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Application of co-training algorithm in noninvasive blood glucose detection
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Abstract: Objective In the study of noninvasive blood glucose detection, obtaining noninvasive physiological parameters is easier
than obtaining true blood glucose. In the pathological database, the number of samples unlabeled with true blood glucose is much
larger than that of labeled samples. This research aims to apply the unlabeled samples to the training of traditional supervised
model for the prediction of blood glucose for effectively expanding the training set and improving the generalization ability of
the model. Methods Based on the theory of conservation of energy metabolism and the natural multi-view characteristics of
noninvasive physiological parameters, a semi-supervised learning algorithm was applied to the prediction of blood glucose. An
algorithm based on multi-view co-training and support vector regression was proposed for the prediction of blood glucose. Results
The experimental analysis showed that at a certain labeling rate, the prediction error of algorithm based on co-training is lower
than that of traditional supervised learning algorithm, which indicated that unlabeled samples could effectively improve the
generalization ability of the original model. Conclusion Co-training algorithm can fully utilize large-scale unlabeled samples,
improve the generalization ability of model, and reduce the workload of labeling blood glucose samples, providing a new idea
for the future research on noninvasive blood glucose algorithm.
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Calculate the mean and standard deviation of j-th
column data of the independent variable matrix
X and the blood glucose true value vector Y, as
X;. Y, sx;, sy;.

Matrix centralization:
. _|i=12,..,n
Y =X T =120
. _ _[i=12,..,n
Yij = Yij = Yj» j=12..,n
Standardization:
e = xjj — s%;
fij = yij — sy

Output: standardized input and
output matrix.
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Fig.1 Flow chart of data standardization
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#F1 ET SVREHZ L EMEIIZRA MLAEFUN S
Tab.1 Multi-Viewed Co—training style blood glucose regression algorithm based on SVR
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W <= SVRAL U, UMN(E,g))s b, < SVRUL, Uy, UN(0,2))
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Xt j=1,2 . # max (8)>0, L, , <L, ;U argmax_, ()

#E—W L L R R A Bk A
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BB : h(x) = 0.5%(h,(v(E.g)) +hy(2(0.8)))

Variable Importance for Projection(VIP)
T T T T

%2 FEIFIE FLBRLER (S5 :5=50;,T=200)

otherl Tab.2 Test results at different labeling rates (parameter settings:
other2 s=50; T=200)
other3
otherd . SVR SVR based on co-training
Labeling
v Mean square Mean square
PF rate/% Correlation Correlation
By error error
SPO2 3 9.50 0.14 18.95 0.11
Hb
HE 6 7.60 0.32 8.07 0.23
RERY
STE 10 4.87 0.63 4.70 0.68
AT
AR 15 5.01 0.68 3.19 0.76
AT
20 4.59 0.74 2.49 0.81
0 0.2 0.4 0.6 0.8 1.0 12 1.4 1.6 1.8 30 2.89 0.81 251 0.82
2 WESHH VIP
B2 ERMESHA YT 40 233 0.83 2.32 0.83
Fig.2 Variable importance for projection of major blood glucose
parameters 50 2.18 0.84 2.30 0.83
66* 2.10 0.85

J5 i 2% S AE AR S BE R 4R AR, FH DATPA 2 B 2
IR AR A AR TR . SR AR an gk 2
FiR

M2 ] LUE ) FRICHRTE 10%~40% X [H]
PMEDIZR AT U R SVR i 22 N Ik, $2 i 7 B Y
ZALRE T s FRICHRAE 10% L) FAT40% L EAYRE BT,
DRI R A RE A SR TR

*Supervised learning, described in section 2.1 (|L]=200,|U[=100);

SVR: Support vector regression
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error trend of h v h2 in the iteration(10% labeling rate)
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Fig.4 Effects of each iteration on model performance
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