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Abstract 

With the rapid development of urbanization in China, a growing number of rural workers migrate to urban cities 

for employment opportunities with leaving their children at home. These children are called left behind children 

(LBC) in China and their population has dramatically increased during the last 20 years. So far, many studies 

have examined what factors were associated with this increasing LBC populations. However, they were rarely 

guided by a holistic perspective. The current study investigated 1,691 left behind children in 166 communities 

using data from the China Health and Nutrition Survey (CHNS) in 2011. Based on the human ecology theory, 

this study explored family and contextual (community) characteristics associated with the left behind children 

(LBC) in China. The main results for this subpopulation of families with children revealed stark contrasts with 

the literature for the general population of migrants. That is, for the families with children, (1) contrary to the 

literature, father‟s education was negatively associated with the probability of LBC at the individual level, even 

after the income was controlled; (2) community average father‟s education was also negatively associated with 

LBC; but (3) community average household income was not associated with LBC once the average father‟s 

education was controlled. The policy implications of these results are briefly discussed. 

Keywords: left behind children, rural to urban migration, family and community factors, multilevel logistic 

regression 

1. Introduction 

1.1 Migrant Workers & Left Behind Children in China  

The story, “Made in China” during the last quarter century was greatly contributed by the migrant workers 

toiling for substantial wages to produce exports (Chan, 2013). In fact, “rural migrant labor”, was estimated to be 

16.5% of total population in 2010, and has been the backbone of China‟s export industry since the mid-1990s 

(Ye & Lu, 2011). For example, in coastal cities such as Shengzhen and Dongguan, the migrant population 

contributes to a majority of labor force (70% to 80%) in the local industrial market. The rural-urban migration 

has also played a crucial role in China‟s epic urbanization within the last 20 years. In the 30 years since 1979, 

China‟s urban population has grown by about 440 million to 622 million in 2009 (Chan, 2013). Among them, 

around 340 million could be attributable to the net migration (Ebenstein & Zhao, 2015). 

This rural to urban migration in China is different from internal migration in other countries. Although there are 

many temporary urban workers in China, not many of them can become permanent residents in cities because of 

the Chinese household registration system (hukou), (Kuang & Liu, 2012). The “Hukou” system, which was 

modeled from the Soviet “propiska” (internal passport), translates literally as the “household registration system”, 

but differs substantially from other systems of household registration (Chan & Buckingham, 2008). It was 

initiated in 1958 and was intended to support the national industrialization strategy at the cost of the countryside 

development. At that time, this residency system was characterized by the rigid control of population flows into 

cities (Huang, 2014). 

The current Chinese household registration system divides the household registration attribute into “agricultural 

hukou” and “non-agricultural hukou” (Ge, 2019). People with agricultural “hukou” are endowed with the rights 

to obtain land in rural areas, but are not allowed to enjoy social welfare in cities. This means these temporary 

migrant workers cannot obtain equal treatment for social welfare as received by their urban counterparts (Chan, 
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2010). Neither do the family members of migrant labors to have any access to the social welfare system in cities. 

For example, the school-age children of migrant workers are not admitted freely to public schools in cities but 

are either rejected or required to pay an exorbitant extra fee (Jingzhong & Lu, 2011). Therefore, many rural 

migrants do not have a better alternative, but to leave their children in the villages and hand the children‟s care 

over to their relatives. As a result, these children often endure long-term separation from their parents. This 

long-term separation from parents underwrites the widespread left-behind children phenomenon.  

According to Guan and Deng (2019), „Left Behind Children‟ (LBC) refers to the rural “hukou” children (under 

16 years old) who have been left-behind at home by either both parents or one parent who has migrated while the 

other one does not have guardianship capacity. It was estimated that China already had 61 million left-behind 

children in rural areas in 2016, which was close to the total population of United Kingdom (Mimi Lau, 2016). 

More than one third of them even could not see their parents once a year, living totally without their parents‟ care 

and supervision (Wen & Lin, 2012). Along with this growing population, many studies have showed that 

parental migration could potentially bring enduring adverse effects on LBC. They were very vulnerable to 

develop a series of psychological problems such as loneliness symptom, depression, anxiety and lower overall 

life satisfaction or happiness (Jia & Tian, 2010; Fan, Su, Gill, & Birmaher, 2010; Dai & Chu, 2018). Compared 

to non-left behind children, the LBC often experience a higher rate of behavioral problems, such as more 

conduct problems, higher anti-social and aggressive behavior (Qu et al., 2018). In addition, LBC who are living 

in low-income situations have a higher risk of committing juvenile crimes (Shi-tan, 2009). 

1.2 Factors Associated with Left Behind Children 

Given the increasing concerns for the issues around LBC in China, many studies have been conducted to explore 

the reasons for the growing LBC population. So far, the dominant framework to interpret this phenomenon is 

based on the market mechanisms where such a migration is considered as product of a cost-benefit calculation 

(Borjas, 1993; Morawska, 2007). Under this perspective, many scholars reached an agreement that the income 

disparity between rural and urban areas will always be a primary incentive for rural surplus labors moving from 

agriculture work to the industry field at the cost of leaving their children behind (Fan, 2002; Liang & Ma, 2004; 

Ye, Wang, Wu, He, & Liu, 2013). Research even indicated that it is not necessarily the actual income that 

motivated laborers to migrate, but the optimistic expectations which may virtually outweigh any realistic 

increase in their income in terms of pushing them to move to cities (Gao & Smyth, 2011). 

Other studies indicated that beyond the economic benefits, the determinants on their migration could be divided 

into household and environmental factors. Among the household factors are gender, age, physical health, 

educational levels, and the household structure. For example, Roberts (2001) pointed out that unmarried labors 

were more likely than married couples to choose employment in distant regions or urban areas because the social 

culture expects the married couples to seek more stable life pattern. The marital effects on reducing the 

possibility of this migration, however, seem to be more salient among women than men in Chinese studies 

because some studies indicated that being married did not significantly reduce men‟s likelihood to participant in 

the labor migration (Yang & Guo, 1999; Liang & Chen, 2004). Furthermore, a study indicated that older rural 

workers tended to select off-farm employment near their home villages, while younger workers preferred remote 

regions (Yang, 2000). Household characteristics could also affect members' migration behavior. For example, the 

extended household structure such as presence of elderly parents, married children, or adult relatives were 

observed to increase the odds of participating in the migration because the parents and adult relatives can help 

with farm work and childcare while the migrants are away (Yang & Guo, 1999). One of the most important 

factors from previous studies was migrants‟ educational level. Some studies indicated that rural laborers with 

relatively high educational levels were more likely to be employed outside of their home town, so they have a 

higher likelihood to migrate for urban employment. (Gao & Smyth, 2011; Ye et al., 2013). Li and Zahniser (2002) 

even suggested that rural-to-urban migration is likely to increase in the future as the quality and quantity of 

education in rural areas improve. 

As for the environmental factors, a body of studies showed that social network, local economy, and its 

population density will impact the decision of rural migration, which were often stated under the rubric of “push 

and pull” theory (Mejia, Pizurkim, & Royston, 1979). For example, having relatives or friends in urban areas 

would work as a “pull” factor for the rural-urban migration because such social networks could help reduce the 

migration cost (Ye et al., 2013). In contrast, the community population density may work a “push” factor for 

migration because it is related to the degree of competition for local employment and social services (Zhang et 

al., 2015). Lower employment rates and income levels, less social security, and less farm land will also work 

together as a “push” factor (Willmore, Cao, & Xin, 2012).  
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1.3 Theoretical Framework  

While the previous studies have provided some credible findings in explaining the formation of LBC, they were 

rarely guided by a proper theoretical framework. A major drawback is that they fail to explain the reasons of 

LBC from a holistic perspective. Most of the studies rely on a single-level analysis that focuses either only on 

the family / household levels (micro-level) or the community level (macro-level). However, a complete account 

of migration behavior should put the characteristics of family members under a broader community context 

(Massey, 1990). Any family member‟s decision to move or stay is a function of not only his / her motivations, 

but also the contextual environment where he /she reside. Therefore, the human ecological theory is an 

appropriate system theory to study the LBC phenomenon because it suggested that children do not develop in 

isolation, but within an interactive system between family and society (De Haas, 2010). 

According to human ecology theory on migration and development, humans interact with their natural, social–

cultural, and human-built environments to comprise a human ecosystem. For example, a family ecosystem 

consists of a family interacting with its environment which is defined both spatially and socially. The spatially 

and socially defined environment can be viewed as a hierarchy of systems at multiple levels moving from the 

most proximal to the most remote (Swain & Garasky, 2007). In practice, both macrosystem and microsystem 

factors may contribute to the phenomenon of LBC. For example, the local economic condition mentioned before 

could be the institutional factor in the macrosystem to motivate family members to migrate. In contrast, the 

household income level in microsystem could also contribute to the migration of family members. To fully gain 

valuable information from multiple levels, we therefore adopt the multi-level analysis in our study.  

At the child/family level, we paid close attention to the household income and father‟s educational attainment in 

the present study because, as aforementioned, the economic reasons were still a dominant incentive for the rural 

outmigration in most studies in China. We hypothesized that families with higher annual income were less likely 

to leave children behind. As for the father‟s educational attainment, we considered that father‟s educational 

attainment might play an important role on the family immigration decision because many rural families in 

China were still highly influenced by the patriarchal family culture. This traditional culture expects a husband to 

be a main financial sponsor and owns more marital power within the family especially when making important 

decisions for the whole family members. Some of the previous findings showed that male workers with higher 

education were more likely to migrate out even after marriage (Gao & Smyth, 2011; Ye et al., 2013). This 

finding, however, was not consistent in other related studies (Chan & Selden, 2014; Shao et al., 2016). 

Collecting all the above points together, we hypothesized that father‟s education attainment could be a 

significant factor in predicting the status of the left behind children with the direction of the impact left 

undetermined. 

Other factors such as children‟s minority status, gender, and age, were also considered as the child/family level 

characteristics because they function together to compose the whole family ecosystem. Particularly, minority 

status was included to the list since some studies indicated that minority residents living in economically 

disadvantaged regions in China were more likely to migrate to work in urban areas (Fang, Yang, & Meiyan, 2009; 

Li & Zahnister, 2002).  

At the community level, the predictors at the family level such as father‟s education, household income, and 

indicator of minority status were aggregated to form the predictors at the community level. Among them, the 

community average of father‟s education, and the community average household income were of our major 

interest since they were directly derived from the key variables of our interest at children/family level. The 

community mean minority status, which is the proportion of minority children that is approximately equivalent 

to the proportion of minority family in the community, was also of our interest. In addition, Qin (2010) found 

that the population of out-migrants were not evenly distributed because the inequality of the economic 

development of the different regions in China. Therefore, we included geographic region as a covariate for 

control to reflect the economic differences of the areas. 

One of the major objectives of the present study is to fill some gap in the current LBC literature by examining 

the factors associated with this rural migration at the cost of leaving their children behind from the multilevel 

perspective. Results of the multilevel analysis could help address the following research questions: (1) what 

factors at family and community levels could play important roles for determining likelihood of becoming LBC. 

(2) how these factors at different levels work together to induce the LBC? Which factor has the strongest impacts? 

Answers from the multilevel perspective, which incorporate both family- and community-level factors would be 

very helpful in understanding the dynamic mechanism underlying this LBC phenomenon. 
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2. Method 

2.1 Data and Measures 

The current study used data from the China Health and Nutrition Survey (CHNS). The CHNS is an ongoing 

international collaborative project between the University of North Carolina at Chapel Hill and the National 

Institute of Nutrition and Food Safety at the Chinese Center for Disease Control and Prevention (Chinese Center 

of Disease Control and Prevention, 2019). The information collected by this survey includes individual and 

household economic, demographic and social characteristics, and individual physical activity, nutrition intake 

and health status.  

2.2 Participant Characteristics 

The survey employed a multistage, random-clustered sampling procedure to draw a sample of about 4,400 

households with about 19, 000 participants from over 200 communities or neighborhoods in nine provinces, with 

the first round conducted in 1989. To date, there were eleven wave of panel survey collected: 1989, 1991, 1993, 

1997, 2000, 2004, 2006, 2009, and 2011. 

We used the 2011 survey data in the current study because it is the most recent one and three municipal cities 

(Beijing, Shanghai, and Chongqing) were added to increase the geographical diversity, which were considered as 

the primary destination for these rural labor immigrants. Based on the definition of LBC (Guan & Deng, 2019), 

we selected the children under the age of 18 and linked them to the household and community level datasets, the 

analytic sample had 1691 children in 166 communities. Note that communities represent villages and townships 

within the counties and urban/suburban neighborhoods within the cities and they were selected randomly after 

counties in nine provinces were stratified by the three levels of income level (Chinese Center of Disease Control 

and Prevention, 2019). Thus, counties were primary sampling units (PSUs) and households were secondary 

sampling units (SSUs). 

2.3 Descriptive Analysis 

The descriptive statistics for the child/family- and community-level characteristics used in the study were 

reported in Table 1.  

Table 1. Descriptive statistics for data from year 2011 for the left behind children in China 

Child/Family level (n=1,691) 

Categorical Variables (variable name) Frequency Percent (%) 

Gender (dFemale)   

Male (“0‟) 929 54.9% 

Female (“1”) 762 45.1% 

Minority status (Minority)   

Minority (“1”) 254 15.0% 

Majority (“0”) 1437 85.0% 

Status of Left Behind (Left_Behind)   

Yes (“1”) 603 35.7% 

No (“0”) 1088 64.3% 

Continuous Variable (variable name) N Mean SD Minimum Maximum 

Children‟s Age (Age) 1691 7.73 4.79 0.00 18.00 

Father‟s Educational Attainment (F_Ed) 1044 2.36 1.31 0.00 6.00 

Household Gross Income (Log_Income) 1665 10.27 1.32 0.00 13.34 

Community Level (n =166)   

Categorical Variables (variable name) Frequency Percent (%) 

Municipality Area (Municipality) 28 16.9% 

Coastal Area (Coastal) 28 16.9% 

Inland Area (Inland) 47 28.3% 

Southwest Area (Southwest) 32 19.3% 

Northeast Area (Northeast) 31 18.7% 

Continuous Variable (variable name) N Mean SD Minimum Maximum 

Minority Proportion (Mean_Minority) 166 0.14 0.31 0.00 1.00 

Mean Father‟s Educ. Attain. (Mean_F_Ed) 156 2.27 1.01 0.00 5.00 

Mean Gross Income (Mean_ Inc) 166 10.36 0.75 7.70 12.63 
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The dependent variable (“Left Behind”) was a binary variable coded either as “0” or “1” (“0” indicates non-left 

behind Children and “1” left behind Children). The proportion of LBC in the current dataset was 35.7% (see 

Table 1). At level 1 (child/family level), we used the children‟s gender (dFemale), Age (Age), minority status 

(Minority), father‟s educational attainment (F_Ed), and Household Gross Income (Log_Income) as predicators. 

The variable “dFemale” is a dummy variable for child‟s gender, with “0” indicating male and “1” indicating 

“female”. As shown in Table 1, 54.9 % of children in the current sample were boys. The variable “Minority” is 

another dummy variable, indicating the minority status of a child such as “Hui”, “Mongolian”, “Tibetan”, 

“Vaguer” and “Miao” etc. (“yes” coded as “1” and “no” coded as “0). As in Table 1, the reported minority 

children accounted for 15% of the entire sample. The variable “Age” is a continuous variable representing the 

children‟s age in 2011, ranging from 0 to 18 (M = 7.73). The variable “Log_Income” represents the natural 

logarithm of the total gross household income in “yuan” for each child. The use of log scale transformation was 

to alleviate the positive skewness in its distribution. The mean value of household income was 10.27, ranging 

from 0 to 13.34 in natural log scale. The last continuous variable is father‟s educational attainment (F_Ed), 

which asked children‟s father about their “Highest Level of Education Attained”. It was coded as six different 

levels with higher value indicating higher level of education: “0” represents “None”; “1” represents “primary 

school”; “2” represents “lower middle school”, “3” represents “higher middle school”, “4” represents “Technical 

or vocational degree”; “5” represents “University or college degree”; “6” represents “Master‟s degree or higher”. 

The average value of father‟s education is 2.36, meaning that the average father‟s degree in current study is in 

between middle and high school level. 

Level 2 (community level) variables include: Municipality/Geographic regions (categorical), the proportion of 

minority within community (Mean_Minority, M = 0.14), the average father‟s educational attainment 

(Mean_F_Ed, M = 2.27) and the mean community income in natural log scale (Mean_Inc, M = 10.36). The 

Municipality/Geographic regions consists of five categories: Municipal cities (Municipality n = 28 (16.9%)), 

Costal Area (Coastal, n = 28 (16.9%)), Inland Area (Inland, n = 47 (28.3%)), Southwest Area (Southwest, n = 32 

(19.3%)), and Northeast Area (Northeast, n = 31(18.7%). It should be noted that the geographic region was 

created by decomposing and recoding the category variable “province” in current dataset based on the previous 

study (Tong & Piotrowsk, 2012). For example, the variable Coastal was created by combining the Jiangsu and 

Shangdong provinces, and the Inland was created by combining Henan, Hubei and Hunan provinces. We created 

four dummy variables for the five categories of Municipality/Geographic variable, and left the Southeast area as 

the reference group in our HLM analysis. The remaining three variables, Mean_F_Ed, Mean_Income, and 

Mean_Minority were created as the average of the corresponding individual level variables.  

2.4 HGLM Analysis 

Our major purpose of current study is to examine what are the reasons for parents to migrate by leaving their 

children behind. In order to answer the research questions, a multilevel logistic regression model (MLRM) was 

utilized since the dependent variable, Left_Behind, was a binary variable and the data had nested data structure 

(i.e., children (family) nested within communities). The MLRM is one form of hierarchical generalized linear 

model (HGLM) for discrete outcome variables and it is used for binary outcomes with logit link function. The 

link function is a nonlinear transformation of the expected value (or mean) of outcome variable (Y) in a 

convenient form and the logit is the form of transformation for the binary outcomes. In addition, the transformed 

mean will be used as the dependent variable for the subsequent structural regression model (see Raudenbush & 

Bryk, 2002 for more detail for HGLM). The analysis was conducted following the concept of taxonomy of 

statistical models (Singer & Willet, 2003), which represents a set of relevant models that address the research 

questions of interest. All the HGLM analysis was conducted by HLM version 7 software (Raudenbush et al., 

2011). The odds ratios are used as indicators of effect sizes, with the cut-off for large practical significance being 

an odds ratio greater than 2.0 (or less than 0.5, for negative relationships (Monahan, McHorney, Stump, & 

Perkins, 2007). The odds-ratios will be used for interpreting the effect size in the later section.  

First, an unconditional model (Model 1) which does not include any predictors at both levels, was used to fit the 

data as the baseline model to examine the amount of variability among communities. Since HGLM takes a form 

of a set of sampling model, link function, and structural model, the level 1 model in Model 1 was specified in the 

following equations: 

       Model 1. 

         Level 1: 

                       Sampling model:    Prob (Left_Behindij = 1| βj) = ij 

                       Link function:      log[ij/(1 - ij)] = ηij                                                                                                                                 

                       Structural model    ηij = β0j 
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where the sampling model equation indicates that the dichotomous outcome variable Left_Behind has a Bernoulli 

distribution with parameter , which is the probability of a child i in community j will become the left behind 

child; the link function equation indicates that the link function for the Bernoulli distribution is the logit link 

where ηij is the log-odds (i.e., logit), which is the natural logarithm of odds ij/(1-ij); and the structural model 

equation states that the log-odds for child i in community j is simply represented as the logit probability of the 

community j to which the child i belongs.  

At level 2, the community j‟s average logit (0j) becomes the outcome variable as the sum of overall average (00) 

and the unique effect of community j (𝑢0𝑗). That is, 

         Level 2: 

                                          β0j= γ00 + u0j, 

where u0j is the level 2 random error that represents the unique effect of community j , and is assumed to be 

independent, identically distributed (i.i.d.) as normal distribution with mean of 0 and variance 00, i.e., 

𝑢0𝑗~𝑖.𝑖.𝑑.𝑁(0, 𝜏00). 

After confirming that there is significant variability of the logits of LBC across community (i.e., rejecting H0: 

 = 0), which we will show in the results section, we proceeded to the next step. In this step (Model 2), 

children level (level 1) variables were added to the model for the purpose of better understand how the logit 

probability is associated with child and family characteristics. The level 1 predictors that were included were: 

child‟s gender (dFemale), Age, Minority, father‟s educational attainment (F_Ed) and household gross income 

(Log_Income). Continuous variables such as Age, F_Ed, and Log_Income were group mean centered in order to 

capture the within community between child/family‟s variability (Allison, 2009). For this model, the intercept 

(𝛽0𝑗) was specified as random and all the slopes were fixed after confirming them using the deviance test. 

       Model 2.  

         Level-1 Model: 

                                          Prob (Left_Behindij = 1| βj) = ij 

                                          log[ij/(1 - ij)] = ηij 

                                          ηij = β0j + β1j*(Ageij) + β2j*(dFemaleij) + β3j*(Minorityij)         

                                             + β4j*(F_Edij) + β5j*(Log_Incomeij)  

         Level-2 Model: 

                                           β0j = γ00 + u0j 

                                           β1j = γ10  

                                           β2j = γ20  

                                           β3j = γ30  

                                           β4j = γ40  

                                           β5j = γ50. 

Note that in Model 2, the intercept 0j now represents the adjusted mean logit probability of LBC for community 

j after adjusting for Age, dFemale, Minority, F_Ed, and Log_Income accordingly, the grand mean 00 now 

represents the overall adjusted grand mean logit probability of LBC. 

In the third step, in order to better understand the significant variability of likelihood of LBC among 

communities found both in Model 1 and Model 2, we added the compositional variables such as Mean_Minority, 

Mean_F_Ed, and Mean_Income to the level 2 model for the level 1 intercept (0j). These compositional variables 

represent certain community characteristics, and they are frequently used to elucidate the contrast between the 

effects of these compositional variables and those of the corresponding individual level as the compositional or 

contextual effects in multilevel modeling literature. 

Thus, as Model 3, a compositional/contextual effects model (Raudenbush & Bryk, 2002, pp. 139 – 141) was 

specified as follows.  

       Model 3.  

         Level-1 Model: 

                                         Prob (Left_Behindij = 1| βj) = ij 

                                         log[ij/(1 - ij)] = ηij.                                                           

                                         ηij = β0j + β1j*(Ageij) + β2j*(dFemaleij)  

                                           + β3j*(Minorityij)+ β4j*(F_Edij) + β5j* (Log_Incomeij) 
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         Level-2 Model: 

β0j = γ00 + γ01*(Mean_Minorityj) + γ02*(Mean_F_Edj) 

         + γ03*(Mean_Incomej) + u0j 

                                                               β1j = γ10  

                                         β2j = γ20  

                                         β3j = γ30  

                                         β4j = γ40  

                                         β5j = γ50. 

Note that, for Model 3, the intercept (0j) was specified as random and all the slopes were kept fixed as was done 

in Model 2. 

Model 4 builds on Model 3 by adding four geographic dummy variables (Municipality, Costal, Inland, and 

Northeast) at level 2 to see whether different regions could impact the intercept of level 1 model after controlling 

for other variables. Southwest region (Southwest) was used as reference region. Again, similar to Model 2 and 

Model 3, only the level 1 intercept was allowed to vary from community to community and the other level 1 

slopes were fixed. 

3. Results 

The results of the unconditional model (Model 1) indicated that the estimated average log odds of left behind 

children was -0.858, which was statistically significantly different from zero at 0.01 level (see Table 2).  

Table 2. Results of fitting a taxonomy of HGLMs 

 Model 1 

(Unconditional 

 Model) 

Model 2 

(Level 1 

Predictor Added) 

Mode3 

(Compositional 

Effect Model) 

Model 4 

(Geographic 

Region Added) 

Standardized 

Odds Ratio 

for Model 4 

    Fixed Effects      

       Intercept, γ00 -0.858*** (0.126)  -4.423*** (0.471)  -4.034*** (0.414) -2.958*** (0.456)  

       Age, γ10  0.054 (0.034) 0.050 (0.033) 0.043 (0.032) 1.229 

       dFemale, γ20  0.346 (0.304) 0.195 (0.302) 0.203 (0.301) 1.225 

       Minority, γ30  1.811 (1.081) 1.654 (1.067) 1.538 (1.023) 4.655 

       F_Ed, γ40  -0.387* (0.184) -0.446* (0.193) -0.452* (0.195) 0.553 

       Log_Income, γ50  -0.563*** (0.140) -0.513*** (0.138) -0.482* (0.135) 0.529 

       Mean_Minority, γ01   1.470* (0.615) 0.715 (0.625) 1.248 

       Mean_F_Ed, γ02   -1.012** (0.308) -0.977*** (0.311) 0.373 

       Mean_Income, γ03   -0.002 (0.375) 0.2372 (0.351) 1.195 

       Municipality, γ04    -1.409 (0.750) 0.244 

       Coastal, γ 05    -1.729* (0.836) 0.177 

       Inland, γ06    -0.936 (0.583) 0.392 

       Northeast, γ07    -2.003*(0.809) 0.135 

    Variance Components      

      Community mean 1.654 *** (0.318) 3.765*** (1.323) 2.124** (0.860)  1.663** (0.768)  

Pseudo R2 for L2 Variance  Base 44.6% 57.2%  

***p < 0.001, **p < 0.01, *p < 0.05; Standard error associated with its point estimate is in parentheses; Standardized odds ratio 

represents the odds ratios for one standard deviation change for continuous independent variables and the regular odds ratios 

(i.e., for one-unit change) for dichotomous variables. 

This is equivalent to the probability of 1/ [1+exp (-0.858)] =0.298, which corresponds to the observed proportion, 

0.356 (Note 1) (Table 1). Meanwhile, the estimated between community variance (τ00) was 1.654 (s.e. = 0.318), 

which was statistically significant at the 0.01 level (see Table 2). This indicates that there is a significant 

variability of the logit probability of LBC among communities, further justifying the use of HGLM in our study. 

The variance 1.654 (or standard deviation (SD) = √τ00  = 1.286) implies that 95% of the community mean logit 
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of LBC approximately lied between [-3.379, 1.663], which is [0.03, 0.84] in probability, indicating that the LBC 

rates vary substantively from community to community. 

The results of Model 2 showed that the except Age, dFemale, and Minority (γ10 = 0.054, p > 0.05; γ20 = 0.346, p > 

0.05; and γ30 = 1.811, p > 0.5 respectively), all the other predictors at level 1 were statistically significant. To be 

more specific, the results showed that the household gross income and father‟s educational attainment were 

statistically significant at 0.05 level, and both variables had negative effects on the likelihood of LBC, 

controlling for other variables (γ40 = - 0.387, p < 0.05 for F_Ed and γ50 = - 0.563, p < 0.01 for Log_Income). This 

means that the higher the fathers‟ educational attainment and gross income, the less likely the children would be 

left behind. 

The results of Model 3 indicated that compositional variables did explain the variation of the probability of LBC 

among communities. That is, 44.6% of the between-communities variance were explained after three aggregated 

variables (“Mean_Minority”, “Mean_F_Ed”, and “Mean_Income”) were added as predictors for Level 1 

intercept 0j (see Pseudo-R2 for L2 Variance in Table 2). Specifically, mean father‟s education attainment 

(Mean_F_Ed) was negatively related to the logit probability of left behind children (γ02 = -1.012, p < 0.01). 

Mean_Minority was also statistically significant in predicting the level 1 intercept (γ01 = 1.470, p < 0.05), 

indicating that on average, the community with higher proportion of minority children tend to have higher 

probability of LBC. On the other hand, the mean family income (Mean_Income) was not a statistically 

significant predictor for the adjusted community logit mean probability.  

The results for Model 4 (final model) showed that there was significant difference on the probability of 

becoming LBC among five municipality/geographic regions even after the community context variables were 

controlled for. Specifically, compared to the reference region, which is Southwest, all the other regions had lower 

probability of LBC. Especially, the salient difference was observed between the Northeast and Southwest regions 

(γ04 = -2.003, p < 0.05), as well as between Costal and Southwest regions (γ02 = -1.729, p < 0.05). It means that 

on average, children in Southwest had 0.135 or 0.177 times less likely to be left behind in odds than those in the 

Northeast or Costal regions respectively (for these odds-ratios, they can be obtained by simply exponentiating 

the coefficients. That is, exp (-2.003) = 0.135 and exp (-1.729) = 0.177 and these are reported under the column 

of Standardized Odds ratio in Table 2). These values are considered to be large effects according to the rule of 

thumb (Monahan, McHorney, Stump, & Perkins, 2007). Although we did not find a significant difference 

between Municipality and Southwest, the general trend was that children in municipality regions are 0.244 times 

less likely to be left behind in terms of odds compared to Southeast regions, which was a large effect in practice 

again. In terms of the variance-accounted-for measure, after the geographic dummy variables were added, the 

pseudo-R2 increased to 57.2% in Model 4 from 44.6 % in Model 3, indicating that additional 12.6% of the 

variance in Model 2 was explained by adding the municipality/geographical region information. 

3.1 Odds-ratio and Standardized Odds-ratio  

As mentioned in HGLM analysis section and already used in describing the region effects above, odds-ratios 

(ORs) are commonly used to describe the effect size (ES) and it is useful to discuss practical and substantive 

significance. OR for dichotomous independent variable can be immediately obtained by exponentiating the 

estimated regression coefficients as was done for dummy variables for region above. This applies to minority 

status in Model 4. Though it was not statistically significant at 0.05 level, the OR was 4.655 as in Table 2. This 

means that when other things equal minority children were 4.655 times more likely to be LBC in odds compared 

to majority children, which was extremely large effect and was the largest among all independent variables in 

Model 4.  

When it comes to continuous independent variables, we need to standardize the regular OR if we want to 

compare the ESs among different variables. This can be done by only standardizing the scale of independent 

variables, that is, the standardized OR (SOR) can be obtained by multiplying the SD of the independent variable 

given in Table 1 to the estimated coefficient and then exponentiate it (Kaufman, 1996) (Note 2). The right most 

column of Table 2 reports the SOR for the continuous independent variables in Model 4. From Table 2, we can 

see that at the child/family level, the SOR for father‟s education and household income was 0.553 and 0.529, 

respectively. This indicated that children who had one standard deviation higher in father‟s education or 

log-household income is 0.553 or 0.529 times less likely to be LBC than those in lower values when other 

independent variables in Model 4 were held constant. Since these values are similar and close to the threshold 

0.50, we could say that both father‟s education and household income are strong protective factors with 

approximately equal effects. At the community level, the mean father‟s education was statistically significant 

predictor and its SOR would be 0.373, which indicated that children living in community with one SD unit 
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higher in mean father‟s education is 0.373 times less likely to be LBC compared to those living in community 

with lower mean father‟s education value, holding other variables in the model constant. 

Using the OR and SOR, we can compare the relative importance of independent variables within and across 

communities. Among six variables (Minority, F_Ed, and Log_Income at child/family level and Mean_Minority, 

Mean_F_Ed, and Mean_Income at community level), the most substantively important variable was Minority 

(OR = 4.655), followed by Mean_F_Ed (SOR = 0.373), and then Log_Income (SOR = 0.529) and F_Ed (SOR = 

0.553) with approximately equal importance. All of these values exceeded or were close to the threshold values 

of large ES (2.0 or 0.5), they can be considered to have substantively important large effects on LBC occurrence. 

The remaining Mean_Minority and Mean_Income were not statistically nor substantively significant when other 

variables in the model were held constant. 

4. Discussion 

The current study used the multilevel logistic regression model to explore what factors could predict the status of 

left behind children (LBC) in China using the 2011 CHNS data. In order to study the LBC occurrence, families 

with children under age 18 were selected from the original data set. The major findings are summarized in the 

following. 

1. At the household/family level, father‟s educational attainment was the relevant parental education variable 

to the LBC occurrence, but mother‟s and parents‟ educational attainment were not. 

2. At the household/family level, higher father‟s educational attainment and higher household income worked 

as the strong protective factors for the LBC occurrence with approximately equal effect size (ES). 

3. At the community level, higher mean father‟s education was a strong protective factor, but the mean 

income was irrelevant. Mean minority was also not the significant predictor holding other variables 

constant. 

4. Among the four variables of our research interest in the present study, i.e., father‟s educational attainment, 

household income at family level, and mean father‟s education and mean household income at community 

level, the strongest factor was the mean father‟s education, followed by household income and father‟s 

education with similar degree of effect size. All of them were strong protective factors for LBC. On the 

other hand, community mean household income was not relevant factor once other factors were held 

constant. 

5. Though it was not statistically significant, the minority status of children had the largest ES among all the 

predictors considered, implying that it could be the strongest risk factor that leads to LBC. 

6. There was large difference of proportion of LBC among five municipal/geographical regions. Among them, 

southwest region had significantly higher probability of LBC compared to other regions. 

The first finding was indicated by the sensitivity analysis empirically, but it also fits to the rural family system in 

China conceptually. Even in modern times, the family culture inherited from a patriarchal society is still popular 

among rural areas in China, especially the villages with lower income and fewer resources. This family culture is 

symbolized as “man rules outside and woman rules inside”, which expects the wife to be subservient to her 

husband under marital power. Thus, the patriarchal family culture that persists in rural China could have made 

the father‟s education a contributing factor that predicts the LBC occurrence in the present study.  

In the second finding, that higher household income was a strong protective factor for LBC occurrence was 

consistent with the literature and our expectation. However, higher father‟s education as another strong 

protective factor was unexpected because many immigration studies in other countries indicated that the rural 

laborers with relatively high education were more likely to be employed in urban areas outside of their 

hometown (Van Ours and Veenman, 2003; Aydemir & Sweetman, 2007; Aydemir, 2011).  

Some scholars, however, indicated that although schooling is generally expected to promote job mobility and 

migration, it is not always reflected in Chinese data (Willmore, Cao, & Xin, 2012). Zhu‟s (2002) study 

demonstrated that education level played a positive role in migration decision for men, but not for women. Other 

researchers even reported a weak effect of formal education on rural migration, but a strong effect for shifting 

from rural farm work to local non-farm work (Xiaoping, Heerink, & Futian, 2007; Démurger, Fournier, & Yang, 

2010). The local off-farm work or employment such as rural village officers, educators, and doctors require 

employees to have higher educational attainment, and provide more stable and decent salaries than rural farm 

work. In such scenarios, higher educational attainment can indirectly play a protective role on alleviating the 

probability of LBC. 
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Another possible explanation is that well educated fathers could better identify the detrimental effects this 

geographical separation may bring for the well-being of their children compared to fathers that are poorly 

educated. As suggested by Graham and Jordan (2011), a well-educated father may be more aware of the 

necessary role of parental companion on the childcare, having higher educational expectation from their children, 

and more concerned about children‟s spiritual or psychological needs during their growth. Therefore, even the 

labor migration could indeed improve the economic and nutritional circumstances for their children, the father 

with higher educational attainment may feel less willingly to migrate to urban areas for financial benefits at 

sacrifice of forming the stable attachment with their children and choose to stay with children by identifying 

off-farm work locally. It was highly likely that access to higher education may help them better understand the 

negative impacts that child separation from their parent(s) has on children‟s psychological well-being and their 

academic performance at schools (Wen & Lin, 2012; Su et al., 2013; Hu, Lu, & Huang, 2014).  

For the third finding, we found that the mean father‟s educational attainment was a strong protective factor for 

the LBC, but the community average income was not. To understand why the average level of fathers‟ 

educational attainment within community could protect children from being left behind, we may turn our 

attention to the traditional rural culture in China. Traditionally, Chinese village fits Wolf‟s model of the closed 

corporate peasant community (Wolf, 1957). Within this enclosed community, people often perceived “guanxi”, a 

typical Chinese word for the networks of personal connections, as a very foundation of the society in which they 

live. Through this “guanxi”, people gradually build up intimate relationship and share common identity to guide 

each member‟s attitudes and behaviors. Therefore, with more well-educated fathers in the same community, the 

importance of parental care in children‟s wellbeing may be easily shared and supported through daily interaction 

among them. It then helped formulate a child-raising atmosphere as a community climate which emphasized the 

important role played by the parental companion at children‟ growth. This is a form of cultural capital or 

resources available in the community (Dubois, 2011). 

Another portion of the third finding was unexpected. This result contradicted with the findings from other 

Chinese studies (Chan, 2013; Du, 2000; Yang, 2000), which concluded that the community capital income would 

significantly influence people‟s intention to migrate from low-income community to high-income community. 

Right now, it is unclear about why this happened to the current study. One reason for this discrepancy could be 

that most of these studies used a broader migration sample that did not distinguish individual and family 

migration. This could have masked the potential effect of having children at home on the decision to migrate to 

the urban areas for the employment. The result from the current study may imply that family life stage and 

characteristics could make the same factor play a different role in immigration decision, and family immigration 

decision may be made independently of local economy. However, the further study is warranted to see if the 

results of the present study can be replicated. 

The fourth finding was about the relative strength of educational and economic factors that were working at 

different levels. The stark contrast between the mean father educational attainment being the strongest factor and 

no relevance of the mean income on the LBC occurrence could be one of the unique characteristics that Chinese 

rural villages have as a shared culture. At the child/family level, higher household income was a strong 

protective factor of the LBC occurrence, which was consistent with literature, and the present study revealed that 

the father‟s educational attainment was also a protective factor with approximately equal strength of impact.  

The fifth finding was, though it was not statistically significant, being minority children were the largest risk 

factor of the LBC occurrence, but the proportion of minority was not related after other predictors such as mean 

father‟s education and geographical area were controlled for. The first part was consistent with literature except 

for the statistical significance (Zhao, 1999; Fan & Zhao, 2010), but the second part was unexpected. These subtle 

findings require further examination in the future research. 

The sixth finding about geographical regional difference on the probability of the LBC occurrence was 

consistent with literature. The Southwest area is the one that has highest proportion of left behind children, 

which is significantly higher than the Northeast and Costal region. The Southwest region in the current study 

included Guangxi and Guizhou, which is characterized as “mountains, steep slope, low water, valley deeps, thin 

soil, ground barren” with fragile ecological environment, harsh living space, undulating surface, rocky 

desertification and serious soil erosion. In addition to the harsh natural environment, these areas also have a large 

dense population with high proportion of weak education. These factors worked together to make the areas fall 

into the vicious circle of property. That is why these two provinces often have higher population of out-migrants 

than other provinces in China (Qin, 2010).  
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5. Implications of the Findings 

Based on the current findings, the lower household income is still a major determinant for the problem of LBC in 

China. This is consistant with other studies that emphasized the key role played by household income in their 

migration decision. In fact, increasing the household income in rural areas has been a long-term development 

goal for Chinese government, and the rural-urban income gap was remarkably narrowed from recent report 

(Mingmei, 2019). However, totally eliminating this income equality seems to be an impossible mission in the 

short term since a “dual system” that establishes the urban-rural divide is still existed in Chinese policy. The 

more practical solution in the short term is to increase the schooling opportunities for children with rural “hukou” 

so they can migrate with their parents to the destination cities. To accomplish this goal requires not only the 

deeper release of “hukou” registration system, but also more establishment of affordable public schools for the 

rural migrant children. This may be especially important for Preschoolers and adolescent children because they 

are particularly risky of being left behind (Tong, Yan., & Kawachi, 2019).  

The highlight of the fathers‟ education level in the current results also provided some insight into the intervention 

program targeted at the population of LBC in rural China. So far, many of them have been focusing on the facet 

of children‟s needs and using more passive strategies that only try to improve the well-beings of LBC (Guan & 

Deng, 2019). Little attention has been given to establish more proactive or preventive programs targeted at the 

parents of LBC in rural China. Based on our findings about the important role played by father‟s education on 

the phenomenon of LBC in both micro and macro levels, it may be useful to organize intervention programs 

targeted to the parents, especially for the families where the fathers own lower education attainment. For 

example, one could develop community workshops or seminars that inform them of the trade-off between 

increased family income and disrupted parental care. This intervention may be especially important among the 

families where fathers did not have higher educational background in the communities where the mean father‟s 

education were relatively low. The goal of these programs is to raise their awareness of the detrimental effects of 

parental absence on children's emotional and psychological functioning. 

6. Limitations and Future Directions  

The targeted population in the current study was the families who already have their children in China. Therefore, 

it may be improper to generalize the current findings to broader migration population, especially for rural 

workers who do not have family. In fact, many empirical studies already found that higher education would 

increase the intention to migration among individual rural labors, and the more educated migrants tend to stay in 

urban area longer and have a higher chance of being employed in the manufacturing and service industries 

compared to the less educated migrates. This contradicting role played by male laborer‟s educational level on the 

intention to migration may imply that life or family stages may lead the same factor to function differently in the 

migration determination. In order to confirm this different role that the same variables could play requires further 

studies in the future. 

The second limitation rests on the cross-sectional nature of the data. Since the current study used the 

cross-sectional data in 2011, which collected all the information in just one-time point. Therefore, the causal 

relationship cannot be inferred from our results. Further study should consider the longitudinal analysis to 

examine this phenomenon since there are higher chance to make causal inferences by having multiple waves of 

the same individuals in the same communities over time. Identifying causal factors would help come up an 

effective intervention program to alleviate this serious social problem. 
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Notes 

Note 1. This value 0.298 from the HGLM is slightly lower than 0.356, the simple observed proportion. This is 

because the HGLM estimates the unit specific fixed effects as opposed to the population average estimate which 

can be estimated by generalized estimating equation (GEE) methodology. It is common to observe the slightly 

lower estimate for the HGLM unit specific model than the population average estimate (Chapter 10, Raudenbush 

& Bryk, 2002). 

Note 2. It may be more appropriate to refer to semi-standardized or x-standardized odds-ratio since only the 

independent variable is standardized. However, for simplicity, we refer it to the standardized odds-ratio (SRO) in 

this article. 
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