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Abstract Background This study aimed to analyse which influencing factors may be more 16 

effective to achieve diabetes management targets in the community by the adaptive-lasso 17 

logistic regression model. Methods A cross-sectional study (N=1,127) was adopted to establish 18 

the adaptive-lasso logistic regression model of influencing factors for community management 19 

based on multi-stage cluster sampling data among patients with diabetes in China. Patient’s 20 

fasting blood glucose level, blood pressure, and triglycerides was collected. Results Overall, 21 

90.6% of included people had a fasting glucose level higher than 6.1mol/L, and 9.4% of them 22 

were below 6.1mol/L. By cross-validation, after folding eight times, the variables involved in 23 

the adaptive lasso-logistic regression model include age, education level, main source of 24 

income, marital status, average monthly income, free medical service, basic medical insurance 25 

for residents, hospital history, number of follow-up evaluations by family doctor team, 26 

voluntary participation in community blood glucose measurement. The Akaike Information 27 

Criterion and Bayesian Information Criterion of adaptive lasso-logistic regression model were 28 

1980 and 2021, which were lower than the full-variable logistic model (2041, 2245) and the 29 

ridge logistic model (2043, 2348). The adaptive-lasso logistic regression model was better than 30 

the other two models regarding time cost. Conclusions The adaptive-lasso logistic regression 31 

model can analyse the influencing factors of community management in patients with diabetes. 32 

Community intervention and intensive management measures can significantly improve the 33 

blood glucose status of patients with diabetes. 34 

Key words Community diabetes management, Adaptive-lasso logistic model, Risk 35 

management, Quality in health care, Health  informatics  36 

 37 
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Background 41 

The global costs of diabetes and its consequences are large and will substantially increase more 42 

than $2.1 trillion in 180 countries by 2030 [1], especially in low-and middle-income countries. 43 

Community-based diabetes management has become a cost-effective and cost-saving strategy 44 

for controlling and managing diabetes in primary care settings.[2-4] The community-based 45 

intervention positively reduced the HbA1c level of diabetic people and improved lipids and 46 

blood pressure control [5-8]. In primary care and community settings, interventions targeting 47 

diabetes management were better targeted at individuals with poor glycemic control, old age, 48 

and family history of diabetes and cardiovascular diseases [9-10]. Moreover, younger age and 49 

lower educational attainment were associated with lower probability of meeting the goals of 50 

diabetes management [11]. However, the influencing factors of diabetic patients based on 51 

community management are complex[5-9], and how to choose the most effective influencing 52 

factors requires in-depth research. 53 

In terms of community health service, it proposed that patients’ satisfaction with community 54 

health service was moderate, high satisfaction with the community health service shown better 55 

medication adherence and regular self-monitoring of blood glucose, and these associations 56 

varied by socioeconomic status[12, 13]. In particular, team-based care can improve patients’ 57 

glucose levels, blood pressure, and lipid levels based on community preventive services task 58 

force [8] [14]. However, what effective services the community health service or the family doctor 59 

should provide to a diabetic patient is still to be investigated (i.e. consulation, education, free 60 

health service).  61 

The adaptive-lasso logistic regression model was first proposed by Tibshirani (1996),[15] this 62 

model is to compress the parameters and make some regression coefficients gradually smaller 63 

or even close to zero. It has the advantages of subset selection and ridge regression. Huang 64 

(2008) proposed a new variable selection and estimation method based on the lasso model, 65 
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which can predict the correlation pattern between variables [16]. The lasso regression model has 66 

also been widely used in medical research for prediction and decision making [17-22]. 67 

Furthermore, many studies adopted the lasso model to screen variables and use them for 68 

optimization [23-25].  69 

However, to the best our knowledge, no adaptive-lasso logistic regression model has been used 70 

to investigate the influencing factors of diabetes community management. Therefore, this study 71 

aimed to analyse which influencing factors may be more effective to achieve diabetes 72 

management targets (i.e. blood glucose, blood pressure, and triglycerides) in the community 73 

by the adaptive-lasso logistic regression model. 74 

 75 

Methods  76 

Data sources 77 

A cross-sectional survey method (N=1,127) based on the multi-stage cluster sampling was used 78 

to survey selected samples from three communities from July 2019 to January 2021 (Figure 1). 79 

We surveyed the registered residents with the help from community health service centres in 80 

three communities in Sichuan Province. To avoid bias in the study design, we conducted a 81 

multidisciplinary expert demonstration and formulated reasonable inclusion and exclusion 82 

criteria to ensure higher reliability and validity when formulating the questionnaire. Random 83 

number tables were used to select registered diabetic patients in three communities in this study. 84 

The survey included demographic information (i.e. gender, age, marital status, education, 85 

number of children), self-management diabetes  status (i.e. self-assessment of glycemic 86 

management, hospital history), basic situation of living (i.e. main source of income, average 87 

monthly income, medical payment methods),  diabetes management in the community in the 88 

past six months (i.e. number of follow-up evaluations by the family doctor team, number of 89 

health consultations and free consultations, whether to participate in community blood glucose 90 
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measurement voluntarily), clinical measurements (i.e. latest fasting blood glucose level, blood 91 

pressure, and triglycerides), and other information. Family doctor follow-up records, blood 92 

glucose records, and health consultations and free consultations were derived from the 93 

residents' health management files and the Chengdu regional health information platform.  94 

Participants whose home address or contact details were unchanged for more than three years 95 

were included in this study. The collected questionnaire (Supplementary Table 1) was double-96 

entered by two researches to avoid bias in the data collection process. During the process of 97 

data collection and entry, there was no data loss. 98 

Each participant signed an informed consent form, and they volunteered to withdraw from the 99 

study itself at any time without giving any reason. For illiterate and semi-illiterate participants, 100 

data were collected by investigators reading out the informed consent and  questionnaires. Data 101 

collectors were not involved in the data analysis process to avoid bias. The Chronbach’s α 102 

coefficient of the questionnaire is 0.927, the Kaiser-Meyer-Olkin value is 0.825, and the p-103 

value of the spherical test is <0.001, indicating that the questionnaire has good reliability and 104 

validity in this study. 105 

Lasso algorithm 106 

Lasso algorithm is a regularisation method based on parameter estimation and variable 107 

selection. The parameter estimation is defined as follows: 108 

2 2
lasso

j 1 1

=arg  min ||Y- || | | (1 1)
p p

j j j

j

X   


 

  
 
 109 

In formula (1-1),    is a regularised non-negative parameter, 1 2= T

p   （ ， ，. . . , ）  is the 110 

regression coefficient, 1 2= T

j j j njX x x x（ ， ，. . . , ）  and j 1,2, , p L  are predictor variables, 111 

1 2= T

pX X X X（ ， ，. . . , ）  is the predictor matrix, 1 2 nY= T（Y，Y，. . . , Y）  is the response 112 

variable. 
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| |
p

j

j

 

   is called ‘ l  penalty’, when    increases, the lasso model allows the 113 
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coefficients to approach zero; when , the coefficients almost reach zero. 114 

The improvement of the adaptive-lasso method is to add different weights to different 115 

coefficients, and its expression is defined as: 116 

*
2

1 1

=arg  min||Y- || | |
p p

j j n j j

j j

X w   
 

 

 
（n）

                                                       （1-2） 117 

In formula (1-2), 
1

= ( 0) 1,2, ,
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   

L（ ， ，， ）  is the 118 

coefficient estimated value obtained by the ordinary least squares method. Its weight vector 119 

expression is as follows:  120 
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Adaptive-lasso estimation of logistic regression models 122 

Based on logistic regression, 


 is defined as 

2

1
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, where ( )L   is 123 

its log-likelihood function. When the fasting glucose level of included patients is less than or 124 

equal to 6.1mol/L, i
y

 will be defined as 0；when the fasting glucose level is greater than 125 

6.1mol/L, i
y

 will be defined as 1, then: 126 

1( ) ((1 ) ) 1,2, ,i iy y

i i i i
p y p p i n
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From this, we can obtain the log-likelihood function of the joint density function for n 128 

samples as follows: 
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 129 

Based on logistic regression, the estimated value of lasso can be expressed as follows:130 
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1 1 1 1

=- log 1 exp | |
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i ij i i i i j

i i i j
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Statistical methods 132 

Data were entered using Epidata (Version 3.1), data analysis was performed by R (Version 133 

3.5.3), and Chi-square test and adaptive lasso-logistic regression were used to analyse the 134 

influencing factors of diabetes management. Due to the inconsistency of the dimensions, the 135 

data in this study is standardised using lar () in R, so that different eigenvalues have the same 136 

scale. Among them, the lasso-logistics regression model was completed by the glmnet package 137 

in R. 138 

Model establishment and analysis 139 

From July 2019 to January 2021, the questionnaire survey was conducted among diabetic 140 

patients in communities or primary health service centres in Chengdu City, Sichuan Province. 141 

In terms of sample size, one independent variable of the regression needs at least ten samples 142 

to support. A total of 17 independent variables were selected in this study. Considering the 143 

replacement of some samples in the sampling, elimination, and poor questionnaire compliance 144 

might lead to a reduction in the number of evaluable cases.  145 

According to the statistics of the National Bureau of Statistics of China in 2018, the total 146 

permanent population of Chengdu is 16.3 million. The sample size estimation formula of large 147 

population is: 148                                         𝑛 = Z2σ2d                                                            （1-6) 149 

    Where n is the total sample size, Z is the confidence interval, σ is the standard deviation, and 150 

d is the sampling error range. We choose Z=1.96, σ=0.5, and d=0.05. The minimum required 151 

sample size is determined to be 768. Therefore, a total of 1,200 questionnaires were distributed, 152 

and 1,127 valid questionnaires were collected. No participant withdrew from this study, but 73 153 

of the surveys were considered invalid because they were incomplete. The effective response 154 

rate was 93.9%. The age range was 28-97 years. Regarding self-assessment of glycemic 155 

management, 32.5% of patients felt satisfied, 59.8% of patients felt generally satisfied, and 6.8% 156 
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of patients felt not very satisfied, and 6.9% of patients felt dissatisfied (Table 1). 157 

 158 

Analysis of influencing factors for self-management in patients with diabetes 159 

The univariate chi-square test was performed for each categorical variable (Table 1). It can be 160 

found that age, education level, main source of income, marital status, average monthly income, 161 

medical payment methods (basic medical insurance for residents, basic medical insurance for 162 

employee and free medical service), and hospital history were statistically significant (p<0.05). 163 

Adaptive-lasso logistic regression analysis of influencing factors of diabetes self-164 

management  165 

Due to the inconsistency of the dimensions, the data in this study was standardised by using lar 166 

() in R, so that different feature values had the same scale. Lar () is known as least-angle 167 

regression, which is a reconstruction algorithm of adaptive-lasso logistic regression. This study 168 

adopted the latest fasting blood glucose measurement (0 or 1) as the dependent variable. The 169 

following factors that may affect the management of diabetes were assigned as independent 170 

variables (Supplementary Table 2). The logistic regression model of adaptive-lasso variable 171 

selection was introduced, and the coefficients of each selected variable were estimated to 172 

analyse the factors affecting diabetes management. The Lasso-logistics regression model of 173 

this study was completed by the glmnet package in R. The glmnet package fit a generalised 174 

linear model via penalised maximum likelihood. The relationship between the model error was 175 

obtained through cross-validation. The number of folding times was kept as eight . The selected 176 

variables and parameter estimates are shown in Table 2. 177 

Comparing the three models in Table 2, it was found that the adaptive-lasso logistic model was 178 

more significant and concise in selecting variables. The Adaptive-lasso logistic model had the 179 

smallest Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC), and 180 

the full-variable logistic model had the largest AIC and BIC. 181 
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Comparison of model prediction accuracy 182 

To predict the results of diabetes management, the established full-variable logistic model, 183 

adaptive-lasso logistic model and ridge logistic model were used. Table 3 shown the prediction 184 

accuracy of the models with different proportions of the training set. The prediction accuracy 185 

of the full-variable logistic model and the adaptive-lasso logistic model was slightly higher 186 

than that of the ridge logistic model (Table 3). However, the prediction accuracy of the three 187 

models were not significantly different, and the reason for the small difference in accuracy 188 

might be related to data collection. But only from the time required to collect data, the running 189 

time of the adaptive-lasso logistic model was less than the prediction time of the full-variable 190 

logistic model. When the prediction accuracy of the three models was close, or there was not 191 

much difference, the adaptive-lasso logistic model was better than the other two models from 192 

the perspective of time-cost. 193 

 194 

RESULTS AND DISCUSSION  195 

Community management of people with diabetes affected by multiple factors 196 

Community diabetes management is complex and is affected by many variables/factors [5-10]. 197 

Adaptive-lasso logistic model, full-variable logistic model and ridge logistic model were used 198 

to screen variables, and then age, education, marital status, main source of income, monthly 199 

average income, basic medical insurance for employees, and whether they have been 200 

hospitalised were all included in the above three models. It indicated that these factors were 201 

related to self-management in patients with diabetes. Our findings indicated that the effects of 202 

age, marital status, and hospital history on self-management of patients with diabetes were 203 

significant, the result was consistent with Lian (2019) and Bansal (2018) [16,17,26,27]. It also found 204 

that younger diabetic patients have more stringent behaviours in blood glucose control. As age 205 

increases, the elderly need to reinforce their self-management of diabetes [23, 26]. Besides, 206 
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educational level was an influential factor in community management of diabetes, and higher 207 

the educational level, the better the self-glycemic control [11, 24]. In terms of public medical care, 208 

we also found that compared with those who did not receive public medical care, those who 209 

had public medical care had a slight advantage in blood glucose management. In addition, 210 

patients with a history of hospitalisation were better at blood glucose control than patients 211 

without a history of hospitalisation. 212 

Adaptive-lasso logistic model can be used to analyse the influencing factors of diabetes 213 

community management  214 

The parameter estimation of the adaptive-lasso logistic model was both unbiased and has the 215 

advantage of ridge regression and subset selection [23]. In this study, the adaptive-lasso 216 

algorithm was introduced into a logistic regression model to analyse the influencing factors 217 

among people with diabetes and to evaluate community diabetes management. According to 218 

the authors’ knowledge, using this model to explore the influencing factors of blood glucose 219 

management from the perspective of community diabetes management has not been reported 220 

to date. The adaptive-lasso algorithm was used in the logistic regression model to achieve the 221 

purpose of filtering variables and simplifying the model in this study. Based on the cross-222 

sectional survey data, comparing the fitted full-variable logistic model and the ridge logistic 223 

model, the AIC and BIC of the adaptive-lasso logistic model were the smallest; when making 224 

predictions, the time cost of the adaptive-lasso logistic model was the least. After analysis and 225 

comparison, the adaptive-lasso logistic model was more concise than the variables selected by 226 

full-variable logistic, and the model was more compressed. The adaptive-lasso logistic model 227 

considered variables that affect diabetes self-management including age, education level, the 228 

main source of income, marital status, average monthly income, free medical service, basic 229 

medical insurance for residents, hospital history, number of follow-up evaluations by family 230 

doctor team, voluntary participation in community blood glucose measurement. 231 
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Community intervention and intensive bio-markers measurements can significantly improve 232 

blood glucose management among patients with diabetes. In particular, increasing the number 233 

of follow-up evaluations, health consultations and free consultations by the family doctor team 234 

will significantly affect the blood glucose management effect indiabetic patients. Our results 235 

were also consistent with the results of Aponte (2017) [7]. It seems that practical strategies to 236 

improve diabetes self-management based on  community include; social support for family 237 

members, health care and community members, and local free or low-cost diabetes education 238 

materials and courses [28]. 239 

However, this study also had a limitation, the survey of this study could not include lifestyle 240 

influencing factors such as physical activity and diet, considering the target population was 241 

based on the community setting. 242 

 243 

Conclusions 244 

The adaptive-lasso logistic model can be used in the analysis of diabetes community 245 

management factors. It can accurately screen out factors that affect diabetes management. The 246 

obtained model can better explain the indicators for these influencing factors and provide 247 

advice for primary care settings and communities. Diabetes management is affected by many 248 

factors, and relevant knowledge and education should be strengthened for elderly, non-married, 249 

less-educated, people with low-income, diabetic patients without public medical care and no 250 

previous hospitalisation. Moreover, the number of follow-up evaluations of family doctor 251 

teams and the frequency of health consultations and free consultations should increase to 252 

achieve optimal management of diabetes based on community. 253 

 254 
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AIC: Akaike Information Criterion; BIC: Bayesian Information Criterion. 256 
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