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Abstract. Diabetes mellitus is a metabolic disease characterised by the patient's blood glucose
being chronically higher than the standard value. In this paper, we first used multiple feature
screening technique to gradually screen 17 main indicators from 34 test indicators, subsequently,
we used BP neural network model for glucose value prediction and trained the model by back
propagation algorithm, and then we used decision tree model combined with the new test data to
assess the risk of diabetes, by constructing a tree structure to classify and predict the presence or
absence of the feature based on the risk of diabetes.
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1. Introduction

Diabetes mellitus is a common metabolic disease, which leads to many serious complications and
greatly affects the health and quality of life of patients. Mathematical models can help people better
understand the factors and mechanisms associated with diabetes, predict the development trend of the
disease, assess the effectiveness of intervention and treatment, and improve the prevention and
treatment of diabetes [1-4].

In this paper, firstly, the main variables were gradually screened out from 34 testing indicators and
were used in order, including Correlation Analysis (CA), Gradient Boosting method (GB), and Lasso
Regression (LR). Subsequently, a Back Propagation Neural Network (BPNN) model was used for
glucose value prediction, and the model was trained by a back-propagation algorithm. Finally, factor
analysis was used to select 9 indicators from 17 indicators into the decision tree algorithm, and the
results of the features and classification methods learned based on the training data, as well as the
results of selecting and evaluating the features using indicators such as information gain, were used
as the basis for judging the risk of diabetes.

2. Analysis of Impact Factors

2.1. Correlation Analysis

Correlation analysis is a statistical method for assessing the strength of a linear relationship between
two variables. It reflects the degree of linear correlation between two variables by calculating the
correlation coefficient.

The steps are as follows:
(1) Define the variables: Let and be two random variables, each with one observation.
(2) Calculate the mean: First calculate the means of ad, which are denoted as and respectively.
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(3) Calculate the covariance: Next, calculate the covariance of and (Cov(X,Y) ), which measures the
degree of co-variation of the two variables.
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(4) Calculate the standard deviation: Then, calculate the standard deviation of and, denoted as oy
and gy respectively.

(5) Calculate the Pearson correlation coefficient: Finally, the covariance and standard deviation
calculated above are used to calculate the Pearson correlation coefficient (r).
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By calculating the correlation coefficients (Pearson coefficients) between each variable and the blood
glucose values, a preliminary list of influencing factors can be obtained in this paper.

The sign of the correlation coefficient is considered by ranking the correlation coefficients according
to the magnitude of their absolute values. Positive correlation indicates that the blood glucose value
increases when the indicator value increases, and negative correlation indicates that the blood glucose
value decreases when the indicator value increases. From these, variables with significant positive or
negative correlation with blood glucose values were screened. The main variables with the most
plausibility and relevance were further filtered by considering the research background and domain
knowledge.

2.2. Lasso Regression

Lasso Regression is a feature selection technique that promotes sparsity of the coefficients by
introducing an L1 regularisation term in a linear regression model to enable automatic feature
selection [5]. In Lasso regression, the regularisation term is the sum of the absolute values of the
coefficients, which causes some coefficients to be compressed to zero, thus removing unimportant
features [6].

The objective function of Lasso Regression can be expressed as:

o1
min Ly~ X[ + e @

Where: y is the vector of the dependent variable (target variable); X is the matrix of independent
variables (features); B is the vector of coefficients; ||-||, is the L1 paradigm number; |||, is the L2
parameter;cc is a regularisation parameter to control sparsity. Larger values result in more coefficients
being compressed to zero, thus achieving feature selection.

The optimisation objective consists of two parts: the data fitting term (i.e., the sum of squares of the
errors) and the regularisation term (the sum of the absolute values of the coefficients). By adjusting
the value of the term, a balance between model complexity and fitting accuracy can be achieved.
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The results of the above steps can be used as a reference for the initial screening of the main variables
in this paper. Finally, this paper will select those variables that show importance in several steps as
the main variables.

Based on the results of the correlation analysis and domain knowledge, the main variable indicators
initially selected included: total cholesterol, triglycerides, *r-glutamyltransferase, *alanine
aminotransferase, LDL cholesterol, urea, uric acid, age, *aspartate aminotransferase, *alkaline
phosphatase, erythrocyte pressure volume, mean hemoglobin concentration of erythrocytes,
erythrocyte count, creatinine, hemoglobin, gender, and high-density lipoprotein cholesterol. Based
on the extent to which a range of variables were observed to be associated with blood glucose levels.
The R? value of the model was 0.868, implying that these variables collectively explained about 86.8%
of the variation in blood glucose levels, showing a strong predictive power. Blood glucose levels are
influenced by a variety of factors, including gender, lipid levels, age, and a number of hematological
and biochemical markers. These findings provide important reference information for blood glucose
management and diabetes prevention, suggesting that multiple factors need to be considered when
developing intervention strategies.

3. Glucose Forecasting

3.1. BP Neural Network Model

BP network is a multi-layer feed-forward neural network consisting of input, hidden, and output
layers. Layers are fully interconnected with no interconnections between layers and there can be one
or more hidden layers. Constructing a BP neural network requires determining the characteristics of
its processing units, the neurons, and the topology of the network. Neuron (for input, for weight, for
threshold, for output) [7]. The most basic processing unit of a neural network Neurons in the hidden
layer use S-type transformation functions Neurons in the output layer can use S-type or linear
transformation functions.

output layer

input layer

hidden layer

Fig. 1 Feed-forward neural network model

The input and output values of each neuron in the hidden and output layers are calculated as shown
in the following equation.

z| :Zw'jkai"1+b} (5)
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a = a(ZW'jkai"l +b}j (6)

Where, w}k: denotes the connection weight of the ith neuron in layer (I — 1)to the jth neuron in
layer [; b}: denotes the bias top of the jth neuron in layer [; zjl: denotes the input value of the jth

neuron in layer [; a}: denotes the output value of the jth neuron in layer [; o: denotes the activation
function.

3.1.1. Activation Function
Commonly used activation functions are the sigmoid function, Tanh function, Relu function. Their

graphs are as follows:
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Fig. 2 Sigmoid function Fig. 3 Tanh function Fig. 4 Relu function

3.1.2. Loss Function

The loss function loss is a function of the network table y,,,, with respect to the true result y, with
very small values. Then this paper will know that if the loss of y between a network’s computed result
Your @nd the true result is always very small, then it can be shown that the network is very close to
the true relationship. So the purpose of this paper, is to constantly adjust the weights (that is, the
parameters of the network) to make the network calculated results y,,; as close as possible to the
real results y, which is equivalent to the loss function is as small as possible, here the use of gradient
descent method to find the minimum value.

3.1.3. Forward and Backward Propagation

The process of getting y,, is also a forward propagation, whereas in a complete BP neural network,
a prediction is obtained by randomly configuring the hyperparameters of the network. This is a
forward propagation process. And then the gap between the predicted value and the real value is
calculated, and the parameters are adjusted accordingly to this gap, which is a backward propagation
process. As shown in the figure below, the blue arrow is the process of forward propagation and the
yellow line is the process of back propagation.

1. Initialise the weight matrix

4. Actual value

Neural Networks Training Loss Function Calculation

redicted
3 Predicted
3. value ~™

Training Data 2.Inputs —#=

(Difference between

(W.b weight matrix) predicted and real values)

Fig. 5 Schematic diagram of BP neural network
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Where the weight is w, the predicted value is o, the true value is t, and is the learning rate (which
can be interpreted as the step size of the gradient descent method):

Error function:

1
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Gradient descent:
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Chain rule:
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Bringing into the gradient descent formula can be obtained:
oE
Vw; =-n—*%= 77(tj —0; )oj (1_01 )in (10)

Adjusting the weights w accordingly to the obtained results completes a backpropagation. Then start
the next iteration, and the cycle repeats until the convergence condition is reached and the cycle is
jumped out. Neural network learning using the improved BP algorithm learning process consists of a
forward calculation process and an error backpropagation process. In the forward computation
process, the input information is computed layer by layer from the input layer through the hidden
layer and transmitted to the output layer, and the state of neurons in each layer only affects the state
of neurons in the next layer. If the output layer fails to obtain the desired output, it is transferred to
the error backpropagation process where the error signal is returned along the original connecting
pathway by modifying the weights of the neurons in each layer to minimize the error of the network
system. Finally the actual output of the network is approximated to the respective desired output.

Based on the provided metrics of the predicted results of the BP neural network, it is possible to
derive:

Table 1. Results of model evaluation

MSERMSEMAE|MAPE| R=3

Training set[1.775/1.332|0.759| 1.87 (0.88
Testset [2.351/1.533(0.777| 1.76 (0.89
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Blood glucose prediction results
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Fig. 6 Model prediction results

MSE (Mean Square Error) and RMSE (Root Mean Square Error) are commonly used measures of
prediction error, with smaller values indicating lower prediction error of the model. The RMSE is
relatively low on both the training and test sets, indicating that the BP neural network model has a
certain accuracy in predicting blood glucose values.

MAE (Mean Absolute Error) and MAPE (Mean Absolute Percentage Error) are used to measure the
average degree of difference between the predicted and actual values. Lower values of MAE and
MAPE indicate that the BP neural network model is relatively accurate with less average prediction
error of blood glucose values on both training and test sets.

R? (coefficient of determination) is used to measure the ability of the model to explain the dependent
variable (blood glucose value) and takes a value between 0 and 1. The closer to 1 means that the
model explains the dependent variable better. The high R?on both the training and test sets indicate
that the BP neural network model has a strong predictive ability for the blood glucose value and is
able to explain most of the variance in the target variable.

4. Diabetes Risk Assessment

4.1. Model Building

As the blood glucose value in the human body fluctuates strongly with the food structure of the diet,
which leads to the instability of the blood glucose value, it is easy to have a large bias in the judgment
process resulting in the consequences of misjudgment [8]. In order to further improve the accuracy
of the judgment, this section will create an auxiliary model for assessing the risk of diabetes, which
requires the use of the decision tree model in machine learning [9].

The steps are as follows:

(1) The 17 data screened using multiple feature selection are first based on the hemoglobin status of
120-160g/L as normal, divided into 1 (normal), 0 (abnormal) a new column.

(2) In order to further examine whether the 17 indicators screened and blood glucose values are
closely related, these data were subjected to factor analysis, and the results were [*r-
glutamyltransferase’, '"*alanine aminotransferase’, "*aspartate aminotransferase’, '*alkaline
phosphatase’, 'LDL cholesterol', 'urea’, ‘'uric acid', 'age’, ‘gender’] for these nine indicators.

(3) Then build a decision tree model.
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4.2. Assessment and Analysis
Erythrocyte count <= 5, 23
Mean haemoglobin concentration of erythrocytes <= 3;48_ 00 Mean haemogl(lﬂ.)in concentration of erythrocytes > 348, 00

Mean h lobi trati fs RN AN
an ae?&%;’l m ;:,:)cr;cen i’ 100 ¢= 318. 50 Erylhmq:tc count <= 4, 83 Ery}l?mcytc count > 4,85

Alkaline phosphatasé {= 72,80 Carbamide <; 7.79 Carbamide > l?_ 7

class: 0 class 1 Total chole.sl'teml“<= 3.28 Total cht:l;stcml> 3.28

Alanine aminotransferase {= Iv‘9. 82 Alanine aminotr;hsferasc > 9,82
Alanine aminouansfcrasc <=I9. 33 Alanine aminolmnsferﬁx.;sw 9.35 Erythmcytl20um (= 4.06
class: 1 c'_;ss: 0 r-Glutanl;;l Convertase {= -4 32 r-Glutamyl (‘.o:nl;cmse > 14. 32

Urea acid{= 532. 65 Urea acid > 533. 65

Erythrocyte count <; 5.18 Urea acid <= 591 9
Leaf node: c;v'_ass: 1 Lcafnod;‘l: class: 0 Leafnode: cl;ss: V‘O Leaf node: chnlv;:xss: 1
Erythrocyte count >Jl 5.18
Creatinine {= 60 94
Leaf node : class:‘{O Lcafno:i;: class: 1
Creatinine > 60 94

Leafnode: class: 1

Fig. 7 Decision tree

As in Figure 7, red blood cell count < 5.23, mean red blood cell hemoglobin concentration < 348.00,
mean red blood cell hemoglobin concentration < 18.50, *alkaline phosphatase > 72.90 then class:1
(normal), mean red blood cell hemoglobin concentration > 318.5, urea < 7.79, total cholesterol >
3.28, *alanine aminotransferase <9.82, *alanine aminotransferase < 9.35 then class:1 (normal),
*alanine aminotransferase > 9.82

Erythrocyte count < 4.06,*r-glutamyl converting enzyme < 14.32 then class:0 (abnormal),
Erythrocyte count >4.06, Uric acid < 533.65, Erythrocyte count < 5.18 then class:1 (normal),
Erythrocyte count >5.18, Creatinine >60.94 then class:1 (normal), Creatinine >60.94 then class:1

(normal).It was concluded that there is no risk of diabetes mellitus.

5. Summary

In this study, this paper firstly used various feature screening techniques such as correlation analysis,
gradient boosting method and Lasso Regression to accurately screen the main variable indicators
from 34 testing indicators. The effective application of these methods not only helps this paper
identify the features with the strongest correlation with the target variable (blood glucose value) but
also further removes irrelevant features, thus avoiding the overfitting of the model and improving the
accuracy of the prediction. The BP neural network is trained by the backpropagation algorithm, whose
training process includes two steps of forward propagation and backpropagation, and adjusts the
weights by continuously optimizing the loss function, thus achieving the accuracy of the prediction
of blood glucose value. Thus, the accurate prediction of blood glucose value was achieved. In this
paper, several indicators are used as the basis for judgment using the decision tree model, and one
column is considered the target column (1: no risk, 0: diabetes risk), which means that the individual
is considered to be at risk of diabetes. This method of assessment is accurate and effective and
provides a powerful tool for clinicians and patients.
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