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ABSTRACT

Objective: To evaluate the effectiveness of the combined model of XG-BOOST and logistic regression model for 
predicting the incidence of diabetes mellitus.

Methods: Using diabetes management data from January 2017 to December 2021 in Guangzhou city as fitting 
data and selecting 25480 chronic disease management data from 2017-2021 from Guangzhou city’s univer-
sal health management platform as prediction data, a combined model of XG-BOOST, logistic regression model 
was established for the chronic disease management characteristic fields, including demographic information, 
follow-up information, the laboratory test data, the characteristic variables were initially screened by the XG-
BOOST model, and then the fitted risk factors of the logistic regression model were used.

Results: Fifty-two characteristic variables were screened by the XG-BOOST model for the 436 fields of chronic 
disease management characteristics, and 33 risk factors for diabetes screening were fitted using the logistic 
regression model. ROC curves, AUC, and PR curves were fitted for the logistic regression model.

Conclusion: The combined model fit was better than the single model, and the predictive effect was better than 
or equivalent to the single model.

Abbreviations: LR: Logistic Regression; DT: Decision Tree; NN: Neural Network; LVQ: Learning Vector Quanti-
zation; SVM: Support Vector Machine; ECG: Electrocardiogram; AL: Axial Length
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Introduction
The high prevalence of type 2 diabetes (T2D) and the serious con-

sequences of complications have led many experts to focus on the re-
search of factors related to T2D complications. Because of the marked 
heterogeneity in the clinical presentation of diabetic patients, it is dif-
ficult to achieve an effective early diagnosis and differential diagno-
sis of diabetic complications by simple laboratory indices. The rapid 
development of machine learning techniques has made prospective 
prediction possible, and several machine learning methods have been 
applied to the medical field, such as decision trees, logistic regression, 
support vector machines, and artificial neural networks have been 
used to make predictions about diabetes or its complications. In this 
study, we build a risk model for predicting T2D complications based 
on a novel two-step method using data from about 130,000 diabetic 
patients in Guangzhou from 2017-2021, analyze the role of character-

istic data of T2D complications. The two-step method consists of the 
following steps, first being building an XGBoost model, which aims 
at feature selection, and second being building a logistic regression 
model for prediction.

Methods
Data Source

The data for this project was obtained from the Guangzhou All-
Ming Health Information Platform, which was launched in 2011. As of 
December 2021, the platform has continuously collected 11 years of 
medical, public health and physical examination data from 290 med-
ical and health institutions in the city. According to the survival anal-
ysis sample size calculation method, about 130,000 diabetic patients 
in the city in 2017 were selected as study subjects, and their baseline 
and year-by-year physiological and biochemical indicators, lifestyle, 
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and treatment intervention-related variables from 2017 to 2021 were 
obtained and organized to prepare for the construction of statistical 
models. The 25,480 records obtained according to the data entry cri-
teria were used to train the model.

Diabetes Prediction Model

Using cohort data containing diabetic patients and healthy popu-
lations, train machine learning models to predict the risk of develop-
ing diabetes in healthy populations over 5 years and identify risk fac-
tors for diabetes and its complications. Determining the scope of data. 
Baseline and annual follow-up data including physical examination 
and behavioral factors are included, and demographic, physiological, 
biochemical indicators, lifestyle and treatment intervention-related 
variables are selected from a predefined pool of predictors to create 
training data for the prediction model of chronic complications of di-
abetes in the adult population, and parallel sub-data from the cohort 
are used as the model validation set. Data preprocessing. It includes 
data cleaning, outlier processing, data statute, data transformation, 
data sampling, etc. Model development and selection. Our primary 
goal is to obtain accurate predictions with high interpretability. To 
achieve this, we consider logistic regression for its linearity in fea-
tures. As to feature selection, we build an auxiliary model of XGBoost 
which we train with the data of diabetic patient in Guangzhou from 
2017-2021 and obtain future importance to get the desired features.

Model Evaluation Validation

The internal validity and external validity of the model were val-
idated. Internal validity reflects the reproducibility of the model and 
external validity reflects the generalizability of the model and needs 
to be tested with data outside the research project itself (temporally 
and geographically independent, or completely independent data). 
The internal validity was tested using the half-fold cross-validation 

method, which involves dividing the original data into two parts, one 
for model building and the other for model validation. The training 
and validation sets were randomly divided to obtain a training set 
containing 20480 data points and a validation set with 5000 data 
points.

Results
XGBoost

We used the data to train the XGBoost model after processing the 
data for unique thermal coding and missing values to help us derive 
the importance of features from the perspective of model computa-
tion. The AUC of the Roc curve for the model was 0.8878, indicating 
that the model performed well by which the feature importance was 
scored as follows (Figure 1). In order to obtain a set of features with 
highest significance among all features, we conduct a thorough ex-
periment where we first feed all features to an XGBoost model which 
return us a list of scores of importance for each feature. Then we feed 
features to another XGBoost model one at a time with the feature im-
portance from the most to the least and discover the model perfor-
mance corresponding to each added feature. The graph below shows 
that as the number of features increases, the performance has an up-
ward trend different number of features (Figure 2). A further obser-
vation reveals that as the number of features is reaching eight, the 
performance has a relatively obvious improvement, whereas after the 
number reaches eight, the improvement of model performance be-
comes less noticeable until it reaches around 45. The options for the 
number of features thus remain to be eight and 45. Since the perfor-
mance of the model with 45 features is barely significantly better than 
that of the model with eight features, besides, taking into account the 
computational cost and the interpretability of features, we choose the 
eight most important features for our logistic regression model.

Figure 1: The ROC of XGBoost model trained with all features.
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Figure 2: The curve of AUC of ROC for XGBoost models with different number of features.

Logistic Regression

Considering the trade-off between model performance and num-
ber of features, to ensure the performance, interpretability and train-
ing efficiency of the logistic regression model, we selected the top 8 
features in terms of importance for logistic regression model training, 
which are: fasting blood glucose, urine routine urine glucose, glycat-
ed hemoglobin, blood routine hemoglobin, family history mother, 

electrocardiogram, blood type RH, and living environment - kitchen 
exhaust facilities. Logistic regression models were constructed using 
the above features and compared with XGBoost. The AUC of the logis-
tic regression model ROC was 0.8536, which was slightly worse than 
the AUC of the XGBoost model trained with the full amount of data, 
but as seen from the comparison of the two ROC curves in the above, 
the logistic regression model performed slightly better than the XG-
Boost model trained with the same amount of data (Figure 3).

Figure 3: The ROC of logistic regression model and XGBoost model.

It is evident in other studies that XGBoost models often out per-
form logistic regression models hence it is generally held that XG-
Boost is more robust than logistic regression. However, in our study, 
the XGBoost model only out performs the logistic regression by a 

small margin. To maintain a reasonably high interpretability, we re-
sort to selecting logistic regression and conduct further study (Table 
1). Based on the logistic regression model, we obtained the ranking 
of the correlations between each characteristic variable and diabe-
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tes mellitus. As shown in the Table 1, the correlation between fasting 
blood glucose level and glycosylated hemoglobin and diabetes was 
high and in accordance with medical common sense. Also, we can see 
that living environment-kitchen exhaust facilities is correlated with 
diabetes, and we consider that this variable reflects the economic lev-
el of that observer, and the risk of diabetes is relatively low for the 
observer with high economic level. 

Table 1: Feature importance with scores obtained by the XGBoost 
model.

Features Score

Fasting Blood Glucose Level 0.159079

Routine urine glucose 0.094123

Glycosylated Hemoglobin 0.065557

Mother with Diabetes 0.024763

Electrocardiogram 0.02286

Blood Group RH 0.018091

Living Environment-kitchen Exhaust Facilities 0.017928

In addition, we can see some correlation between routine blood 
hemoglobin, blood group RH, and electrocardiogram (ECG) and dia-
betes. Among them, the higher the level of routine hemoglobin, the 
lower the risk of developing diabetes. Since there is no evidence in 
the current medical research to prove a significant correlation be-
tween routine hemoglobin, blood group RH, and ECG and diabetes, 
the next study will further verify the correlation between these three 
characteristics and diabetes from a modeling perspective. In addition, 
the correlation between family history mother and diabetes was low, 
and family history mother here includes the history of disease of the 
observed mother, including diabetes, hypertension, and cardiovascu-
lar disease. Considering the significant effect of maternal diabetes on 
whether the offspring develop diabetes, we will further distinguish 
the offspring of mothers with diabetes from the offspring of mothers 
without diabetes in the data preprocessing stage in the next study to 
verify the effect of maternal diabetes on the risk of diabetes in the 
offspring.

Discussion 
There are many domestic and international studies applied to di-

abetic complications, focusing on the predictive effect of different ma-
chine learning models on diabetic complications. Li, et al. [1] Used Lo-
gistic Regression (LR), Decision Tree (DT) and Neural Network (NN) 
to predict the occurrence of diabetic neuropathy based on personal 
lifestyle variables such as smoking index, whether or not to exercise, 
etc. Li, et al. [2] applied Logistic screening index and used Learning 
Vector Quantization (LVQ) neural network to build a prediction mod-
el with more satisfactory results in other than diabetic neuropathy 
prediction. Cho, et al. [3] used 39 features screened to build a model 
of diabetic nephropathy based on Support Vector Machine (SVM) and 

developed software for visualization. Huang, et al. [4] used artificial 
neural networks to model serum protein mass spectrometry for type 
II diabetic nephropathy and achieved good results. Li, et al. [5] used 
artificial neural networks to develop predictive models for diabetic 
complications based on clinical tests and TCM symptoms. Liu SY [6] 
established three risk prediction models based on optimized logistic 
regression models for diabetic nephropathy, diabetic retinopathy, and 
diabetic foot, and the models were validated with good results. Lv, et 
al. [7] collected 630 eyes of 315 patients with T2DM into their study, 
and logistic regression analysis was used to establish risk prediction 
models, and found that axial length (AL), age, duration of diabetes, 
glycosylated hemoglobin (HbAlc), and urine protein were significant-
ly associated with the occurrence of diabetic eye lesions. Pal, et al. [8] 
used different machine learning models to validate the prediction of 
diabetic retinal complications. Ananthi, et al. [9] developed a fuzzy 
classification model using six clinical data variables to predict dia-
betic nephropathy and diabetic heart disease complications. Liu, et 
al. [10] screened several variables related to diabetic complications 
based on multilayer perceptual neural networks, respectively.

In addition, several studies have used endostatin [11,12], microR-
NA (miRNA) [13] and erythrocyte deformation index [14] to predict 
the progression of T2D complications and specific populations. Other 
studies have focused on the impact of glycated hemoglobin [15] and 
blood uric acid [16,17] on diabetic complications. In these studies, the 
focus was on the impact of clinical data and medical indicators on dia-
betic complications, but the impact of individual or common variables 
on the prognosis of diabetes and the determination of disease risk 
was missing. In this study, we explore the role of correlations between 
warning indicators, between warning indicators and complications, 
and between complications from the perspective of diabetes patients 
performing complication self-prevention, which is more informative 
for patients in the form of probabilities to let them know the likeli-
hood of their disease. It can enable patients with type 2 diabetes 
to carry out more targeted self-management, enhance prevention 
awareness, control diet and rest, and improve lifestyle habits, thus re-
ducing the probability of complications and alleviating patients’ pain 
and economic burden. 
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