataset 575 461 441 220 1697
Testing dataset 846 308 111 25 1308

F 5 H— CART RRHWRBIRRIEHER
Tab.5 Prediction result of CART model

True
Predict

1 2 3 4 Total

1 620 101 31 10 763

2 81 136 20 4 243

3 161 70 59 7 300

4 2 1 1 4 12
Total 864 308 111 25 1308

3 6 Adaboost & ZY R E 5B FE
Tab. 6 Prediction result of Adaboost model

Predict True

1 2 3 4 Total

1 625 86 25 8 745

2 81 138 14 5 240

3 156 33 72 7 321

4 2 1 0 5 12
Total 864 308 111 25 1308
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