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Abstract: With the deepening of population aging, pension has become an urgent problem in most countries. 
Community smart pension can effectively resolve the problem of traditional pension, as well as meet the 
personalized and multi-level needs of the elderly. To predict the pension intention of the elderly in the 
community more accurately, this paper uses the decision tree classification method to classify the pension 
data. After missing value processing, normalization, discretization and data specification, the discretized 
sample data set is obtained. Then, by comparing the information gain and information gain rate of sample 
data features, the feature ranking is determined, and the C4.5 decision tree model is established. The model 
performs well in accuracy, precision, recall, AUC and other indicators under the condition of 10-fold cross-
validation, and the precision was 89.5%, which can provide the certain basis for government decision-making. 
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1. Introduction 

China has been an aging society since 2000, and the proportion of the elderly in the total population 

continues to increase. According to Table 1, the age data of the national population in China's seventh census 

shows that.  As of November 2020, the population of China over the age of 60 has reached 264 million, 

accounting for 18.7% of the total population. Among them, there are nearly 200 million people over 65 years 

old, accounting for 13.5%. It is predicted that by 2025, the elderly population will exceed 300 million [1]. 

The old-age dependency ratio in China is increasing year by year, and the social pension burden is 

becoming heavier and heavier. In order to better solve the pension problem, China began to vigorously develop 

the smart pension service mode in 2013. Community smart pension refers to the establishment of information 

management for the elderly in the community and the surrounding service institutions. The elderly and their 

children can apply for door-to-door services, health care, daily care, etc., through the mobile phone, to provide 

the elderly with health, convenience, home, medical, spiritual care and other professional services. 

In China, the construction of community smart pension is an emerging big project of people's livelihood, 

and its construction and improvement need long-term and effective investment. Under the condition of limited 

government funds and shortage of community resources, the decision tree algorithm is used to predict the 

willingness of the elderly in the community. It can provide effective decision-making for the construction of 

community wisdom for the aged and avoid the unbalanced allocation and waste of resources. 
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Table 1. Age data of China's Seventh National Census                                          Unit: person, % 

age population proportion 

total 

0 to 14 years old 

15 to 59 years old 

60 years old and above 

Among them: 65 years old and above

1411778724

253383938

894376020

264018766

190635280

100.00 

17.95 

63.35 

18.70 

13.50 

Source: The Seventh National Population Census Bulletin (No. 5), National Bureau of Statistics,2021.05.11 

2. Introduction to Decision Tree Algorithm  

Decision tree is a basic classification method. It adopts a top-down recursive model, and is committed to 

deriving classification rules from irregular and disorderly data, and finally presenting a tree structure.  It can be 

considered a collection of if-then rules.  Every time the decision tree is split, the attribute value will be compared 

at the node to judge the direction of the next branch until the conclusion is reached at the leaf node.  The final 

decision tree is a complete model and expression rules, one path corresponds to one rule [2].   

Its main advantages are readable model and fast classification speed.  It can generate the corresponding 

decision rule tree by learning the training data set, and get the importance of each feature by calculating the 

information gain, information gain rate and Gini coefficient, and then select the feature based on it to speed up 

the classification speed.The corresponding decision tree algorithm is ID3 algorithm, C4.5 algorithm and CART 

algorithm [3].  

C4.5 algorithm is not only a classical algorithm for decision tree generation, but also an extension and 

optimization of ID3 algorithm.  

C4.5 algorithm mainly makes the following improvements to ID3 algorithm:  

1. The information gain rate is used to select the split attribute, which overcomes the shortcoming of ID3 

algorithm which tends to select the attribute with multiple attribute values as the split attribute. 

2. It can handle both discrete and continuous attribute types. 

3. After the decision tree is constructed, it can be pruned. 

4. It can process training data with missing attribute values. 

Because the decision tree generated by C4.5 algorithm is easier to be interpreted, and the scale is relatively 

small. So, in this research, the prediction model is constructed by C4.5 algorithm. 

3. Data Collection and Processing 

There are two data sources for this study. One is to obtain desensitization data from the existing community 

smart pension system. The other is to use a self-made questionnaire on the willingness to provide for the elderly 

through face-to-face or online filling by their children. After data collection, redundant attributes and abnormal 

data were screened by comparison and experience, and missing data were completed. The continuous data is 

discretized. 

3.1 Data preprocessing  

First, the original data in the community smart pension system are processed as follows: name, contact 

information, home address information, native place, nursing level, payment method and other attributes 
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irrelevant to data mining are deleted. Remove the redundant attribute birth date. Continuous data such as age 

and monthly income are converted into discrete data. Merge the original unit type and occupation into the status 

attribute. 

Delete the records with too many missing values, and fill the attributes with fewer missing values with hot 

card filling method [4] (find an object most similar to it in the complete data set and fill it with this value) to 

complete the missing attribute values, so as to obtain dataset 1.  

For the questionnaire data, the data with contradictory attributes were modified or deleted according to 

experience, and dataset 2 was obtained. 

Specification and integration of dataset 1 and dataset 2. Finally, a total of 1342 data sets of pension 

intention prediction data were obtained, including 8 characteristic variables (gender, age, education, income, 

health, marital status, living situation and smart device proficiency) and 1 decision variable (smart pension). 

Reassign the characteristic variables as Table 2. The data samples after the assignment as Table 3. 

Table 2. Feature assignment table 

Feature Assignment 

gender Male: 0; Female: 1. 

age 65-69:1;  70-74:2;  75-79:3;  80 and above: 4 

education 
Illiteracy: 1; Primary school: 2; Junior high school: 3;   

Bachelor (junior college) or above: 4 

income 
No income: 1; Below 1000:2; 1000-3000:3; 3001-5000:4; More 

than 5000:5 

health 
Illness, completely unable to take care of themselves:1; 

Illness, half a self-care:2; Illness, can provide for oneself:3; Health:4 

marital status Married: 1; Married passed away: 2; Divorced: 3; No marriage: 4 

living situation 

Living alone: 1; Living with a married couple: 2;  

Living with spouse or children or adult grandchildren: 3;  

Living alone with minor grandchildren: 4 

smart device proficiency Very skilled: 1; Proficient: 2; General: 3; Unskilled: 4; Not at all: 5 

smart pension YES:Y; NO:N 

Source: Self-made form according to sample characteristics 

Table 3. The first 15 lines of sample data  

ID gender age education income health
marital 

status 

living 

situation

smart 

device 

proficiency 

smart 

 pension 

0001 0 4 4 5 1 1 3 4 Y 

0002 0 4 4 5 2 2 1 4 Y 

0003 1 4 4 5 2 1 2 4 Y 

0004 1 2 4 5 4 1 3 2 N 
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0005 0 4 4 5 1 2 2 4 Y 

0006 0 1 4 5 4 1 3 1 Y 

0007 0 1 3 5 4 1 2 3 N 

0008 0 2 3 4 3 2 1 4 N 

0009 1 4 1 1 2 2 2 5 N 

0010 1 4 4 5 3 1 2 3 Y 

0011 1 4 1 1 3 2 1 4 N 

0012 1 2 4 5 4 1 3 2 N 

0013 0 4 4 5 1 1 3 4 Y 

0014 0 4 4 5 2 2 1 4 Y 

0015 1 4 4 5 2 1 2 4 Y 

Source:  Self-made table based on sample data 

3.2 Feature analysis 

In order to deeply explore the static characteristics and business characteristics of the elderly with and 

without pension intention, the obtained data set was visualized by distribution map. The distribution of each 

feature in retirement intention as Figure 1-8. 

 

Figure 1. Distribution of 'gender' grouped by 'smart pension' (relative frequencies) 

 

 

Figure 2. Distribution of 'age' grouped by 'smart pension' (relative frequencies) 
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Figure 3. Distribution of 'education' grouped by 'smart pension' (relative frequencies) 

 

 

Figure 4. Distribution of 'income' grouped by 'smart pension' (relative frequencies) 

 

 

Figure 5. Distribution of 'health' grouped by 'smart pension' (relative frequencies) 

 



International Journal of Contents Vol.17, No.4, Dec. 2021 84  

 

Figure 6. Distribution of 'marital status' grouped by 'smart pension' (relative frequencies) 

 

Figure 7. Distribution of 'living situation' grouped by 'smart pension' (relative frequencies) 

 

 

Figure 8. Distribution of ' smart device proficiency ' grouped by 'smart pension' (relative frequencies) 

It can be seen from the distribution diagram that pension intention has a great degree of differentiation in 

five characteristics of smart device proficiency, education, living situation, health and income. 

4. Establishment of Prediction Model  

To construct prediction model with decision tree, feature selection is the first step. The C4.5 algorithm 

uses the info gain ratio to select features. The information gain ratio is defined on the basis of information 

entropy and information gain. 
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4.1. Information gain 

The ID3 algorithm selects the feature with the highest gain as the test feature of the given data set by 

calculating the information gain g(D, A) of each feature. Create a node for the selected test feature and mark it 

with that feature. Create a branch for each value of the feature and divide the sample accordingly[5]. 

Information gain is the difference of information entropy before and after a feature partition data set. 

g (D, A) is used to represent the information gain of feature A to sample set D. H(D) is used to represent 

information entropy. H(D|A) is used to represent conditional entropy. 

𝐻 𝐷 ∑ | |

| |
𝑙𝑜𝑔

| |

| |
                               (1) 

𝐻 𝐷|𝐴 ∑ 𝑝 𝐻 𝐷|𝐴

𝑎                                                                  (2) 

𝑔 𝐷, 𝐴 𝐻 𝐷 𝐻 𝐷|𝐴                               (3) 

Among them, |Ck| means the number of samples of category K, |D| means the total number of samples. 

According to Eq. (1)-(3), the information gain for each feature in the sample data can be calculated as 

Table 4. The top five features match the results of the histogram. 

Table 4. Information gain    

Feature g(D,A) Feature g(D,A) 

smart device proficiency 0.1027 income 0.0169 

education 0.0355 age 0.0088 

living situation 0.0262 marital status 0.0059 

health 0.0182 gender 0.0001 

Source:  Calculated based on sample data 

4.2. Info gain ratio 

Info gain ratio gr(D,A)[6] takes number and size of branches into account when choosing an attribute, and 

corrects the information gain by taking the intrinsic information of a split into account (i.e. how much info do 

we need to tell which branch an instance belongs to). 

𝑔 𝐷, 𝐴
,

  
                             (4) 

HA(D) indicates that for the sample set D, the entropy is obtained by taking the current feature A as a 

random variable (the value is the value of each feature A). 

According to Eq. (4), the info gain ratio for each feature in the sample data can be calculated as Table 5. 
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Table 5. Info gain ration   

Feature gr(D,A)  Feature gr(D,A) 

smart device proficiency 0.0478  income 0.0077 

education 0.0193  age 0.0048 

living situation 0.0162  marital status 0.0045 

health 0.0108  gender 0.0001 

Source:  Calculated based on sample data 

The top five are also smart device professional, education, living situation, health and income. 

4.3. Generate C4.5 decision tree 

For intuitive representation of generated decision tree, the PMT tool was used in this research. The PMT 
tool is a big data analysis and mining tool for machine learning. It supports most data mining algorithms and 
has a user-friendly graphical interface.  

The results of C4.5 algorithm decision tree visualization as Figure 9. In Figure 9, each node is composed 
of pension intention (Y/N) of more than 50%, proportion, quantity and feature. Since the information gain rate 
of "smart device proficiency" is the highest, the root node is first generated according to the old person's 
proficiency in using smart devices. The root node is marked as "smart device proficiency". "61.5%, 825/1342" 
means that 825 skilled users of smart devices choose "Y" in 1342 data sets, accounting for 61.5%.  So this node 
is labeled "Y" and forms two branches, left and right.  The second layer node does the same according to the 
feature "income", which ranks second in information gain rate. 

 

Figure 9. C4.5 decision tree visualization results 

5. Model Training and Evaluation 

5.1. Model training  

To avoid overfitting problems, model training typically uses a cross-validation (CV) approach. CV is a 
statistical method used to verify the performance of taxonomies. The basic idea is to group the raw dataset, one 
part as a training set, and the other part as a validation set [7]. 

First, use the training set to train the classifier, and then use a set of validation set to test the trained model. 
It is used as an indicator to the performance of this classifier.  

There are three common methods for cross-validation: hold-out cross-validation、k-fold cross-validation 
and leave-one-out cross-validation。 

The hold-out cross-validation randomly divides the raw data into two sets, each as a training set and a test 
set, but the final results are closely related to the set segmentation ratio and the variation of the results may be 
large. This approach is difficult to achieve the goal of accurately evaluating the model when the total data set 
is not very large. 
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The leave-one-out cross-validation is based on the hypothesis that there are n objects in the total set, one 
object at a time is selected as a test set, and the rest as a training set. A total of n training sessions were conducted 
to take the mean as the final evaluation indicator. The leave-one-out cross-validation is relatively reliable, 
incorporating almost all objects into each model training, and taking longer to compute when the total set is 
large. 

The k-fold cross-validation divides the raw data into k subset, each subset of which is tested, and the 
remaining k-1 subset is combined into a training set to perform k training. Take the average value for each 
evaluation indicator (sensitivity, specificity, AUC, etc.). This method can be predicted using all the samples in 
the dataset, and the average evaluation index reduces the impact of the odd training set and test set segmentation 
methods on the predicted results. The selection of k values also affects the final results, and studies have shown 
that larger k values increase the accuracy of evaluation, and that when k is 5 or 10, the overall performance is 
achieved under evaluation accuracy and computational complexity [8]. It's the best. 

In this study, the model training was conducted using the 10-fold cross-validation.The basic steps for 10-
fold cross-validation are as follows: 

1.Divide the original data set into 10 samples as balanced as possible; 

2.Use the first subset as a test set. The 2nd~9th subset is integrated as a training set. 

3.Use the training set to train the model. Calculate the results of various evaluation indicators under the test set; 

4.Repeat steps 2 through 3 to rotate the 2nd to 10th subset as a test set. 

5.Calculate the average for each evaluation indicator as the final result. 

The principle diagram of the 10-fold cross-validation as Figure 10. 

 

Figure 10. 10-fold cross-validation 

5.2. Model evaluation  

After using the classification model for sample prediction, it is necessary to use certain indicators to 
evaluate the performance of the classification model, so as to judge the authenticity, reliability and validity of 
the model. 

The Confusion Matrix and ROC curve are usually used for model evaluation. 

5.2.1. Confusion Matrix 

Confusion matrix refers to the use of matrix form, the actual sample situation and model forecast situation 
for contingency table analysis. The rows of the matrix represent the real category of the sample, and the columns 
of the matrix represent the model prediction category [9]. Taking dichotomy as an example, the structure of 
confusion matrix as Figure 11. 

 
True 

 (Predicted Class) 

False  

(Predicted Class) 

True 

 (Actual Class) 

True Positive  

(TP) 

False Negative 

 (FN) 

False False Positive True Negative 

validation set

training set 
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 (Actual Class)  (FP)  (TN) 

Figure 11. Confusion Matrix 

The sample data were classified under 10-fold cross-validation. According to the classification results of 
the prediction model and the real situation of the original data, the values of TP，FN，TN and FP were 
calculated [10]. Thus, the Confusion Matrix of the model is constructed, as Figure 12. 

Confusion Matrix 
Predicted class 

Y N  

Actual 

class 

Y 715 110 825 

N 84 433 517 

 799 543 1342 

Figure 12. Prediction Model Confusion Matrix 

According to Table 7 and Eq. (5)-(8), Recall, Precision, Accuracy and F1 Score of the prediction model 
can be calculated. Based on the calculations, all four indicators performed well. 

𝑅𝑒𝑐𝑎𝑙𝑙 0.867                          (5) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

0.895                                                         (6) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦

0.855                                                       (7) 

𝐹1 𝑆𝑐𝑜𝑟𝑒
∗ ∗

0.881                                                         (8) 

5.2.2. ROC curve 

The full name of ROC curve is Receiver Operating Characteristic curve, which is an evaluation indicator 
derived from Confusion Matrix. ROC curve is a coordinate graph composed of false positive rate (FPR) as the 
horizontal axis and true positive rate (TPR) as the vertical axis [9]. 

𝐹𝑃𝑅                                  (9) 

𝑃𝑅                                                                           (10) 

The ROC curve of the prediction model as Figure 13. The larger the FPR value, the more the predicted 
positive classes are actually negative. The larger the TPR value, the more of the predicted positive classes are 
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actually positive. In other words, the horizontal axis means more wrong predictions, and the vertical axis means 
more right predictions. 

 

Figure 13. ROC curve 

Therefore, the point in the upper left corner of the coordinate system (FPR = 0, TPR = 1) represents a 
perfect prediction and a non-categorical prediction error. The point above the diagonal (TPR > FPR) indicates 
that the classification prediction is generally correct. The point on the diagonal (TPR = FPR) indicates that each 
half of the predicted situation is incorrect. The point below the diagonal (TPR < FPR) indicates that the 
classification prediction is generally incorrect. The closer the ROC curve is to the upper left corner, the better 
the effectiveness of the separator.  

At the same time, the model representation can be measured by calculating the area AUC value under 
ROC curve. If the AUC value is less than 0.5, the default judgment model is not useful.  

Therefore, the AUC value is usually between [0.5,1]. The larger the AUC value, the higher the accuracy. 
Generally, AUC > 0.7 is recognized as having a good model effect [9]. 

5.2.3. AUC  

The AUC value is equivalent to the probability that a randomly chosen positive example is ranked higher 
than a randomly chosen negative example (assuming 'positive' ranks higher than 'negative') [11]. 

𝐴𝑈𝐶
∑

                    (11) 

According to Eq. (11), AUC = 0.868 > 0.7, So this model is a better model. 

6. Conclusion 

First of all, this paper introduces the problem of population aging in the world, and expounds the important 
significance of building smart pension community and pension intention prediction in China. Then, C4.5 
algorithm was used to establish the prediction model, and the model was trained by the 10-fold cross-validation 
method. Finally, a prediction model of pension intention with high accuracy, precision, recall and AUC was 
obtained. Using this model can provide a certain decision for the government to establish the community smart 
pension, has a high application value. 
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