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Abstract: At present, the problem of population aging caused by the increase of average life expectancy continues to worsen,
and thus leads to a series of problems. The implementation of a delayed retirement policy in China will affect everyone. In this
paper, the data of China Health and Pension tracking survey in 2018 are used. Firstly, the optimal parameter combination of deep
neural network, RF, GBDT and XGBoost are obtained by grid search algorithm to conduct single model modeling. On the basis
of the above four single models, linear effects are introduced by logistic regression. By using the idea of model fusion, a new
prediction model is obtained by weighted fusion learning of the above five models. The important factors affecting the public's
retirement intention are found and the high precision prediction of retirement intention classification is carried out.
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1. Introduction

With the aggravation of the aging degree, delaying
retirement age has become a widely accepted point of view in
our country and even in the world. Most foreign scholars hold
two opinions: one is to explore the choice of retirement
intention from the individual perspective. The research shows
that the factors influencing individual retirement intention are
very diversified, and the main factors are as follows.

Gary & Fields (1982) found that the group with higher
salary is more inclined to leave the job as soon as possible,
and once their expected income becomes higher, they tend to
retire later. Handwerker (2011) found that once affected by
family factors, such as raising the elderly and their children,
parents would choose to extend the retirement age. Topa et al.
(2011) found that if an individual has a higher social status,
he tends to delay retirement. McGarry (2004) found that
workers attach great importance to their health status, and
they may be inclined to retire early once they think their
health status has changed significantly. Vere (2011) found that
the expected income of workers is closely related to social
welfare. Once the level of social welfare is increased, workers
will choose to delay the retirement age due to the increase of
wage level. The factors mentioned above are discussed from
the perspective of individuals, and quite a few scholars
analyze from the perspective of policy makers. Heijdra &
Romp (2009) believe that an important incentive for people
to delay retirement is that they still have pension as a source
of income after retirement. Further, Cremer & Pestieau (2003)
suggests that increasing the retirement age can have a positive
impact on pension fund balance.

Delayed retirement is not only closely related to individuals,
but also to the formulation of national policies and the revival
of the Chinese nation, so once implemented, it must be
supported by reliable data. This paper will make
recommendations based on the results of the empirical study
to provide complete data support for the implementation of
the delayed retirement policy in China.

2. Method
2.1. 2.1 Fully connected neural network (DNN)

The connection mode of neural network mainly includes
intra-layer connection and extra-layer connection. Meanwhile,
activation function is often used in node to calculate the
probability of final output. Neural network model has been
widely used in big data analysis and modeling because of its
fast computation speed, high prediction accuracy and strong
learning ability when processing nonlinear data. The fully
connected neural network has more than two hidden layers,
which has deeper abstraction and dimension reduction ability.
The structure of DNN is similar to that of neural network,
which consists of input layer, hidden layer and output layer. It
usually uses back propagation to update and iterate the
parameters of the initial model and uses optimization
algorithms such as gradient descent to minimize the
difference between the predicted results and the observed
ones.
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Fig. 1 DNN network structure
2.2. Random forest (RF)

Based on the idea of voting, the random forest integrates
the results of multiple decision trees, and these classifiers
make unified decisions. The output of the decision tree with
the most votes is considered to be the final output. The
classification process of random forest model is as follows.
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Fig. 2 RF decision process

Random forest can use errors to generate unbiased
estimates of data, so as to prevent overfitting of the model. If
the data distribution is unbalanced, the random forest model
can still have good generalization ability.

2.3. Gradient Boosting Decision Tree (GBDT)

Through multiple iterations, each iteration generates a
weak classifier, and each classifier is trained on the basis of
the residual of the previous round. Each new model is built to
make the residual of the previous model drop in the direction
of gradient. The algorithm steps are as follows.
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2.4. Extreme Gradient Boosting (XGBoost)

XGBoost is an improved version of GBDT and one of
Boosting algorithms. The second-order Taylor expansion of
the loss function is carried out, and the specific loss function
is as follows.
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Where ! is the number of training function samples, l is
the loss of a single sample, assuming it is a convex function,
and is the predicted value of the model for the training sample,
and is the real label value of the training sample. The

regularization term defines the complexity of the model is as
follows.
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Where Y and A are manually set parameters, W is the
vector formed by the values of all leaf nodes in the decision

tree, and T is the number of leaf nodes.

2.5. Logistic Regression

Logistic regression is a generalized linear regression
analysis model, mainly used to solve the binary classification
problem, can also solve the multi-classification problem. The
model is trained by a given n sets of data (training set), and
the test set is classified after the training. The model form is
as follows.
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3. Research and Analysis

3.1. Data Sources

This article is based on data from the China Health and
Retirement Tracking Survey, which aims to focus on more
and more serious aging problem is an important data on
retirement intention of Chinese middle and old people. This
based on the newly released 2018 national tracking survey
data, this paper investigates the respondents' willingness to
delay retirement and a total of 4854 interviewees with
employment experience were selected as the sample.

3.2. Model Study

3.2.1. Model Building and Optimization

In this paper, DNN, Random Forest, GBDT, XGBoost and
logistic regression were used to conduct modeling analysis on
the data of China's pension and health tracking survey, and
each model method was optimized and analyzed. Finally, five
single models were used to predict the test set, and the
prediction accuracy of each model was obtained as shown in
Table 1.

Table 1. Model prediction accuracy

Model Prediction accuracy
DNN 0.7289
RF 0.7529
GBDT 0.7612
XGBoost 0.7543
Logistic Regression 0.7618

The prediction accuracy of each model is above 0.75.
Based on the difference of classification accuracy of the
above models, the comparison of the importance of features
in different models, and the quantitative analysis of the
importance of features based on the logistic regression model,
this paper further carries out fusion learning of these machine
learning models, and obtains a weighted fusion model with
improved performance in all aspects (Weight of each model =
prediction accuracy of each model/sum of prediction
accuracy of five models). The prediction accuracy of the
weighted fusion model is shown in the Fig. 3.
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Fig. 3 Confusion matrix of weighted fusion model

The prediction accuracy of the weighted fusion model is
improved compared with that of the other five single models
after the fusion of nonlinear factors and linear factors, which
indicates that the reprediction strategy of each single model
adopted in this paper is effective after the optimal parameter
adjustment of each single model. It can predict the public
retirement intention well under the condition of known
influencing factors.

In this paper, ROC and PR curves were further used to
evaluate the predictive performance of the single model and
the weighted fusion model. In both cases, the larger the area
under the curve, the better the model effect. In ROC curve,
the horizontal axis is FPR (false positive case rate) and the
vertical axis is TPR (true case rate). PR curve is made with
precision and recall as two variables. Due to the imbalance of
sample data, introducing PR curve compared with ROC curve
can better reflect the performance of the model.
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Fig. 4 ROC and PR curves of different models

In the figure, there are only three curves in each subgraph.
This is because ROC curves and PR curves of some models
overlap with other models, so there are only three curves in
each graph. The AUC values of each model in ROC space are
not different. Visually, the weighted fusion model has the best
performance on the data set in this paper under ROC
evaluation criteria. But the performance of DNN and
weighted fusion model is not different. In PR space, the
interval between three PR curves increases relative to that in
ROC curve. At this time, the weighted fusion model is still
the best among many models under PR evaluation index
index, while the difference between the performance of DNN
and that of the weighted fusion model is greater under PR
index. It more intuitively reflects that the model based on the
multi-model weighted fusion proposed in this paper has better
performance in predicting the public's intention to delay
retirement.

3.2.2. Feature Importance

In this section, the optimization results of random forest,
GBDT and XGBoost integrated learning parameters obtained
above are brought into the corresponding model and fitted on
the training set to obtain the feature importance under
different models. By averaging the importance of the same
feature of different models, the final importance of the feature
can be used to balance the training results of the three models,
so as to facilitate the understanding of the feature importance
of the subsequent fusion models. In order to compare the
difference of feature importance in different models, this
paper arranges the feature importance table in descending
order according to the feature importance results in random
forest, GBDT and XGBoost integrated learning to get three
different data tables, which are show as follow.

Table 2. Feature importance that sorted by RF column (part)

Cod GBD XGBoo Ran
Feature RF
e T st k
0.08
6 age 5 0.101 0.018 1
Monthly
household 0.08
3 . 0.108 0.012 2
consumption 2
expenditure
. 0.08
4 Food expenditure 0 0.110  0.013 3
Educational 0.05
2 0.057 0.011 4
background 8
. 0.04
5 Other borrowings p 0.073 0.018 5

Table 3. Feature importance that sorted by GBDT column (part)

Cod GBD XGBoo Ran
Feature RF
e T st k
0.08
4 Food expenditure 0 0.110 0.013 1
Monthly
household 0.08
3 . 0.108 0.012 2
consumption 2
expenditure
0.08
6 age 5 0.101 0.018 3
. 0.04
5 Other borrowings 6 0.073 0.018 4
Educational 0.05
2 0.057 0.011 5
background 8

In order to eliminate the influence of model selection on
feature importance, the importance of the same feature of the
above three models is averaged as the final feature importance,
and then the mean column is sorted down, as shown in Table
5.

A comprehensive analysis of the feature importance of
Table 2, 3, 4 and 5 shows that gender, age, income and
expenditure have the greatest impact on residents' willingness
to delay retirement.



Table 4. Feature importance that sorted by XGBoost column (part)

Cod GBD XGBoo Ran
Feature RF
e T st k
0.04
40 female 3 0.034 0.142 1
. 0.03
f66  Non-salary dividend 0 0.024 0.052 2
0.02
43 Urban dweller 4 0.020 0.036 3
. 0.02
65 Pay dividends ) 0.021 0.029 4
Hope for the future 0.01
24 takes up most of the .8 0.017  0.025 5
day

Table 5. Final significance of feature (part)

Co GB XGBo Me Ra
Feature RF
de DT ost an nk

0.0 0.03 0.0

40 Female 0.142 1
43 4 73
0.0 0.10 0.0

fo age 0.018 2
85 1 68
0.0 0.11 0.0

f4  Food expenditure 0.013 3
80 0 68

Monthly

household 0.0 0.10 0.0

3 ) 0.012 4
consumption 82 8 67

expenditure

: 0.0 0.07 0.0

5 Other borrowings 0.018 5
46 3 46

4. Conclusions and Recommendations

The experimental results show that the weighted fusion
model based on DNN, random Forest, GBDT, XGBoost and
logistic regression models can improve the prediction
accuracy of residents' intention to delay retirement. Through
this model to intervene important factors, so as to formulate
more in line with the national conditions and public demands
of the policy. The main influencing factors and suggestions
are as follows.

Female are more willing to delay retirement than male, and
more and more female are eager to realize their social value
in the workplace.

There are significant differences in retirement intention
among people of different ages. The older people are, the
more inclined they are to delay retirement. The reason may be
the difference of people's life concept in different times.

Therefore, when the state formulates the delayed retirement
policy, it should consider implementing the delayed
retirement policy step by step according to different age
groups, and carry out publicity and education for people under
the age of 50 to overcome the resistance.

The more educated people are, the more likely they are to
delay retirement. Therefore, it is necessary to establish a
flexible retirement mechanism. It takes a lot of time and
energy to train talents for some jobs with high technical
requirements. Therefore, welfare benefits should be improved
to encourage them to choose to retire later. For some jobs that
may harm an individual's health, such people can be
encouraged to opt for early retirement and receive an early
pension. It is necessary to establish a fair deferred retirement
system. Fairness is the key to the retirement system and
pension distribution system. We must achieve equality
between civil servants and other professions, and fine-tune
our policies according to the will of the people and the actual
situation.

The willingness of urban residents to delay retirement is
higher than that of rural residents, so the policy of postponing
retirement can be implemented by different regions. The
policy of postponing retirement should be implemented in big
cities first and expanded from big cities to small cities. At the
same time, high-quality education and employment resources
are closer to small and medium-sized cities and rural areas,
increasing the fairness of public resource allocation.
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