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ABSTRACT: The method of machine learning has
been widely used in social sciences. However, to
date few researches have focused on the application
of machine learning to social insured behaviors of
migrants. This study explores a machine learning
model for predicting social insured behaviors of
migrants in China. The participants were 8200
young and middle-aged migrant workers in China.
A feature subset of work injury insurance and
unemployment insurance is selected. A decision
tree prediction model of migrants’ participation in
work injury insurance and unemployment
insurance is constructed respectively and decision
prediction mechanisms are generated
correspondingly. The results indicate that
enterprise ownership, working days per week,
workplace and employment type are predictors of
migrants’ participation in both work injury
insurance and unemployment insurance.
Differently, occupation is further a significant
predictor of migrants’ participation in work injury
insurance, while education and household type are
predictors  of  migrants’  participation  in
unemployment insurance.

KEYWORDS:Social Insured Behavior, Migrants,
Machine Learning, Prediction Model, Decision
Tree.

I. INTRODUCTION

The social security of migrants is getting
more and more attention while they are creating
economic values for their destination areas.
Migrant workers have more dangerous jobs and
have a higher risk of total and fatal injury than
natives[1-3], and employment industry (economic
sector), occupation, income, job tenure, gender,
safety training, work environment (exposure to
physical and chemical harmful substances),
personal health and nationality may be the risk
factors of work-related injuries and illnesses[4-6].

Migrants in China had disproportionately high
incidences of work-related injuries and deaths
(69.82%) [2][4]. Specifically,electricians,
safeguards and construction workers were at the
highest  risk  of  getting injured [1].
Straining/spraining (56%) was the most common
occurrence and lifting (21.5%) was the leading
contributing factor [7]. However, only 2.8% of
them applied for compensation [7].

Although all employers are required to
pay insurance for their employees according to the
law, however, in actual fact only 21.8% of the
migrants in China had access to employee work
injury compensation [8]. Hukou, job contract,
employment industry, regions, monthly income,
age, education, employment ownership,
occupation, workplace were associated with their
insurance coverage and there were also gender
differences [8-12]. The participation rate of work
injury insurance in the transportation sector was
higher than that of the service sector. Due to the
low participation rate of work injury insurance,
after living a while in hospital in floating city,
injured rural migrants choose to return to their
hometown for further treatment and recovery [8].
Usually most of them seek compensation from
employers in informal ways, such as bargaining,
negotiating, threatening and violence. However, the
amount of compensation they received through this
informal approach was significantly less than that
from formal insurance compensation [8].

Similarly, there was also a higher
unemployment incidence of migrants than that of
natives[13-17], and education, employment
industry, income, nationality and ethnicity were
contributing factors[15,17,18-22]. 20% of these
migrants were unemployed during the economic
recession [17]. In order to compromise with family
life, these migrants had to choose to change work
departments and types of work in addition to
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returning to their home country or circling between
home and destination countries[14]. Additionally,
youth unemployment became an arising social
problem [13], approximately 50% of them had
mental health problems and depression was the
most common symptom[23].

Unemployment insurance guarantees the
loss of income caused by involuntary
unemployment. However, not every unemployed
migrant worker could get the corresponding
benefit. Income, education, employment industry,
age and nationality ~ were influencing
factors[9,17,20,24]. It was difficult for low-income
unemployed migrants to enjoy unemployment
insurance benefits [24]. The participation rate of
social insurance in individually-owned business
was lower than that in other companies.
Participation ratio of unemployment insurance and
work injury insurance in foreign or joint ventures
was relatively high. Migrants working in
manufacturing had higher social insurance
participation than those in other industries [9].

Former research on influencing factors of
migrants’ social insured behaviors, based on
literature review, generated hypotheses and then
constructed logistic regression models to test the
hypotheses [10,17,20,24]. Or, based on the
literature review, logistic regression models were
constructed directly to search for factors associated
with  insurance coverage [9,11,12]. These
researches analyzed the impact of each independent
factor such as education, occupation or workplace
on migrants’ work injury insurance or
unemployment insurance. However, there is no in-
depth analysis of correlations between these
influencing factors.  Additionally, differences
between influencing factors for participation in
different insurances are not clearly explained. For
example, how the factors influencing participation
rate of work injury insurance differ from factors
influencing that of unemployment insurance has
not been discussed clearly. Moreover, the
hypothesis or established influential factor model is
susceptible to subjective understanding of
researchers. It is the advantage of machine learning
algorithm that it can accurately select the factors
that have influence on participation in social
insurance of migrants and construct corresponding
prediction models.

Machine learning can be described as the
development of computational techniques on
learning as well as the construction of systems
capable of acquiring knowledge automatically [25].
As one of today’s most rapidly growing technical
fields, it lies at the core of artificial intelligence and
data science. The adoption of data-intensive

machine-learning methods can be found throughout
science, technology and commerce, leading to
more evidence-based decision-making across many
walks of life, including health care, manufacturing,
education, financial modeling, policing, marketing,
energy andenvironment[26-37].

In addition to the above fields, data
processing technology of machine learning has
broader application in social sciences. Many
methods such as decision trees, dimension
reduction methods, nearest neighbor algorithms,
support vector models and penalized regression
demonstrated outstanding performance in solving
social problems [38]. They could be used to select
features of diversified census data [39], to classify
users of social websites [40], to predict population
fluctuation of the virtual world [41], to analyze
cognitive  level of  teachers’  classroom
questions[42], and to construct prediction risk
model preventing child abuse incidents [43], or
they could be used for crisis management using
social media data [44], for organization
communication of social media [45]. As well as for
research on social behaviors [46], and for coding of
political problems[47], etc.

What we can learn from the above is that
machine learning has been widely used in social
sciences. However, till date limited research has
focused on the application of machine learning to
social insured behaviors of migrants. The sample
data of this study includes 35 different attributes of
basic  information, insurance  information,
migratory condition, occupation and financial
condition of migrants. Machine learning algorithm
is a kind of algorithm that automatically analyzes
and obtains rules from the data, and uses these
rules to predict the unknown data. Therefore, this
study tries to select accurately factors that have
influence on migrants’ participation in work injury
insurance and unemployment insurance
respectively from those 35 attributes, and to
construct a corresponding prediction model
respectively. This study will provide further
evidence for the application of machine learning to
social sciences. Social protection for migrant
workers will have macroeconomic benefits in the
long run because social protection has a positive
impact on the production of human potential [12].
Furthermore, this study will provide reference for
the government to formulate a social security
system appropriate for migrants, to protect their
rights and interests in social insurance, so as to
promote economic development of floating cities
and countries.
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. METHODS

The dataset in this study was collected by
the National Health and Family Planning
Commission (NHFPC) of China in 2010. All
participants had signed an informed consent form
before filling in the survey. It included 8200
samples with a total of 35 attributes. These
attributes covered basic information, migratory
information, insurance information, occupation and
financial information of migrants. This group
mainly came from 32 provinces, cities and districts
in China as their household registered places such
as Beijing, Shanghai, Guangdong, Jiangsu,
Liaoning, Xinjiang, Guizhou, Ningxia, Xizang,
Taiwan, etc.

Firstly, attributes of work injury insurance
and unemployment insurance are selected
respectively as a feature subset, which requires
strong correlation with the target attribute, while
there is no strong correlation between each selected
attribute. With the help of attribute evaluator and
search algorithm, different subsets of the best
attributes are selected, and then the same classifier
and ten-fold cross validation are used to compare
influence of the attribute subsets selected by
different algorithms on classification accuracy. It is
found that classification accuracy is improved after
attribute selection.

Secondly, based on the attributes selected
above, the decision tree prediction model of
migrants’ participation in work injury insurance
and unemployment insurance is constructed
respectively. Decision tree learning adopts a tree
structure to establish a decision model based on the
features of the data. A training set is used to train
decision tree algorithm and a decision tree model is
obtained. When this decision tree model is used to
determine the classification of an unknown sample
(category is unknown), it starts from the root node
of decision tree and searches from top to bottom
until it reaches a leaf node along a branch.
Classification label of this leaf node is the category
of this unknown sample, which predicts
classification of unknown samples. Information
entropy in the dataset is calculated as Entropy(S).

Entropy(S) =—> p, log, p,
i=1

S is a training dataset. M represents classification
number. And Pi is the proportion of each category
of the dataset in total samples. If characteristic A is
chosen as judgement node of a decision tree, after
its function on this tree, information entropy
becomes as EntropyA(S).

RY
Entropy(S) =7 %l{mmp(.\'}.
=1 |9
K indicates that sample S is divided into K parts.
Gain(S,A) represents information gain of dataset S
divided by feature A, which is calculated as the
value of EntropyA(S) subtracted from Entropy(S).

Gain(S, 4) = Entropy(S) — Entropy , (S)

Information gain is adjusted by splitting

information of introduced attributes SplitE(A).
. ES |S |
SplitE(4)=—-> —log, ——
; | S| S

As criterion of attribute selection for a decision
tree, information gain ratio GainRatio(A) takes
splitting information as denominator.

Gain(A4)
SplitE(4)

Attribute selection is implemented through
software Weka 3.8. The same evaluator and search
algorithm (BestFirst and CfsSubsetEval) is chosen
to select the attribute subset for work injury
insurance and unemployment insurance. Software
SPSS 22.0 is used to construct the decision tree
prediction model for work injury insurance and
unemployment insurance of migrants respectively
and for other statistical analysis as well. Figures are
mainly conducted by R and Weka.

GainRatio(A4) =

. RESULTS

Table 1 shows a description of some of the
35 attributes. Among these migrants, male migrants
accounted for 46.94% and females accounted for
53.06%. The average age was 33 years
(SD=8.684). For education levels, 53.12% of this
population completed secondary school and 3.62%
held a degree of Bachelor or Master. In terms of
household type, 85.99% held an agricultural
household register. 62.24% of them worked in
current city for less than 3 years. Their family
monthly income was no more than 24002.4RMB
(99.29%) and they on average have one child
(44.70%, SD=0.658). 45.37% of these participants
worked seven days per week and 41.17% worked
10-12 hours per day. In general, work injury
insurance has a higher participation ratio (24.38%)
than that of unemployment insurance (13.63%).

The result of attribute selection shows that
five demographic attributes - occupation, enterprise
ownership, working days per week, workplace and
employment type - are closely related to migrants'
participation in work-related injury insurance. For
unemployment insurance, it indicates that
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education, household type, enterprise ownership,
working days per week, workplace and
employment type, all six attributes have high
correlation with migrants' participation.

Work Injury Insurance

The dataset of work injury insurance of
migrants is classified into two categories (work
injury insurance and no work injury insurance).
Confusion matrix shows that 5557 instances whose
real category are “No work injury insurance (No
WII)” have been correctly predicted, and 1158
instances whose true category are “Work injury
insurance (WII)” have been correctly predicted.
Overall the classification accuracy is 81.90% and
the value of ROC area is 0.8482 as shown in Figure
1-a, which indicates that this model has a very well
classification result. Based on these selected five
features, a decision tree prediction model of
migrants’ participation in WII is constructed,
indicating correlations between these attributes and
migrants’participation in this kind of insurance, as
shown in Figure 2.

The decision tree has 33 leaf nodes (Node
0 - Node 32). The number of terminal nodes is 21.
As shown in this decision tree classification
prediction model, occupation (now_vocation),
enterprise ownership (unitquality), working days
per week (aver_days), workplace (workplace) and
employment type (emly_ident) all have significant
prediction ofmigrants’ participation in WII
(now_II1), and decision prediction rules are
generated correspondingly.

As the root node of this decision tree,
enterprise ownership has a significant impact on
the migrants’ participation in WII (p < .001).
Migrant workers employed in different ownership
enterprises will go along different branches of this
decision tree.

Only 7.2% of migrant workers employed
in individually-owned business have access to WII.
Their participation in WII is further significantly
affected by occupation (p < .001) (see Figure 3).
(1) If they are a service staff or a business staff, up
to 95% of them do not have WII. Their detailed
participation in  WII is further significantly
influenced by employment type (p < .001). If they
work as an employee, the participation rate is
10.4%. If they are a self-employed worker, a family
helper or an employer, up to 97.1% of them do not
have WII. (2) If they are staff and related
personnel, or production worker/transportation
worker and related personnel, the participation rate
is 32.2%. Their participation is further significantly
affected by working days per week (p < .001). If
they every week work one day or six days, 55.8%

of them have WII. If they work two days, four
days, five days or seven days per week, the
proportion of migrants who have WII is 18.7%. (3)
If they are a professional and technical staff, an
irregular employed employee, or an agriculture and
water conservancy industry production staff, the
proportion of migrants who have WII is 11.0%.
Their participation is further significantly
influenced by workplace (p < .001). If they work in
an indoor business place or at home, only 3.2% of
them participate in WII. If their workplaces are
office, outdoors, workshops or other places, 21.6%
of them participate in WII.

As for the migrants working in collective
enterprises, private enterprises or government
institutions, the participation rate of WII is 40.9%.
Workplace has further significant influence on their
detailed participation in WII (p < .001). (1) If they
work in indoor business places or work at home,
29.6% of them participate in WII. Their detailed
participation is further significantly affected by
working days per week (p < .001). If they each
week work five days, four days or two days, 44.9%
of them have access to WII. If migrants work six
days every week or three days, the proportion of
migrants who have WII is 30.0%. If they each
week work seven days, approximately 81.5% of
them do not participate in WII. (2) Over half of the
migrants (58.5%) working in offices have access to
WII. (3) If migrants work outdoors or at other
places, 39.7% of them participate in WII. Their
detailed participation is further significantly
affected by enterprise ownership (p < .05). If they
work in collective enterprises or government
institutions, 55.7% of them have WII. If they work
in private enterprises, the proportion of migrants
who have WII is 37.1%. (4) 46.5% of migrants
working in workshops participate in WII. Their
participation is further significantly influenced by
weekly working days (p < .001). 57.2% of them
who each week work between four to six days have
WII. If they work one day, seven days or zero per
week, 69.4% of them do not have WII.

For migrants working in sino-foreign joint
ventures, state-owned and state holding enterprises
or Japanese and Korean funded enterprises, their
participation ratio of WII is 65.5%. Their detailed
participation is further significantly affected by
weekly working days (p < .001) (see Figure 4). (1)
71.4% of migrants working between four to six
days per week participate in WIIL. Their
participation is further significantly influenced by
occupation (p < .05). If they are service staff,
business staff or agriculture and water conservancy
industry production staff, 54.6% of them have WII.
If they are staff and related personnel, professional
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and technicalpersonnel production
workers/transportation ~ workers and  related
personnel, irregular employed employees or state
and social managers, 76.6% of them participate in
WII. (2) The participation rate for the migrants
weekly working one day, seven days, three days or
zero is 37.9%.

The participation rate in WII of migrants

working in other ownership enterprises is only
1.3% while up to 98.7% of them do not have WII.
Detailed participation of these people is further
significantly influenced by workplace (p < .001). If
they work in indoor business places, offices,
outdoors or at home, 13.1% of them have WII. If
they work in other places, up to 100% of them
participate in WII.
Considering migrants working in European and
American enterprises or Hong Kong, Macao and
Taiwan enterprises, 82.4% of them have WII.
And 21.8% of the migrants working in a land
contractor company have access to WII.

Unemployment Insurance

Based on the above selected six attributes,
a decision tree prediction model of migrants’
participation in insurance is constructed,
indicating correlations between these attributes and
migrants’ participation in this kind of insurance, as
shown in Figure 5. The dataset of unemployment
insurance of migrants is classified into two
categories (unemployment insurance and no
unemployment insurance). Confusion matrix shows
that 6856 instances whose real category are ‘“No
unemployment insurance (No UI)” have been
correctly predicted, and 442 instances whose true
category are “Unemployment insurance (UI)” have
been correctly predicted. Overall classification
accuracy is 89.0% and the value of ROC area is
0.8513 as shown in Figure 1-b, this indicates that
this model has a very good classification result.

There are 38 leaf nodes of this decision
tree namely Node 0 - Node 37. Thickness of this
tree is 3 and number of terminal nodes is 24. As
shown in this decision tree classification prediction
model, education (edu_status 1), household type
(acc_na_1) , enterprise ownership (unitquality),
working days per week (aver_days), workplace
(workplace) and employment type (emly_ident) all
are significant predictors of the migrants’
participation in Ul (Ul), and decision prediction
mechanisms are generated correspondingly.

As root node of this decision tree,
enterprise ownership has a significant influence on
migrants’ participation in Ul (p < .001). Migrants
employed in different ownership enterprises will go

to different leaf nodes along branches of this
decision tree.

3.2% of migrants working in an
individually-owned business or a land contractor
company participate in Ul, while as high as 96.8%
do not. Their participation is further significantly
affected by weekly working days (p < .001). (1) If
they every week work five or six days, 9.3% of
them have Ul. Their participation is further
significantly impacted by employment type (p
< .05). If they work as an employee or an
employer, 11.7% of them participate in Ul. If they
are a self-employed worker or a family helper,
4.0% of them have access to Ul. (2) For the
migrants working between one to four days or
seven days per week, up to 98.7% of them do not
have UI. Their participation is further significantly
influenced by workplace (p <.001). If they work in
indoor business places, outdoors or at home, the
participation rate is only 1.1%. If they work in
offices, workshops or other places, approximately
93.7% of them do not have Ul.

For the migrants working in collective
enterprises or private enterprises, 20.6% of them
participate in Ul. Their participation is further
significantly impacted by workplace (p <.001). (1)
If they work in indoor business places, the
participation rate is 19.5%. Their participation is
still further significantly influenced by weekly
working days (p < .001). If they work five days,
three days or two days per week, 36.6% of them
have Ul. If they each week work six days, the
participation rate is 20.3%. If they work seven days
or four days per week, 8.7% of them have Ul. (2)
For migrants working in offices, 51.8% of them
have access to Ul. Their participation is still further
significantly influenced by household type (p
< .001). If migrants hold a non-agricultural
household register, 65.9% of them have Ul. If they
hold an agricultural one, the participation rate is
38.9%. (3) If they work outdoors, in workshops, at
home or in other places, 13.3% of them have UI.
Their participation is still further significantly
influenced by weekly working days (p < .001). If
they each week work five days, 25.3% of them
participate in Ul. If they work six days per week,
the participation ratio is 15.2%. If they weekly
work one day, seven days, three days, four days or
zero, only 7.9% of them have Ul while up to 92.1%
do not.

The case for migrants working in sino-
foreign joint ventures or government institutions is
that 41.9% of them participate in Ul. Their
participation is still further significantly affected by
education (p < .001) as shown in Figure 6. (1) If
they have completed high school or technical
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secondary school, 37.4% of them have Ul. (2) For
migrant workers who hold a degree of Bachelor or
Master or have completed junior college, 66.7% of
them participate in Ul. (3) If the migrants have
completed secondary school or primary school,
25.5% of them have access to Ul. Their
participation is still further significantly influenced
by workplace (p < .05). If they work in indoor
business places or offices, 41.1% of them have UI.
If they work outdoors, in workshops, at home or in
other places, the participation rate is 16.5% while
83.5% of them do not have access to this kind of
insurance.

As for migrants employed in state-owned
and state holding enterprises, their participation
rate of Ul is 29.3%. Detailed participation of these
people is still further significantly influenced by
household type (p < .001). (1) If migrants hold a
non-agricultural household register, 70.2% of them
have access to Ul. (2) If they hold an agricultural
household register, only 16.5% of them participate
in Ul. Their participation is still further
significantly affected by education (p <.05). If they
have completed high school, junior college,
technical secondary school or hold a degree of
Bachelor, 32.3% of them have access to Ul. If they
have completed primary school or secondary
school or no schooling at all, up to 91.7% of them
do not have UlI.

In relation to migrants employed in other
ownership enterprises, up to 99.3% of them do not
have access to Ul. Their participation is still further
significantly impacted by workplace (p < .001). If
they work in indoor business places, offices,
outdoors or at home, 7.1% of them participate in
Ul. If they work in other places, up to 100% of
them do not have access to this kind of insurance.

For the migrants working in European and
American enterprises or Japanese and Korean
funded enterprises, participation ratio is 77.6%. For
migrants working in Hong Kong, Macao and
Taiwan enterprises, 60.1% of them participate in
Ul. Their participation is still further significantly
influenced by education (p < .05). If they are
holding a degree of high school, secondary school,
primary school or Bachelor, 48.0% of them do not
have access to Ul. If they have graduated from a
junior college, technical secondary school or hold a
degree of Master, approximately 86.5% of them
have UI.

IV. CONCLUSION AND DISCUSSION
This study mainly investigated young and
middle-aged migrants in China in 2010, employing
the method of machine learning to analyze their
participation in work-related injury insurance and

unemployment insurance respectively. Based on
the dataset of 8200 participants, this study
constructs  decision tree prediction models,
classifying migrants’ participation in work injury
insurance and unemployment insurance, exploring
influencing  factors and their correlations
contributing to it, and generating decision
prediction  mechanisms  correspondingly. In
general, it illustrates that the method of machine
learning is an appropriate instrument to use for the
purpose of predicting migrants’ participation in
social insurance in China.

The results of feature selection
implemented by the method of machine learning
indicate that occupation, enterprise ownership,
working days per week, workplace and
employment type are closely related to migrants'
participation in work injury insurance, while
education, household type, enterprise ownership,
working days per week, workplace and
employment type have high correlation with the
migrants’ participation in unemployment insurance.

A decision tree prediction model for
migrants’ participation in work injury insurance
and unemployment insurance are constructed
respectively based on these extracted features.
What this study discovers is that occupation,
enterprise ownership, working days per week,
workplace and employment type all have
significant prediction of migrants’ participation in
work injury insurance, while education, household
type, enterprise ownership, working days per week,
workplace and employment type are predictors of
migrants’ participation in unemployment insurance.
The corresponding decision prediction rules are
generated as well. The results show that
classification accuracy of decision tree prediction
models for two kinds of insurance is over 80%,
which indicates that overall classification effect is
satisfactory. Furthermore, it also illustrates that the
method of machine learning has a very positive
applicability in classification prediction of
migrants’ participation in work injury insurance
and unemployment insurance in China.

Furthermore, what this study further
discovers is that enterprise ownership, working
days per week, workplace and employment type
are common predictors of migrants’ participation in
both work injury insurance and unemployment
insurance, with enterprise ownership as root node
of two decision trees, which indicates that
enterprise ownership is playing a crucial role in the
migrants’ participation in both kinds of insurances.
Specifically, (1) in terms of work injury insurance,
the participation rate of migrants working in
European and American enterprises or Hong Kong,
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Macao and Taiwan enterprises is the highest.
82.4% of them participate in work injury insurance
and their participation is not influenced by other
factors. There is the second highest participation
rate (65.5%) of migrants employed in sino-foreign
joint ventures, state-owned and state holding
enterprises or Japanese and Korean funded
enterprises. For migrants working in other six kinds
of ownership enterprises, their participation rate is
less than 50%, with the lowest participation rate
(less than 8%) happening in individually-owned
businesses or other ownership companies. (2) For
unemployment insurance, the highest participation
rate (77.6%) happens in European and American
enterprises or Japanese and Korean funded
enterprises and the participation of migrants
working in these enterprises is not affected by other
factors. There is the second highest participation
rate (60.1%) of migrants employed in Hong Kong,
Macao and Taiwan enterprises. For migrants
employed in other eight kinds of ownership
enterprises, their participation rate is less than 50%,
with the lowest participation rate (less than 4%)
happening in individually-owned businesses, land
contractor companies or other ownership
companies.

In addition to the above common
prediction of migrants’ participation in both work
injury insurance and unemployment insurance,
what is different, migrants’ participation in work
injury insurance is still further significantly
influenced by occupation, while education and
household type have significant prediction of
migrants’ participation in unemployment insurance.
In detail, (1) if the migrants work is in an
individually-owned business, or they work in sino-
foreign joint wventures, state-owned and state
holding enterprises or Japanese and Korean funded
enterprises and weekly work between four to six
days, their participation in work injury insurance is
still further significantly influenced by occupation.
(2) For migrants who work in Hong Kong, Macao
and Taiwan enterprises, work in sino-foreign joint
ventures or government institutions, or work in
state-owned and state holding enterprises and hold
an  agricultural  household  register, their
participation in unemployment insurance is still
further significantly impacted by education. (3) For
migrants who work in offices in collective
enterprises or private enterprises, or migrants who
are employed in state-owned and state holding
enterprises, their participation in unemployment
insurance is still further significantly influenced by
household type.

There are also some limitations of this
study. On the one hand, optimal feature subset is

selected by attribute evaluator and search algorithm
(BestFirst and CfsSubsetEval). Different feature
selection algorithms can be explored in future
studies to improve the classification accuracy of
prediction model for migrants’ participation in
work injury insurance and unemployment
insurance. On the other hand, although up to now
the method of machine learning has been
extensively used in social sciences, few researches
have focused on the application of this method to
social insured behaviors of migrant workers. This
study explores two kinds of social insurances (work
injury insurance and unemployment insurance) of
the migrants in China with the application of
machine learning method, which indicates a
satisfactory result in classification prediction of the
migrants’ participation in work injury insurance
and unemployment insurance in China. However,
whether the machine learning method is suitable
for prediction of migrants’ participation in other
social insurances such as endowment insurance,
medical insurance, housing accumulation fund or
maternity insurance still needs further exploration
in the future.
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Table 1 Demographic information of participants
. Frequency Percentage . Frequency Percentage
Variables (N=8200) (%) Variables (N=8200) (%)
Gender Male 3849 46.94 Flow time (year) <3 5104 62.24
Female 4351 53.06 4-9 2138 26.07
Age <20 665 8.11 10-19 850 10.37
21-24 1192 14.54 20-29 104 1.27
25-33 2779 33.89 >30 4 0.05
34-41 2298 2802 ~ Employment oo ioved 7338 89.49
status
4254 1181 14.40 :'Jusek%p' 706 8.61
>55 85 1.04 At school 46 0.56
Marital o arried 1907 23.26 Unemploye ¢ 1.06
status d
Married 6213 75.77 Retired 23 0.28
Divorced 70 0.85 Working  days 871 10.62
per week
Others 10 0.12 1 10 0.12
Education 19" 1413 17.23 2 12 0.15
school
Junior g4 6.59 3 16 0.20
college
Secondary ;54 53.12 4 69 0.84
school
;thdergrad” 275 3.35 5 1060 12.93
Technical
secondary 592 7.22 6 2442 29.78
school
Primary g, 11.32 7 3720 45.37
school
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b. ROC curve for unemployment insurance
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Figure1 ROC curves a.work injury insurance b. unemployment insurance
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Figure 5 Decision tree prediction model of unemployment insurance
(Methods of growth: CHAID, cross validation)
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