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A B S T R A C T   

We propose a modeling framework that uses only cross-sectional data to disentangle labor supply 
and demand choices simultaneously. This modeling framework extends the labor-market 
analytical toolkits to adapt to environments where data are limited, flexibility in working 
hours is lacking, or structural changes are present, as is the case in most emerging and low-income 
countries. We showcase our model by using the 2011 China Household Finance Survey to deci-
pher labor market choices in urban China. We find that the main discrepancies in labor supply 
between males and females are driven by the number and age of children, the lower utility of 
working rather than fewer job opportunities for females, and larger impacts of education and 
work experience on females’ job opportunities. Household wealth in the form of ‘cash inflow’ 
incentivizes individuals not to work, while wealth in the form of ‘stock’ induces higher utility to 
work for both males and females. The interpretation of empirical findings hinges on particular 
assumptions that might be disputed.   

1. Introduction 

Gender differences in labor supply have often been rooted in social norms (traditional view of gender roles), educational attain-
ment, childcare responsibilities, and discrimination in the labor market. These differences are the result of a series of complex social, 
economic, and cultural factors. In this paper, using the 2011 Chinese Household Finance Survey data, we examine the differences in 
labor supply choices between females and males by considering both the willingness to work of people of each gender and their job 
market opportunities through the choices of job offering, with a particular focus on the role of household wealth. We highlight these 
aspects through a discrete choice model framework that simultaneously models the supply side work participation decision and the 
demand side job offering decision. We base our reduced-form model on the well-known random utility model, from which we derive 
the choice model of labor supply and demand. This enables the display of gender inequality and the way in which some key attributes, 
such as the age of children and wealth type, affect job decisions. 

Our research contributes to the literature in three ways. First, we propose a choice-modeling framework that allows us to disen-
tangle labor supply and demand choices simultaneously without needing direct data from the employer side. By observing whether 
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individuals are working, our model can quantify the impacts of factors driving demand and supply decisions simultaneously. To the 
best of our knowledge, we are among the first to use cross-sectional data to estimate both labor supply and demand while emphasizing 
employees’ qualifications in labor demand. The previous literature, e.g., Dagsvik (2000), Menzel (2015), Dagsvik and Jia (2018), and 
Han et al. (2020), incorporates labor demand by using the size of job choice sets rather than by introducing employees’ qualifications 
explicitly in the modeling framework. In contrast, our approach can be used to estimate the impacts of employees’ qualifications on 
employers’ preferences explicitly. This approach could be particularly valuable for analyzing labor supply and demand in emerging 
and low-income countries, where panel data or long-series repeated cross-sectional data are not easily accessible. Thus, a modeling 
framework that can be used to estimate both the demand and supply sides of the labor market but for which only cross-sectional data 
are needed is advantageous for improving the understanding of such labor markets with limited data. 

Second, instead of focusing only on the female labor supply, which is often done in the literature, such as Blundell et al. (1987), we 
also include the labor supply choices of males. This approach allows us to answer questions about whether there are gender-related 
inequalities in terms of expected wages and job opportunities. The motivation for analyzing female and male job participation 
behavior together is not only rooted in the classic labor supply theories of different preferences in consumption and leisure but also 
substantiated by the machine learning approach we develop, in which our algorithm chooses “gender” as the decisive factor of labor 
participation. Moreover, empirical evidence of gender inequality in the labor markets of emerging and low-income countries is not 
abundant, even for China, i.e., no official unemployment rates by gender have been collected or published.1 Thus, our modeling 
framework could hopefully contribute to improving the understanding of gender inequality in such cases. 

Finally, we examine the impact of household wealth types on the choice to work. Our definitions of wealth types differ from those in 
the conventional approach. We regard the income of other household members as the “cash inflow” type of wealth and housing values 
and financial asset holdings as the “stock” type of wealth. We find that these two types of wealth work in the opposite ways; the “cash 
inflow” type of wealth tends to discourage individuals from working, whereas the “stock” type of wealth tends to encourage individuals 
to work. 

Historically, China’s labor market participation has been relatively high for both males and females. However, in recent years, 
China has experienced continuous declines in labor participation for both males and females; these levels are getting closer to those of 
some developed economies, such as Norway and Denmark, but are still well above the levels of Japan and Korea (Fig. 1). Thus, un-
derstanding the mechanism behind labor market participation behavior in China would be useful for both China and other countries. 

China also provides a welcoming opportunity for analyzing the impact of wealth on labor market behaviors. Since 1978, China has 
been transitioning toward a more market-oriented economy. With the establishment of stock exchanges in Shenzhen and Shanghai, 
where the number of listed companies has increased from none to more than one thousand in 2015,2 financial investment has become 
an increasing component of household wealth. Similarly, sudden increases in housing wealth from near zero to large amounts occurred 
in a very short time in China. Before 1999, there was no commercial residential housing market (Chen and Han, 2014). However, in the 
following decade, housing prices sharply increased despite the equally vast expansion of supply (Han, 2010). Xie and Jin (2015) have 
documented that in only two years, i.e., from 2010 to 2012, national housing wealth grew 51%. Housing wealth has become an 
important component in household financial portfolios and a decisive factor in labor supply, which is shown in the later analysis. 

We use a cross-sectional data framework for our analysis in this paper. It is argued in the literature that panel or repeated-cross- 
sectional data can provide more information over time and is thus more suitable for depicting labor market behavior. This argument is 
certainly true and prevalent. On the other hand, for emerging and less-developed economies, long-term panel data or repeated cross- 
sectional data are not always available. We demonstrate in this paper that in the absence of applicable panel data, it is possible to 
conduct labor supply analysis using available cross-sectional data. 

Another consideration of cross-sectional data is that in fast-growing and emerging economies such as China, the labor market has 
experienced rapid structural changes since the late 1990s due to privatization and reform. Caution should be exercised in assuming a 
constant fundamental causal relationship in labor supply and demand behaviors overtime, which is implied in applications with panel 
data. Therefore, we choose to focus on using cross-sectional data to depict the facts of the labor market at the time of data collection. 
Certainly, when long-term panel data or repeated cross-sectional data are available, such analysis of labor supply would benefit from 
using different types of data sources. 

This paper is organized as follows. Section 2 summarizes the related literature. Section 3 lays out our modeling framework. Section 
4 outlines the 2011 Chinese Household Finance Survey data and applies the regression tree approach to select variables. Section 5 
elaborates on the empirical results, including the estimations of the baseline model and an extension of the model to allow correlations 
between job seeking and job obtainment. Furthermore, Section 5 presents the robustness checks, including using the method of 
moments to estimate the baseline model, estimating wage expectations using alternative approaches, and simulating the impact of 
gender on job offering and job seeking. Section 6 concludes our findings and discusses policy implications. 

2. Literature review 

Our paper is related to several strands of literature. The first line of research is rooted in the so-called Carnegie conjecture. As 
discussed in Holtz-Eakin et al. (1993), Andrew Carnegie asserted in 1891 that a large inheritance decreases a person’s labor force 
participation. In the literature that followed, an inheritance was understood as being able take its original form as a true inheritance, as 

1 The labor participation rate using population census constitutes the only by-gender labor statistics that have been published; see ILO (2010).  
2 https://www.statista.com/statistics/225725/number-of-companies-listed-on-the-chinese-stock-exchange/. 
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in Holtz-Eakin et al.’s (1993) usage of the federal individual tax returns of a group of people who received inheritances. Alternatively, 
an inheritance can take the form of more general types of wealth, such as housing wealth (e.g., Zhao and Burge, 2016) or winning the 
lottery (e.g., Jacob and Ludwig, 2012). The impact of wealth on the analysis of general labor market participation was further extended 
to a special category of employment, namely, entrepreneurs, e.g., Fairlie and Krashinsky (2012) and Adelino et al. (2015). 

In our analysis, we consider wealth in the forms of nonlabor income such as housing wealth and financial assets, and we further 
differentiate them into the forms of “stock” and “cash inflow”. Our analysis shows that only the “cash inflow” form of wealth is 
consistent with the Carnegie conjecture. 

The second line of research focuses on the gender differences in labor supply and wages. The labor market participation of females 
has been analyzed extensively by researchers in labor economics, for example, Blundell et al. (1987), Ilmakunnas and Pudney (1990), 
Arellano and Meghir (2006), Blundell et al. (2016), Byker (2016), and Tominey (2016). Some scholars, such as Zhao and Burge (2016), 
have differentiated the impact of labor factors for females and males. In a recent trend, scholars have tried to attribute the wage gap 
between females and males to bearing and raising children. For example, Kleven et al. (2018) found that the arrival of children creates 
a gender gap in earnings of approximately 20% in the long run. Goldin et al. (2017) documented that the wage gap between females 
and males mainly occurs during child-bearing age. The paid leave law or other income support boosted the employment rate of women 
after giving birth, e.g., Tominey (2016), Byker (2016), Blundell et al. (2016). Our analysis uses a machine learning approach to search 
the age spectrum of children and determine whether the age of young children is a key factor affecting females’ labor participation 
behaviors. 

The final line of research is the modeling framework differentiating demand and supply. The random utility framework that we use 
was pioneered by McFadden (1978, 1984). Dagsvik (1994), van Soest (1995), van Soest et al. (2002), and Dagsvik and Strøm (2006) 
extended the application to investigate labor supply choices. Some previous research that addressed the issue of demand constraints in 
labor supply models includes that of Blundell et al. (1987), Ilmakunnas and Pudney (1990), and Dagsvik et al. (2013). Starting from the 
standard labor supply model as suggested by Heckman (1974), Blundell et al. (1987) relaxed the assumptions that an individual can 
find a job with a probability equal to one conditional on her or his willingness to work. The probability of finding a job is then affected 
by labor market conditions, such as involuntary unemployment. Using a dataset from Finland, Ilmakunnas and Pudney (1990) 
identified the effect of constraints on working hours on labor market behaviors. Dagsvik et al. (2013) used data from Norway and 
formulated demand constraints in the form of the discouraged workers’ effect through the searching cost. In recent efforts to introduce 
the impact of labor market demand, scholars have viewed the labor market equilibrium as a two-sided matching market in which firms 
are also looking for a suitable match with a worker (e.g., Dagsvik (2000), Menzel (2015), and Dagsvik and Jia (2018), and Han et al. 
(2020)). 

Our framework is closer in nature to the original modeling framework suggested by Blundell et al. (1987). While they focused on 
the number of working hours chosen, we focus on the decision to work or not work. Using our modeling specification, we can measure 
the impact of demographic characteristics and that of the local job market condition in an explicit way. 

3. The model 

In our analysis, an observation of an individual working is the result of fulfilling two conditions: first, the utility of that individual 
working is larger than the utility of not working. Second, the utility of the firm hiring that individual is larger than that of not hiring. In 
other words, observed labor participation is a result of the positive net utility of these two conditions. 

We depart from the conventional labor supply choice model that is similar to that of Dagsvik et al. (2014) by defining the agent’s 

Fig. 1. Labour participation rate changes between 2005 and 2017 (of population ages 15+) by genders. Source: World Bank’s World Development 
Indicators (https://data.worldbank.org/indicator/SL.TLF.CACT.FE.ZS). 
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Table 1 
Summary statistics for main variables.   

JobDummy Age Gender Married HHSize YSchool YWork MedExp (CNY) NumChild 

Female 
Minimum 0 16 0 0 1 0 0 0 0 
1st quartile 0 29 0 1 3 9 10 0 0 
Median 1 37 0 1 3 12 20 0 1 
Mean 0.73 36.7 0 0.84 3.8 11.1 19.6 122.1 0.9 
3rd quartile 1 44 0 1 5 15 28 100 1 
Maximum 1 55 0 1 13 19 49 21000 5 
Male 
Minimum 0 16 1 0 1 0 0 0 0 
1st quartile 1 30 1 1 3 9 12 0 0 
Median 1 39 1 1 3 12 22 0 1 
Mean 0.90 39.2 1 0.83 3.8 11.4 21.8 123.5 0.88 
3rd quartile 1 48 1 1 5 15 31 0 1 
Maximum 1 60 1 1 13 19 54 20,000 5  

AgeChild LabourInc 
(CNY) 

NonlabInc 
(CNY) 

HousingValue (10,000 
CNY) 

DepositCash (10,000 
CNY) 

FinAssetValue (10,000 
CNY) 

Rental (10,000 
CNY) 

Mortgage (10,000 
CNY) 

FinProfit (10,000 
CNY) 

Female 
Minimum 0 2400 0 − 9.4 0 0 0 0 − 5 
1st quartile 6 12,100 5774 10 0.2 0 0 0 0 
Median 12 20,000 13,744 25 1 0 0 0 0 
Mean 12.7 28,078 27,821 57.1 4.8 2.2 0.24 2.7 0.05 
3rd quartile 19 32,035 24,703 60 3.7 0 0 0 0 
Maximum 36 460,000 2,886,751 1050 700 420 120 570 26 
Male 
Minimum 0 2085 0 − 9.4 0 0 0 0 − 10 
1st quartile 6 16,736 1061 10 0.2 0 0 0 0 
Median 13 25,298 9192 25.8 1 0 0 0 0 
Mean 13.8 37,608 24,090 57.8 5.0 2.1 0.2 2.8 0.08 
3rd quartile 21 40,000 20,294 64.5 3.8 0 0 0 0 
Maximum 40 2,000,000 2,886,751 1050 700 204 120 570 40 

Note: Labour income is conditional statistics for individuals reported salary higher than 2000. Non labour income is standardized by the household size. 
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utility function U of real disposable income and hours of work as follows: 

U(C, h)= v(C, h) + ε, (1)  

where v(C, h) is a positive deterministic term that represents the mean utility across individuals. The random error term ε is i.i.d with c. 
d.f. exp( − exp( − x)).3 

We assume there is only one option of working hours – a full-time job. There is no continuous choice of working hours. This is a 
main difference from the previous literature. The reason for this assumption is that in China, the common employment form is salary 
employment with monthly payment instead of hourly wage employment. The usual terminology “wage rate” is in this case not an 
hourly rate but a monthly rate. Second, Article 36 of the labor law requires that working hours cannot exceed 8 per day and 44 h per 
week with overtime. Among the 7984 individuals who reported job status in our data, 6549 individuals were working. A total of 3531 
individuals reported their working hours. Among these 3531 individuals, 2010 reported exactly 40 working hours per week. Only 414 
individuals had fewer than 40 working hours per week, and 211 had fewer than 35 working hours per week. The number of obser-
vations with fewer than 35 working hours is very small and clustered.4 Thus, it is reasonable to take China’s unique labor market into 
account, and in our model, a full-time job is the only option for working.5 

Furthermore, for the sake of simplicity, we assume that the wage only depends on individual qualifications and does not vary across 
jobs. This might not be an innocuous assumption because the wage differences among various occupations and industries are influ-
enced by a variety of factors (training and skills needed, competition levels, etc.) and can have a significant impact on an individual’s 
labor participation choices. Krueger and Summers (1984) and subsequent research have shown that industry does truly matter in 
explanations of wage differences. The literature on job polarization (e.g., Autor and Dorn 2009, 2010, and 2013) shows that occu-
pation also has an impact on wage differences, even after controlling for education.6 Nevertheless, we credit the wage differences 
across occupation and industries mainly to the corresponding requirements for quality of labor, e.g., education and experience. In 
addition, our focus in this paper is on dichotomous labor market participation and job offer decisions instead of what type of jobs to 
choose. When potential job seekers decide to search or not search for a job and form their expected wages, they rely on their own 
education and experience instead of what jobs they might get. Therefore, we do not include variables on occupations and industries. 
This is the common approach in the literature in such cases, e.g., Dagsvik et al. (2014). Both job seekers and employers form their 
expectations of wages offered/desired based on individual qualifications. This assumption is rather stylized. 

As there are only full-time jobs, the utility function is simplified such that the disposable income C captures all impact through 
wages in this stylized model: 

U(C)= v(C) + ε. (2) 

We can further expand Equation (2) to differentiate labor and nonlabor income in disposable income and allow for the individual 
characteristics that affect the utility of working and not working. Let 

U(W,Z)= v(W,Z) + ε, (3)  

where W is labor income and Z represents all other characteristics that affect willingness to work, such as age, marriage status, number 
of children, nonlabor income, and housing wealth. Non-labor income is included in the model as one element of Z. The functional form 
of v(.) can be approximated by a linear transformation of W and Z through Taylor extensions.7 Building on Equation (3), we separately 
formulate the utility function of working and not working to make the modeling more intuitive and easier to understand. A unified 
framework of this model (simultaneous decisions of working and not working) can be found in Appendix B. 

Let U1 be the agent’s utility of working and let U0 be the agent’s utility of not working. Assume that the utility of working depends 
solely on the labor wage W as follows8: 

3 In the terminology of Resnick (1987) this c.d.f. is called the type III (standard) extreme value distribution, or Gumbel distribution. The reason 
why we assume the error term takes type III extreme value distribution is that the difference of two such error terms follows logistic distribution and 
yields computable choice probabilities function form such as Equation (8).  

4 The working hour tabulation for hours less than 35 per week.   
Hours Worked 0.5 5 7.5 10 12.5 15 17.5 20 22.5 25 27.5 30 32.5 

No. of Obs. 3 3 1 7 2 6 3 26 5 27 7 96 25    

5 Even working hours varied, and since the data are cross-sectional rather than panel, there is a fundamentally different relationship between 
extensive margin (labor market participation) and the intensive margin of work hours. With panel data, we can examine changes over time in the 
intensity of work hours for the same individual (i.e., controlling for many unobservable influences), but this is not possible with cross-sectional data.  

6 Thanks to an anonymous reviewer for pointing this out.  
7 Han (2010) has presented a detailed Taylor extension approximation of choice utility.  
8 This assumption ignores other nonwage benefit related to working experience, such as vacation days associated with seniority. As one remedy, 

the age and age squared entering the utility of not working can help to capture the unobservable impact of seniority. The reason we do not introduce 
the nonlabor income in the utility of working is that we introduce the nonlabor income in the utility of not working. For the identification purpose, 
we can only introduce the nonlabor income into one utility function of either working or not working. We choose the latter to be consistent with the 
literature. 
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U1 = θlogW + ε∗1, (4)  

where θ is an unknown positive parameter and ε∗1 is a random term that represents the unobservable preference associated with 
working. The utility of not working is assumed to have the following structure: 

U0 = Zγ + ε0, (5)  

where Z is the vector containing the variables that motivate those individuals not to work, γ is the set of parameters to be estimated, 
and ε0 is a random error term. 

We need to explain our assumption of a linear form for Equations (4) and (5). Our choice of linear utilities of working and not- 
working is a rather simplified attempt to ease the mathematical derivations of reduced form solutions and later likelihood func-
tions. A generalized nonlinear formulation would certainly be beneficial for the applicability of our model but come at the expense of a 
complex modeling framework. It is also a general approach in choice models to assume linearity in decision equations, e.g., Dagsvik 
and Strøm (2006) and Dagsvik et al. (2013). 

Variables that have an impact on the decision not to work are own age, own age squared, the number of children, age of the youngest 
child, nonlabor income (labor income of other household members), and status of health. In particular, we also include variables of 
interest, such as the net value of housing, rental income, net value of financial assets, and profit earned from financial investments. 

One might argue that the variables in Z (such as nonlabor income) would possibly affect both the utility of working and not 
working, with different effects (coefficients). As shown later, the decision to participate in the labor market is determined by the utility 
differences between U1 and U0 , in which only the net effect of variables in Z are necessary for our model. Thus, we adopt the simplified 
modeling framework, as shown in Equations (4) and (5). 

Since wages are only observed for those who work, for those who do not work, we have no observations of potential wages. To 
disentangle this problem, we define a wage equation, which serves as an instrument variable, as follows: 

logW =Xβ + η (6)  

where X is the vector containing an individual’s qualifications (years of schooling, experience, experience squared), and β is a vector of 
parameters to be estimated. Following common practice, we define labor market experience as age minus years of schooling and minus 
7.9 However, with such treatment, there is the caveat that absence from the labor market, e.g., unemployment, may be excluded. 
Equation (6) is the wage equation used to approximate individuals’ wage expectations if they choose to work10. Furthermore, our 
empirical findings on the impact of expected wages on the utility of working might be overestimated if the seniority or experience with 
the company brings substantial non-wage related benefits. Without including such non-wage benefit, the expected wage approximates 
but understates the overall expected benefit of working. Thus, the coefficient of the should-be larger benefit would be smaller. When 
Equation (6) is inserted into Equation (4), we obtain the following reduced-form expression of the utility of working: 

U1 = θXβ + ε1, (7)  

where ε1 = ε∗1 + θη. Suppose that when U1 > U0 , the individual wishes to work, and vice versa. Assume further that the random error 
terms ε0 and ε1 are independent and follow the extreme value distribution with a c.d.f. of (− e− x) . It is straightforward that the 
probability λ(X, Z) that the individual is willing to work can be expressed as follows: 

λ(X,Z)=P(U1 >U0|X,Z)=P(θXβ − Zγ ≥ ε0 − ε1|X, Z)=
1

1 + exp(Zγ − θXβ)
. (8) 

As elaborated earlier, for an individual to obtain a job, her net utility of working must be positive, and the utility of employer to hire 
this individual must be positive as well. Originating from the random utility model proposed by McFadden (1978, 1984), the hiring 
decision of the employer is a choice decision based on comparisons between the revenue and cost of hiring. Let V1 be the utility of an 
employer of offering a job to the individual and let V0 be the employer’s utility of not offering the job to this individual. V1 can be 
thought of as the productivity/revenue the worker provides, while V0 is the labor cost. Thus, the employer will only offer employment 
if V1 > V0. For simplicity, we assume that the utility of the employer for hiring is derived solely from the productivity measured by the 
characteristics of the employee (in our case, this is the same as the wage determination factors education and working experience). We 
assume that this utility can be specified as follows: 

V1 − V0 = Xδ + ξ (9)  

where δ is a parameter vector to be estimated, and ξ is a random term that follows the logistic distribution.11 From Equation (9), it 
follows that the probability q(X) that the individual is offered a job is given by the following: 

9 The entrance age for the preliminary school is 7. We do not have observations of labor market movement, such as possible change of partic-
ipation due to marriage, childbirth, etc.; therefore, we apply a crude assessment of labor market experience. This can be amended in future research 
with more detailed data.  
10 We also examine the impacts of alternative approaches to formulating the expectation of wages in Section 5.  
11 When V1 and V0 follows type I extreme value distribution, their difference follows logistic distribution. 
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q(X)=P(V1 − V0 > 0)=
1

1 + exp(− Xδ)
(10) 

Assuming that job participation decisions and hiring decisions are independent, we thus have the probability of an individual being 
observed working as follows: 

P(X, Z)= λ(X,Z)q(X) (11) 

That is, the observed employment probability of one individual is jointly determined by the labor supply decision of this individual 
and the demand side decision in terms of an employment offer probability. In Appendix C, we demonstrate that the model is 
identifiable. 

An alternative approach is to introduce the expected wage, such as Equation (6), into the labor demand Equation (10). However, 
from the identification perspective, the impacts of individual characteristics on the expected wage (labor cost) and on productivity 
(revenue to the employer) are not separable. In our baseline modeling framework, the payoff for the employer (V1 − V0) is the net of 
productivity/revenue over labor cost (wage), where both are dependent on the individual characteristics X. Accordingly, we choose to 
model the unified payoff as a function of X. A detailed discussion can be found in Appendix B. 

One caveat of our modeling framework is the lack of formal treatment of searching costs. However, the way we formulate the labor 
market supply and demand could be regarded as the result of searching with searching cost implied. As shown in Dagsvik et al. (2013), 
the searching cost is positively proportional to the search time, which is the inverse of the arrival intensity of an acceptable job offer 
following a Poisson process. When the rate of flow out of unemployment to employment is equal to the rate of flow from employment 
into unemployment, the searching cost can be explicitly expressed as the inverse of the probability of obtaining an acceptable job 
minus one. Their probability of obtaining an acceptable job takes a functional form that is similar to ours (Equation (10)), which is 
determined by education and work experiences. Even without being explicitly introduced into the modeling framework, the implied 
searching cost can be calculated as 1/q(x) − 1. 

Furthermore, in our model, employees make their job-seeking decision purely based on expected wages and other factors such as 
age, nonlabor income, and housing wealth, as reflected in Equation (8), but not on the probability of being offered a job. The job offers 
are addressed by the labor market demand, as reflected in Equation (10). Our modeling framework assumes an equilibrium labor 
market, implying that the productivity/revenue generated by the employee and the cost of the employee (wage) warrant the 
equilibrium. 

Our analysis also introduces males’ labor market behavior using a similar modeling framework, which allows us to examine 
whether employers treat females differently from males in terms of offering jobs. By estimating female and male labor market choices, 
we deviate from the traditionally assumed Stackelberg assertion in the previous literature, i.e., the male decides first that he will work, 
regardless of the wife’s preferences, and subsequently, the wife makes her choice, taking the husband’s participation and wage as given 
(exogenous). In our analysis, we assume that the Stackelberg assertion (e.g., Bjorn and Vuong, 1985) applies symmetrically to males. 
We do not implement a joint decision-modeling framework between females and males since the main purpose of this analysis is to 
compare whether the same variables affect females and males in a different way. 

4. Data and variable selection using the regression tree approach 

The data we used are from the 2011 Chinese Household Finance Survey.12 The survey has the advantage of providing detailed 
housing wealth information, which is an important part of our investigation. After preliminary cleaning,13 we included 8438 
households and 29,324 individuals in our analysis. Geographically, the survey covered 22 provinces/municipalities. We included only 
males between the ages of 15 and 60 years old and females between the ages of 15 and 55 years old, as in China, the typical retirement 
ages are 60 and 55 years for males and females, respectively. Furthermore, we included only those individuals living in urban areas, 
and we excluded individuals for which there was no information on labor and nonlabor income and those who were full-time students 
or retirees. The final dataset included 8128 individuals; among these, 3726 females and 4195 males had complete information on the 
explanatory variables. 

Table 1 presents the summary statistics of the main variables included in the analysis. They are labor market participation (Job-
Dummy), age, gender, marital status (Married), household size (HHSize), years of schooling (YSchool), years of working experience 
(YWork), medical expenses (MedExp), number of children (NumChild), age of the youngest child (AgeChild), labor income (LaborInc), 
nonlabor income (NonlabInc), net value of housing (HousingValue), value of time deposit and cash (DepositCash), value of financial 
assets (FinAssetValue), rental income (Rental), mortgage, and profit earned on financial assets (FinProfit). The job dummy variable is 
equal to one if the individual reported that she or he was working and 0 otherwise. The variable of gender is equal to 1 if the respondent 

12 More details of the survey can be found in https://chfs.swufe.edu.cn/datacenter/apply.html.  
13 We excluded households with a suspicious age gap among family members such as (a) an age gap between two generations (i.e., parents and 

children) of less than 16 years; (b) a child being “older” than either the parent or grandparent; (c) an age gap between spouses that is too large; (d) 
an age gap between a child and grandparent of less than 32 years; (e) an age gap between in-laws (e.g., respondent and daughter-in-law); that is too 
small; and (f) an age gap between siblings that is too large (e.g., approximately 1 or more generations apart). We also removed the households with 
more than one household member tagged as the spouse of the respondent, where more than two household members are tagged as parents, where 
the “spouse” of the child is suspiciously young or where there is no indicator for the respondent, so that it is difficult to distinguish the family 
members. 
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is male and 0 otherwise. 
Labor income is the annual after-tax income reported in the survey for 2010 and includes salary, bonus, and any other forms of 

compensation related to the job. The nonlabor income includes all labor income of other household members. The net value of housing 
corresponds to the market value minus the cost of acquisition reported in the survey. Rental income and profit earned on financial 
assets correspond to the annual amount reported in the survey for 2010. The value of time deposits and cash, the value of financial 
assets, and mortgages are directly reported in the survey. 

As shown in Table 1, the average value of labor market participation for males (0.9) is higher than that of females (0.73). Due to the 
higher retirement age for males, the average age, years of experience, and age of the youngest child of males are higher than those of 
females. The average labor income of males is higher than that of females, while the average nonlabor income (income of other family 
members) of males is lower. The average values of marriage status, household size, years of schooling, medical expenses, number of 
children, housing values, value of time deposit and cash, value of financial assets, rental income, and mortgage for females and males 
are similar. These values serve as the basis for the estimates in our model so that we can further investigate whether males have a 
higher labor participation rate because they have a higher willingness to work or more job market opportunities and whether they have 
higher labor incomes because they have more work experience/higher education or because of the effect of gender discrimination. 

In estimating the baseline model, to reduce the impacts of different scales of variables, we rescaled the variables. As the nonlabor 

Table 2 
Estimations of the wage equation.   

Females Males 

Intercept 1.00** 0.38** 
(0.12) (0.09) 

Years of Education 0.23** 0.19** 
(0.02) (0.02) 

Years of Working Experience 0.27** 0.28** 
(0.06) (0.06) 

Years of Working Experience squared − 0.02** − 0.01** 
(0.003) (0.002) 

Fixed effects for provinces Yes Yes 

Adjusted R2 0.145 0.08 
No. of Obs. 2735 3763 

Note: The years of education and years of working experience are standardized values by minus their means 
and divided by their standard deviations. The years of working experience squared are years of working 
experience divided by 5 and squared. 

Fig. 2. Pair-wise correlations between variables.  
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income varies with household size, we first rescaled it by dividing the square root of household size and then taking logarithm 
transformation. For labor income, we only took logarithm transformation. Age, years of schooling, and years of work experience were 
divided into 5 groups. Before we began the likelihood estimations, we further standardized all variables, except for dummy variables 
and the years of work experience squared, by subtracting their means and dividing by their standard deviations. Thus, we needed to 
rescale the coefficient estimates as in the wage equation in Table 2 back to the original value of years of education and years of working 
experience to obtain expected wages. 

In examining and selecting suitable variables that would affect the decision processes, we first plot the pairwise correlations be-
tween the selected variables to check the unconditional correlations. Fig. 2 shows highlighted values that are higher than positive 0.15 
or lower than negative 0.15. Unconditionally, the job dummy variable is only positively correlated with gender (males) and with 
education, i.e., those with more years of schooling tend to have higher job participation, with correlations stronger than 0.15. 
Conversely, the job participation dummy is only negatively correlated with nonlabor income, i.e., a higher nonlabor income tends to be 
associated with lower participation, with a correlation coefficient of − 0.15. Among the other variables with weaker correlations, it is 
surprising to observe that individuals with a higher net housing value, a higher value of their financial assets, or worse health status 
tend to have higher participation levels, while those with longer periods of working experience tend to have lower participation levels. 

Based on the unconditional and linear correlations revealed above, we further apply a machine learning approach—regression 
tree—to guide us in selecting and redefining the variables for the structural model. The specific regression tree approach that we use is 
called the conditional inference tree (CIF). The main purpose of the CIF is to search among all the potential explanatory variables and 
select the most powerful ones in terms of predicting job participation tendency. For each explanatory variable, the algorithm searches 
for the value to split all the observations into two groups, with one group having an average participation tendency that is significantly 
different from that of the other group. The breakpoint that can best differentiate the participation behavior of the included individuals 
is the threshold by which to perform the splitting. The explanatory variable with the threshold that can best explain the participation 
behavior is regarded as the most powerful variable and is thus selected to perform the splitting. Such searching and splitting mech-
anisms are repeated until a specific ending criterion is reached. Each individual is ultimately grouped into one of the end-result groups, 
whose members share similar participation tendencies and the same path on the tree (similar characteristics). A methodological 
description of CIF can be found in Hothorn et al. (2006) and Hothorn and Zeileis (2015), as well as in Han and Wei (2017). 

As shown in Fig. 3, the leading pick of the variables is gender, which supports the common claim that the labor market participation 
behaviors of females and males are different. Based on this evidence, we will estimate the models for males and females separately. 

The right arm extending from the top node labeled as gender is for males, and the left arm is for females. For females, the second 
variable picked for the splitting is years of schooling; females with more than 12 years of schooling go further along the right arm, and 
those with less than 12 years of schooling go to the left arm. 

Furthermore, if females are older than 23 years and have more than 15 years of schooling (above a college education, ending Node 
16), they have an average participation rate of 92.4%. However, with less than 15 years of schooling, the participation rate depends on 
whether the female has children younger than 3 years old. If they do, their participation rate is 69.6%, but if not, their participation 
rate is higher at 88.6%. On the other hand, when a female has fewer than 12 total years of schooling is married, her average 
participation rate is 66.8% (Node 9). If a female is not married and has no education at all, her participation rate is only 22.2%. If she is 
not married but has some education, her participation rate depends on the age of her youngest child; if the child is older than 8 years, 
the mother’s participation is 83.2%, while if the child is younger than 8 years old, the mother’s participation is 68.9%. 

The right arm of the tree is for males. The age of the youngest child works very differently for males than for females. When the 
youngest child is younger than 22 years old, which is the age at which most people graduate from university, on average, their fathers’ 
participation rate is higher. If a father has a college education, he has a participation rate of 98.2% (Node 24), which is the highest 
participation rate among their peers. For those who have fewer than 12 years of education, those who are married have higher 
participation rates than those who are unmarried. 

The CIF analysis revealed several interesting results. First, there are significant differences in labor market participation behaviors 

Fig. 3. Regression tree analysis for labour participation probability.  
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Table 3 
Estimations of labour supply and demand probabilities.   

Independent model Dependent model 

Females Males Females Males 

Probability of supplying labour λ(X,Z): Coefficient for variables (except for expected wage) contribute positively to utility of not working (U0) 
Constant − 96.78** − 53.14** − 135.75** − 53.34** 

’(0.17) ’(0.22) ’(0.17) ’(0.51) 
Age 0.07 0.19** 0.1 0.19** 

’(0.05) ’(0.07) ’(0.05) ’(0.08) 
Age squared 0.17** 0.25** 0.2** 0.29** 

’(0.05) ’(0.05) ’(0.05) ’(0.08) 
Age of the youngest child 0.2** − 0.12 0.2** − 0.12 

’(0.04) ’(0.08) ’(0.04) ’(0.08) 
Married 0.6** − 0.29 0.62** − 0.31 

’(0.16) ’(0.2) ’(0.16) ’(0.21) 
Non-labour income 0.54** 0.51** 0.51** 0.51** 

’(0.07) ’(0.07) ’(0.07) ’(0.13) 
Value of housing − 0.13** − 0.21** − 0.18** − 0.25** 

’(0.05) ’(0.07) ’(0.05) ’(0.09) 
Value of financial investment − 0.03 − 0.08 − 0.05 − 0.1 

’(0.05) ’(0.08) ’(0.06) ’(0.09) 
Medical expenditures − 647.27** − 348.04** − 914.45** − 348.89** 

’(0.09) ’(0.59) ’(0.03) ’(1.37) 
Expected wage 1.09** 0.75** 0.68** 0.33 

’(0.14) ’(0.22) ’(0.14) ’(0.24) 
Probability of getting a job offer q(X): 
Constant 133.97** 104.2 189.4** 106.51 

’(2.46) ’(119.35) ’(2.42) ’(129.66) 
Education 42.32** 17.06 58.43** 17.94 

’(7.84) ’(27.79) ’(7.6) ’(33.33) 
Work experience − 13.31 − 34.22 − 43.08 − 34.78 

’(65.94) ’(36.25) ’(43.79) ’(37.42) 
Work experience squared 67.08 115.34** 105.33** 114.93** 

’(74.71) ’(39.02) ’(49.92) ’(32.85) 
Provincial employment rate − 19.81** − 16.15 − 32.19** − 15.78 

’(3.78) ’(25.87) ’(1.7) ’(26.51) 
Afaa – – 1.00** 0.984** 

– – ’(0.00) ’(0.00) 

Log-Likelihood at Maximum − 1770.74 − 1189.61 − 1790.74 − 1194.59 
Log-Likelihood at Reference − 4076.61 − 5340.09 − 4076.61 − 5340.09 
McFadden’s Rho 0.57 0.78 0.56 0.78 
No. of Obs. 3726 4195 3726 4195  

a In the estimation, we transform Afa to 1/(1+exp(x)), where x can be searched continuously. The estimated x for females is − 26.21 with the 
corresponding Afa as 1 and the estimated x for males is − 4.12 with the corresponding Afa as 1. 
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between females and males in urban China. Second, the age of the children matters differently for the job participation of males and 
females. For females, caring for young children lowers their participation rate, while for males, supporting the child until university 
graduation increases their participation rate. Third, among the competing explanatory variables, years of schooling, marriage, age, and 
age of the youngest child are among the most informative variables. 

5. Empirical results 

We organize our results in the following way. We first present the results from the baseline model, where we assume independence 
between job seeking and job obtainment. We then relax this assumption and allow correlation between job seeking and obtainment. In 
addition, we conduct some robustness checks of our results with respect to endogeneity. Additionally, we explore some alternative 
approaches to modeling the wage equation. Finally, we present a policy simulation. 

5.1. Assuming independence between job seeking and job obtainment 

We first consider the case where job seeking and obtainment are independent, that is, assuming in Equation (11) that λ(X, Z) and 
q(X) are independent of each other. 

We carry out a two-stage estimation strategy. In stage one, we estimate the wage equation in Equation (6) by OLS for those 
participating in the job market with observed wages.14 Let j = 1 if the person is working and j = 0 if not. Equation (6) can be further 
written as follows: 

log Wi,j=1 =Xi,j=1β + ηi,j=1,where j = 1 working. (12) 

After estimating ̂β, we can then perform an out-of-sample prediction of wages for those who do not participate by using log Ŵi,j=0 =

Xi,j=0 β̂. In stage two, we use the predicted wages for all individuals to approximate their wage expectations. We then employ the 
maximum likelihood method to estimate θ, γ, and δ. The corresponding log-likelihood function can be expressed as follows: 

logL=
∑

i
Yilog P(Xi,Zi) +

∑

i
(1 − Yi)log(1 − P(Xi − Zi)). (13)  

where Yi = 1 if individual i works and Yi = 0 otherwise. P(Xi,Zi) is for the full sample and is defined in Equation (11). 
Table 2 reports the coefficient estimations for wage Equation (12). As expected, the coefficient of education is significant and 

positive. The coefficient of working experience is positive, while the coefficients for working experience squared are negative, which 
shows that there is a concave function of working experience and “optimal” working experience in terms of bringing the highest wage. 
The goodness of fit is better for females than for males, as suggested by the adjusted R2 (0.145 vs. 0.08). 

Guided by the CIT results, for the age of the youngest child, we define a dummy variable that is equal to one when the child is 
younger than three years old for females and when the child is younger than twenty-two years old for males in the baseline model. 

Since we standardize all the variables (except for the dummy variables) by first deducting the mean and then dividing by one 
standard deviation for each variable, the coefficient estimates of the continuous variables are the impacts of one standard deviation 
from their means. 

In Table 3, in the first and second columns, we report the parameter estimations for the model given in Equation (13) for both 
females and males, respectively. Apart from the value of financial investments and the age of the females, most of the parameters are 
precisely estimated. Notably, the parameter estimators presented in Table 3 under the title of the “probability of supplying labor λ(X,
Z)” are for the variables contributing to the utility of not working, except the coefficient for the log wage variable. This is due to the 
model specifications in Equations (4) and (5). Therefore, any positive estimations for the parameters will have a negative contribution 
to the probability of willingness to work. 

From the estimation results, we note that the utility of not working for both females and males takes a convex function regarding 
age, which means that the utility of not working initially decreases by age until it reaches a minimum and then subsequently increases 
after that. The age at the minimum utility of not working is 34.5 years old for females15 and 31 for males.16 Our results indicate that for 
females (males) younger than 34.5 (31) years old, the willingness to work decreases with age. However, for people older than the 
threshold age, the willingness to work increases with age. That is, the ages of 34.5 years old for females and 31 for males are the age 
thresholds at which the willingness to work is at its lowest. 

Our findings are at odds with those of previous studies. In previous literature dedicated to the analysis of female labor, the typical 

14 OLS estimate may be subjected to bias caused by the self-selection. First, related empirical analysis shows no evidence that supports the selection 
bias (Dagsvik and Strøm, 2006). Second, in the next section, we carry out a robustness check with Heckman’s selection corrections for wage 
estimation. However, we have demonstrated that the selection corrected wage estimate shows negative correlation with the labor supply, which is 
counter intuitive. Therefore, we choose to use the OLS as the baseline framework.  
15 We rescaled the original data by dividing it by 5 first. The mean and standard error for the rescaled age for females is 7.3 and 1.9, respectively. 

Therefore, the age with the lowest utility will fulfill the condition that the first-order derivative of utility at this age is equal to zero. That is, ((x/ 
5–7.3)/1.9) = -0.07/2*0.17. Therefore, x = (7.3-0.07/0.34*1.9) *5 = 34.5.  
16 The mean and standard error for the rescaled age for males is 7.8 and 2.14, respectively. Therefore, x = (7.8-0.19/0.25*2.14) *5 = 31. 
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relationship between the utility of not working and age usually takes the opposite shape, that is, the utility of not working increases 
with age and then decreases. For example, Lundberg et al. (1994) found that in Sweden, the age at which females are most reluctant to 
work is approximately 35. The possible reason for this disparity might lie in the other variables that we controlled for in the estimation, 
including the age of the youngest child, marital status, nonlabor income, and wealth in housing. 

Our findings suggest that having a child younger than three years old reduces the utility of supplying labor for married females but 
not for males. Additionally, being married significantly reduces the willingness to work for females (0.6) but not for males. Having a 
young child or being married tends to encourage males to work, albeit not in a significant way. 

With higher nonlabor income, both females and males are more reluctant to work. The impact of wealth in the form of housing is 
surprising – with a higher net value in housing, people are more willing to work. This outcome holds for both females and males and is 
significant. Wealth in financial investments works in the same direction but is insignificant. This result is contrary to the common belief 
associated with the Carnegie conjecture that higher wealth discourages work. Our results show that not all forms of wealth work in the 
same way. Nonlabor income tends to discourage work, but wealth in housing and financial investments tends to encourage work, at 
least in China. We further check the robustness of the results in Section 5.3. 

Another surprising result is related to the impacts of health on the willingness not to work. The coefficient estimate of medical 
expenses is significantly negative, which means that with poor health status implied by higher medical expenses, individuals have a 
strong willingness to work. We also tried to replace medical expenses with self-reported subjective health status, which yielded the 
same results. We noted that in the data, all the individuals who reported their health status as being very poor also reported being 
employed, which explains why poorer health is associated with a higher willingness to work. This might be because in China, the 
medical care system is closely tied to employment. To be able to access sufficient medical care, one needs to be employed to qualify for 
reimbursement of medical expenditures. There is clearly an indication of self-selection in this respect. 

An alternative unified explanation could be that nonlabor income represents cash inflow, while the value of housing does not 
directly result in cash inflow. It is often just value on paper, unless realized in sales. Medical expenses constitute a need for cash, which 
induces willingness to work to cover the expenses. Cashable assets reduce the willingness to work. 

The coefficient estimate for the wage equations is significant for both females and males, with a higher explanatory power for 
females than for males, which means that the elasticity of the utility of working with respect to wages is larger for females than for 
males. 

The lower panel of Table 3 presents the estimation of q(X), i.e., the probability of an employer offering a job, conditional on 
education, work experiences, work experiences squared, and regional employment rate. The regional employment rate approximates 
the tightness of the local labor market. A higher regional employment rate implies a tighter local labor market, in which it would be 
more difficult to get a job. The estimates are consistent with our expectations but are only significant for females. Education attainment 
significantly increases job opportunities for both males and females. Work experience positively contributes to the probability of 
obtaining a job but only after reaching a certain year of experience, which is 22.7 years for females and 26.3 years for males. Combined 
with the estimates for age and age squared in the supply function, it is shown that before their mid-thirties, individuals face some 
unfavorable job opportunities but are more willing to work. In contrast, after reaching their mid-forties, individuals are more valued in 
the job market but are less keen to work. Therefore, the labor market tends to favor younger and less-experienced individuals less. 

With regard to the goodness-of-fit, we find that McFadden’s ρ2 for our model is equal to 0.57 for females and 0.78 for males, which 
indicates a good fit. 

5.2. Allowing correlations between job seeking and job obtainment 

We extend our analysis by allowing the utility of working and the utility of obtaining a job to be correlated with the entrance of 
unobservable factors that jointly affect utility. An example of such an unobservable factor is a booming period that boosts an increase 
in both labor demand and supply. To include these factors, we include a random effect factor represented by α. We assume that there is 
a correlation between the error terms of willing to work (ε1 − ε0) and the error terms of being offered a job (ξ), as corr(ε1 − ε0,ξ) = 1 −

α2. In addition, α is a parameter that is restricted to 0 < α ≤ 1.. 
The joint probability takes the following form: 

P(Vi)=E(λ(V, ν1)q(X, ν2))=
1

1 − exp(Zγ − θXβ − Xδ)

(
1

1 + exp(Zγα − αθXβ)
+

1
1 + exp(− Xδα) − 1

)

(14)  

and 

λ(V)=Eλ(V, υ1)
1

1 + exp(Zγα − θαXβ)
(15)  
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Table 4 
Robustness checks for labour supply and demand probabilities.  

Females (1) (2) (3) (4) 

Probability of supplying labour λ(X,Z): Coefficient for variables (except for expected wage) contribute positively to utility of not working (U0) 
Constant − 74.62** − 86.85** − 112.98** − 112.99** 

’(0.18) ’(0.18) ’(0.17) ’(0.17) 
Age 0.03 0.04 0.1 0.1 

’(0.05) ’(0.05) ’(0.05) ’(0.05) 
Age squared 0.15** 0.16** 0.2** 0.2** 

’(0.05) ’(0.05) ’(0.05) ’(0.05) 
Age of the youngest child 0.21** 0.2** 0.2** 0.2** 

’(0.04) ’(0.04) ’(0.04) ’(0.04) 
Dummy for married 0.61** 0.63** 0.62** 0.62** 

’(0.16) ’(0.16) ’(0.16) ’(0.16) 
Non-labour income 0.43** 0.45** 0.51** 0.52** 

’(0.06) ’(0.06) ’(0.07) ’(0.07) 
Value of housing – – − 0.19** − 0.17** 

– – ’(0.05) ’(0.05) 
No. of housing owned – − 0.3** – – 

– ’(0.07) – – 
Regional housing appreciation* no. of housing owned − 0.17 – – – 

’(1.31) – – – 
Value of financial investment − 0.11 − 0.09 − 0.05 − 0.05 

’(0.06) ’(0.06) ’(0.06) ’(0.06) 
Housing rental – – 0.01 – 

– – (0.04) – 
Mortgage – – – − 0.07 

– – – (0.07) 
Medical expenditures − 491.85** − 575.81** − 759.37** − 759.37** 

’(0.03) ’(0.03) ’(0.03) ’(0.03) 
Expected wage 0.81** 0.79** 0.68** 0.67** 

’(0.14) ’(0.14) ’(0.14) ’(0.14) 
Probability of getting a job offer q(X): 
Constant 1535.62** 120.88** 155.41** 155.41** 

’(0.36) ’(7.03) ’(2.28) ’(2.27) 
Education 572.94** 40.13** 48.09** 48.09** 

’(0.5) ’(2.26) ’(7.31) ’(7.32) 
Work experience 217.34** − 72.46** − 40.01 − 40.02 

’(0.44) ’(13.29) ’(42.07) ’(42.08) 
Work experience squared 461.4** 135.78** 101.05** 101.04** 

’(0.36) ’(12.51) ’(47.98) ’(48.03) 
Provincial employment rate − 9.98** − 47.83** − 22.84** − 22.84** 

’(0.01) ’(0.18) ’(2.43) ’(2.42) 

Log-Likelihood at Maximum − 1798.16 − 1787.51 − 1790.69 − 1790.14 
Log-Likelihood at Reference − 4076.61 − 4076.61 − 4076.61 − 4076.61 
McFadden’s Rho 0.56 0.56 0.56 0.56 
No. of Obs. 3726 3726 3726 3726  

Males (1) (2) (3) (4) 

Probability of supplying labour λ(X,Z): Coefficient for variables (except for expected wage) contribute positively to utility of not working (U0) 
Constant − 29.21 − 32.64 − 53.17** − 53.22** 

’(17.17) ’(20.86) ’(0.27) ’(0.21) 
Age 0.21** 0.21** 0.19** 0.19** 

’(0.08) ’(0.08) ’(0.07) ’(0.07) 
Age squared 0.36** 0.35** 0.29** 0.29** 

’(0.06) ’(0.06) ’(0.05) ’(0.05) 
Age of the youngest child − 0.18 − 0.18 − 0.12 − 0.12 

’(0.1) ’(0.1) ’(0.08) ’(0.08) 
Dummy for married − 0.3 − 0.29 − 0.3 − 0.3 

’(0.23) ’(0.22) ’(0.2) ’(0.2) 
Non-labour income 0.54** 0.55** 0.5** 0.51** 

’(0.08) ’(0.08) ’(0.07) ’(0.07) 
Value of Housing – – − 0.24** − 0.21** 

– – ’(0.08) ’(0.07) 
No. of housing owned – − 0.49** – – 

– ’(0.1) – – 
Regional housing appreciation* no. of housing owned − 5.6** – – – 

’(1.45) – – – 
Value of financial investment − 0.14 − 0.12 − 0.09 − 0.09 

’(0.09) ’(0.09) ’(0.09) ’(0.08) 
Housing rental – – − 0.05 – 

(continued on next page) 
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Table 4 (continued ) 

Males (1) (2) (3) (4) 

– – ’(0.15) – 
Mortgage – – – − 0.28 

– – – ’(0.17) 
Medical expenditures − 185.31 − 210.41 − 348** − 348.15** 

’(116.96) ’(142.1) ’(1.13) ’(0.15) 
Expected wage 0.22 0.27 0.33 0.31 

’(0.24) ’(0.24) ’(0.22) ’(0.22) 
Probability of getting a job offer q(X): 
Constant 11.37** 10.29** 104.21 104.76 

’(3.26) ’(2.9) ’(119.95) ’(120.05) 
Education 1.43** 1.64** 17.07 17.37 

’(0.4) ’(0.44) ’(27.86) ’(29.25) 
Work experience − 7.28 − 6.94 − 34.23 − 34.71 

’(4.14) ’(4.31) ’(35.66) ’(37.42) 
Work experience squared 9.71** 9.62 115.33** 115.01** 

’(4.77) ’(4.97) ’(40.12) ’(34.03) 
Provincial employment rate − 126.55 − 89.77 − 16.15 − 16.08 

’(79.9) ’(69.47) ’(25.01) ’(24.69) 

Log-Likelihood at Maximum − 1189.84 − 1185.62 − 1194.40 − 1192.17 
Log-Likelihood at Reference − 5340.09 − 5340.09 − 5340.09 − 5340.09 
McFadden’s Rho 0.78 0.78 0.78 0.78 
No. of Obs. 4195 4195 4195 4195  

Table 5 
Estimations of labour supply and demand using Method of Moments.   

Females Males 

Probability of supplying labour λ(X,Z): Coefficient for variables (except for expected wage) contribute positively to utility of not working (U0) 
Constant − 34.77 − 33.50 

(19.50) (19.17) 
Age 0.14** 0.20* 

(0.07) (0.11) 
Age squared 0.22** 0.43** 

(0.07) (0.08) 
Age of the youngest child 0.21** − 13.22** 

(0.05) (2.99) 
Dummy for married 0.80** − 0.24 

(0.20) (0.32) 
Non-labour income 0.49** 0.56** 

(0.08) (0.11) 
Value of housing − 0.18** − 0.22** 

(0.07) (0.1) 
Value of financial investment − 0.02 − 0.07 

(0.09) (0.12) 
Medical expenditures − 225.87 − 180.30 

(132.82) (137.59) 
Expected wage 0.15 − 0.28 

(0.22) (0.42) 
Probability of getting a job offer q(X): 
Constant 43.74** 8.33** 

(0.13) (1.71) 
Education 4.82** 0.90** 

(0.27) (0.36) 
Work experience − 34.28** − 4.99** 

(0.07) (2.56) 
Work experience squared 33.92** 7.18** 

(0.07) (3.28) 
Provincial employment rate − 63.21** − 86.49** 

(0.04) (40.24) 

Log-Likelihood at Maximum − 334 − 387 
Log-Likelihood at Reference − 1496 − 2342 
McFadden’s Rho 0.78 0.83 
No. of Obs. 3726 4195  
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q(X)=Eq(X, υ2)=
1

1 + exp(− Xδα) , (16) 

The log-likelihood function, in this case, is equal to the following: 

logL=
∑

i
Yi logP(Vi) +

∑

i
(1 − Yi log(1 − P(Vi)). (17)  

whereas β is estimated in the first stage wage equation, the parameters α, γ and θ are estimated in the second stage with maximum 
likelihood. 

The results are presented in Columns (3)–(4) of Table 3. To estimate α continuously without artificially imposing the limit, we 
transform it to 1/1+ exp(χ). As shown in Table 3, the estimated α is close to one, which indicates that the potential correlation between 
willingness to work and being offered a job is near zero. We find that our data do not support the hypothesis that labor supply decisions 
and labor demand are correlated. This means that the variables determining job seeking and job obtainment are most likely included in 
the modeling specifications. No significant variable that drives both events is missing. 

5.3. Robustness check of wealth effect 

In this section, we check the robustness of the wealth effect. The negative coefficient estimates of housing wealth and the positive 
coefficient estimates of nonlabor income have tentatively revealed that the “stock” form of wealth and the “cash inflows” form of 
wealth have opposite effects on the utility of not working. 

As discussed in the Introduction section, housing wealth rose from nothing to a significant value in a very short time in China. 
Housing wealth grew 51% between 2010 and 2012. Such a sharp and sudden increase serves as an exogenous shock. This is helpful for 
addressing the endogeneity concern. That is, it is highly impossible for the labor supply decision to lead to housing wealth changes. 
Nevertheless, we carried out several robustness checks. 

First, we replace the value of housing with the value of inherited housing reported in the survey. Individual labor supply choices 

Table 6 
Estimations of labour supply and demand using different approaches for wage expectations - Females.   

Using Regression Tree Approach 

Probability of supplying labour λ(X,Z): Coefficient for variables (except for expected wage) contribute positively to utility of not working (U0) 
Constant − 66.24** 

(0.17) 
Age 0.12** 

(0.05) 
Age squared 0.24** 

(0.05) 
Age of the youngest child 0.19** 

(0.04) 
Dummy for married 0.64** 

(0.16) 
Non-labour income 0.50** 

(0.07) 
Value of housing − 0.21** 

(0.05) 
Value of financial investment − 0.06 

(0.06) 
Medical expenditures − 440.56** 

(0.02) 
Expected wage 0.50** 

(0.12) 
Probability of getting a job offer q(X): 
Constant 649.35** 

(0.94) 
Education 215.95** 

(3.01) 
Work experience − 29.77** 

(0.43) 
Work experience squared 287.40** 

(0.20) 
Provincial employment rate − 8.12** 

(0.03) 

Log-Likelihood at Maximum − 1794.32 
Log-Likelihood at Reference − 4076.61 
McFadden’s Rho 0.56 
No. of Obs. 3726  

X. Han et al.                                                                                                                                                                                                            



Journal of Choice Modelling 48 (2023) 100433

16

cannot affect the inherited housing value. Only the inherited housing value can affect individual labor supply choices. Among the 7157 
individuals who reported housing values, only 466 reported housing as inherited. The coefficient of the inherited housing value for 
females is estimated as − 0.013 but is insignificant, with a standard error of 0.04.17 Even though it is insignificant, the negative sign is 
consistent with our baseline results in Table 3 and supports our conclusion. 

Second, we replace the net house value with the value approximated by multiplying the number of houses owned with regional 
housing appreciations (to present the house wealth increase) (Column (1) of Table 4) or the number of houses owned (Column (2) of 
Table 4) to delink housing wealth from individual idiosyncratic house choices/values. That is, individual labor market choices cannot 
affect regional housing prices as strongly as their own housing values do. As shown in Columns (1) and (2) of Table 4, the coefficients 
remain negative and significant and only insignificant for females when interacting the number of houses owned with regional housing 
appreciation. Thus, the positive impacts of wealth in stock form are robust across the different approaches of measuring. 

Next, we check the impact of other forms of wealth on cash flows by including housing rentals and mortgages. Column (3) of 
Table 4 shows that housing rental (as cash inflows) is positive for females and shares the same sign as nonlabor income but is negative 
for males. Both are insignificant. Column (4) shows that mortgages (as cash outflows) are negative for both females and males and have 
an opposite sign of cash inflow, as expected.18 Both are insignificant. Together with the fact that coefficient estimates of nonlabor 
income remain positive and significant for both females and males across all four specifications, the results provide evidence sup-
porting that cash inflows work in the opposite way as stock wealth. 

The opposite effects of the cash inflow and stock forms of wealth are interesting and unique. Although our findings are at odds with 
the popular results in the literature where stock wealth diminishes the incentive to work, we believe this might be a particular 
phenomenon pertaining to China. China has a strict residential permit system (Hukou) in which households cannot freely migrate to 
cities or between housing markets. In addition, housing booming and development are highly regulated by authorities. An individual 
can accumulate vast housing wealth simply because he or she is a legal resident of a booming market (contrary to residents of rural 
areas or less developed areas). Therefore, individual housing wealth development is purely exogenous in these respects. 

The cash flow wealth enters the contemporary budget constraint directly, which determines the “affordability” of not working. In 
contrast, as discussed above, the sharp increase in the real estate market in China has boosted individuals’ stock wealth, but this only 
exists on paper unless realized through sale. The wealth in stock thus does not change the budget constraints for job decision-making 
directly. Furthermore, it is obvious that in cities with booming housing markets, the living cost increases considerably when housing 
prices rise. Even with higher wealth values of housing, unless they are liquidated, individuals would need to face the rising prices of 
commodities and living costs. Therefore, the stock form of wealth in housing would induce the incentive to work in this context. Stock 
wealth may also signal the potential “opportunity benefit” of working by accumulating wealth or signal the better ability of people who 
choose to work to accumulate wealth, e.g., buy more houses. 

5.4. Estimating the model with the method of moments 

The method of moments is used to estimate dynamic structural models, for which constructing the likelihood function is impossible 
or computationally intractable (see Low and Meghir, 2017; Blundell et al., 2016; Low et al., 2010). We carry out the method of 
moments in this section to perform robustness checks for our static structural model. 

In our analysis, guided by the regression tree results, we divide our samples into four education groups: noncompletion of pre-
liminary school, preliminary school to high school completion, university/college education, and postgraduate education. We also use 
marriage status as another dimension by which to group, i.e., married, and unmarried. First, for the education grouping, within each 
group, we sum up the absolute difference between the model-predicted probability of the individuals being observed on the labor 
market and the corresponding education-group-sample-average market participation rate. Second, across the education groups, we 
again sum up the group sums after weighing their sample shares. Third, for marriage status, we carry out procedures that are similar to 
those used for the education grouping. Finally, we minimize the target function, i.e., the total of the summed absolute differences 
across the education group and the marriage status group. 

The results are presented in Table 5. Compared with the first two columns in Table 3, the coefficient estimates are similar, 

Table 7 
Scenarios simulations for females and males.   

Females Males 

Simulated with estimates of 
females 

Simulated with estimates of 
males 

Simulated with estimates of 
males 

Simulated with estimates of 
females 

Probability of willing to 
work 

73.53% 76.71% (76.3%) 90.39% 89.42% 

Probability of getting an 
offer 

99.79% 99.30% 99.24% 99.83%  

17 The limited observations of inherited housing value made it difficult to estimate the standard errors for the labor demand variables. The 
likelihood at maximum is estimated as − 1777.  
18 We also tried to only include houses that no longer have mortgages. The result still holds. 
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especially for our variables of focus: nonlabor income, housing values, and value of financial investments. All coefficients for the job 
offering functions are significant for both genders. Unlike in Table 3, the coefficients for medical expenditures and wage equations are 
smaller and insignificant in Table 5. The log-likelihood improvement measured by McFadden’s ρ is better in Table 5, especially for 
females – 0.56 in Tables 3 and 0.78 in Table 5. However, since McFadden’s ρ is not a mathematically approved measure, we use it here 
only as an indication. We conclude that the coefficient estimates of our focus are quite consistent between the two methods. 

5.5. Forming the wage expectation using the regression tree approach 

To explore the alternative approach of wage Equation (3), we again resort to using the regression tree approach (CIF). This 
approach is used to relax the functional form assumption of the wage equation. In addition to the variables already in the linear wage 
equation, we include dummy variables for province, years of schooling, age, marital status, number of children, age of the youngest 
child, and health status as the independent variables. Instead of working experience (as used in the linear wage equation), in the CIF 
analysis, we include age, which has an equivalent power in terms of explaining the wage but also a more intuitive explanation. Because 
the CIF can incorporate the nonlinear relationship between variables, there is no need to include the squared age. We only use females 
as an example to examine the impacts of different wage equation approaches. The results are presented in Figure A1 in Appendix A. 
The ending nodes are the predicted average wages for the group of individuals with the shared characteristics shaped by the branches 
leading to the ending nodes. Years of schooling is the leading variable in determining the wages of females. Additionally, age, number 
of children, and province all affect females’ wages. For comparison with the linear wage equation, we use the standard absolute re-
siduals of the predictions: 0.7498 for the linear wage equation and 0.73 for the CIF. A smaller standard absolute residual of the CIF 
indicates that the prediction of the CIF is slightly better. Using the estimate results presented in Figure A1, we predict the wage for each 
individual (both working and not working) and use it to estimate the probability of labor supply. As shown in the first column of 
Table 6, the expected wage has a significant positive impact on the probability of working but at a smaller value than that of the 
baseline case in Table 3. All the other estimates are similar to those in the baseline model. Additionally, the log-likelihood value at the 
maximum is − 1794.32, which is smaller than that of the baseline at − 1770.74, indicating that the baseline model outperforms the 
regression tree-based wage expectation approach in terms of explaining power. 

Another commonly raised concern associated with the wage equation in labor economics is self-selection bias. However, we believe 
that carrying out the self-selection correction in forming the wage expectation in our analysis is inappropriate. First, let us review the 
commonly used Heckman’s two-stage approach (Heckman, 1979). The first stage is to run a probit model with the potential job market 
participation decision variables. The second stage is to introduce the estimated probability of working into the error term for the wage 
equation to correct the selection bias. As a result, the wage in the wage equation is observed to be conditional on individuals choosing 
to work. In our context, if we employ Heckman’s two-stage approach to form the wage expectation, the labor supply function in our 
modeling framework would overlap with the first-stage job participation regression. As an analogy, doing so is similar to estimating the 
impacts of different factors on the job participation decision with those exact impacts already estimated in the first place. The 
self-selection corrected wage would reflect the equilibrium of labor supply and demand already. Therefore, we believe that wage 
expectations can only be formed based on the observed wages of those who chose to work and stick to our baseline approach without 
correcting the self-selection. 

5.6. Simulating the effect of gender on labor demand and supply 

In this section, we use the coefficient estimates from the baseline model in Table 3 to simulate the probabilities of females being 
willing to work and being offered a job by using the coefficient estimates for both females and males, respectively. That is, we treat a 
female in the labor market as if she were a male by artificially changing the gender of females to males. Since the other characteristics 
are unchanged for each individual, the differences between these two scenarios can provide an assessment of the gender differences in 
the job market. 

As shown in the first two cells of Table 7, if the females were males, their probability of willing to work would increase from 73.5% 
to 76.7%, which is the net effect of the positive contributions from the age of the youngest child, marriage, and wealth in housing and 
the negative contributions from lower work incentives associated with the wage expectations and medical expenses of males. For the 
probability of getting an offer, surprisingly, we found that if the females were males, the probability of getting an offer would decrease 
from 99.8% to 99.3%, which might be due to the much lower coefficient estimate for education for the males (17.06) compared to that 
for the females (42.32). The pattern revealed by the simulations for the males is consistent with that for the females; if the males were 
females, they would be less willing to work but only have a marginal decrease in probability from 90.4% to 89.4%, whereas they would 
be offered a job with a higher probability, i.e., from 99.2% to 99.8%. Such findings support Stevenson’s (2016) recent argument about 
the United States that “manly men need to do more girly jobs” to encourage more men to take service jobs in occupations that have 
been traditionally dominated by women. 

Furthermore, as demonstrated by the high job offer probabilities for both females and males, all above 99%, the job opportunities in 
urban China are ample. A probability of 99% means that an individual will immediately receive a job offer after searching. The lower 
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labor market participation rates were mainly driven by the willingness to work due to family considerations or wage expectations. The 
tight labor market might help to explain why there are no gender differences in the probability of getting a job. 

The relatively high average probability of obtaining an offer shown in Table 7 does not necessarily mean that people would be 
offered a job without their education and work experience being considered. For example, based on our coefficient estimates of the 
model, for a female with no education and 20 years of working experience who is in Jilin Province, which has an unemployment rate of 
3.8% (at the middle level compared to the other provinces), her simulated probability of getting an offer is 46%, which is far from the 
99.79% presented in Table 7. The high average probability of obtaining an offer across the sample is reflected in the individuals who 
have favorable levels of education and working experience. 

We revisit the higher unconditional labor income of males revealed in summary statistics in Table 1. Part of the reason behind this is 
that labor regulations in China regulate retirement age differently for females and males: 55 years old for females and 60 years old for 
males. The regulation-induced seniority difference naturally leads to higher wages for males, as revealed by the labor income statistics 
in Table 1. However, when we simulate the wages for females and males with the same characteristics based on the wage equation 
results in Table 2, the result is surprising. For instance, a female with 12 years of education and 15 years of work experience in Anhui 
province is estimated to earn 6468 CNY, while a male with the same education and work experience is estimated to earn 5091 CNY. 
Therefore, if we control for education and experience, females’ wages are not lower than those of males and may be higher. Thus, the 
apparent gender wage gap in China has different roots than that in other countries. 

In contrast to the discrimination and statistical discrimination documented in the previous literature (Phelps, 1972; Arrow, 1973, 
Aigner and Cain, 1977; Coate and Loury, 1993), our findings provide no evidence of “unobserved” discrimination. As we have shown 
above, simulated by the wage equation, females in urban China would have higher wages compared to males with the same quali-
fications and a slightly higher probability of being hired. The observable discrimination is induced by regulation: the retirement age for 
males is 60 years old, whereas that for females is 55 years old. The resulting difference in seniority between genders leads to differences 
in labor income. 

The results we presented in Section 5.1, including Tables 2 and 3, are the baseline results for our analysis. Sections 5.2 to 5.5 serve 
as robustness checks of the baseline results by allowing correlations between job seeking and job obtainment, replacing the maximum 
likelihood method with the method of moments to estimate the baseline model, using alternative housing values to represent housing 
wealth, and replacing the OLS with the regression tree to form wage expectations. The consistency between the robustness checks and 
our baseline results provides strong support for our findings. In Section 5.6, we employ the baseline model to simulate the gender 
impacts on the probability of working and the probability of getting a job, which helps to clarify that the labor income gaps between 
females and males observed in the statistics are not due to unobserved discrimination but to differences in retirement age regulation. 

6. Conclusion 

In this paper, we propose a probabilistic cross-sectional structural model to disentangle both labor supply choices and labor de-
mand choices simultaneously. This model enables us to identify and estimate labor supply preferences, as well as the labor demand 
preference of employers, by only using cross-sectional microdata, which extends the labor-market analytical toolkits to adapt to en-
vironments where data are limited, flexibility in working hours is lacking, and structural changes are present, as is the case in most 
emerging and low-income countries. Thus, our model can potentially be used for estimating model-based unemployment rates in 
countries without formal and systematic labor market survey systems, in countries with limited panel data or repeated cross-sectional 
data, or in countries experiencing structural changes. 

As an empirical application of the model, we re-examine the differences in labor market supply and demand preference between 
males and females and the impact of different types of household wealth on work preferences by using the cross-sectional 2011 China 
Household Finance Survey data. 

The following types of inquiries can be explored using our modeling framework and dedicated to the data we found. First, the 
number and age of children affect the labor supply decisions of females but not those of males. The lower participation rate of females 
is mainly driven by lower utilities of working rather than by fewer job opportunities. Second, the education and work experience of 
females affect employers’ job offering decisions more than those of males do. However, the unconditional wage gap observed is mainly 
driven by the regulated higher retirement age for males. In contrast to common belief, neither the simulated wages nor the proba-
bilities of obtaining a job offer for females are lower than those of males with the same attributes in China. Third, different types of 
household wealth affect labor supply decisions in different ways. Household wealth in the ‘flow’ form, especially labor income from 
other family members, tends to discourage individuals from working, while household wealth in the ‘stock’ form, such as housing and 
investment in financial assets, motivates both males and females to choose to work. 

Finally, individuals with poor health status implied by higher medical expenses, which could be understood as a special form of 
‘outflow’ wealth, have a strong willingness to work. 

One concern with regards to the third finding is that the result might be driven by the fact that the ‘stock’ form of wealth represents 
a higher cost of consuming housing. The higher cost of consuming housing is commonly found to increase individuals’ incentives to 
work. To alleviate this concern, we include housing rentals and mortgages as an additional control variable to control the cost of 
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consuming housing in Columns (3) and (4) in Table 4. The coefficient estimate of the value of housing remains negative and significant. 
We do subscribe to the prevalent view that stock wealth diminishes the incentives of labor supply. In this case, our results might 

indicate some nuanced effects of stock wealth. This could be a reflection of the limitations of cross-sectional data and the absence of 
housing prices in the model. On the other hand, we offer some possible explanations of our findings by suggesting that stock wealth 
might be an indication of a higher cost of housing consumption, as well as a spillover of a general increase in living costs in a booming 
housing market. It might also involve the income effects and investment incentives of households, seeing that housing is not only a 
consumption of living but also an object-based investment. In such cases, the stock wealth of housing might incentivize workers to 
work more so that they can further invest in the housing market. Of course, it is important to have richer data and extensive modeling 
to capture such effects, if any such effects exist. 

Furthermore, as we use the cross-sectional approach to examine the current housing wealth, current housing tenure choice (i.e., 
renting versus living in self-owned housing), and the number of properties owned, despite the strict residential permit system that 
enhances the exogeneity or likelihood of legal residents of a booming market accumulating vast housing wealth, the labor market 
supply choices and housing choices might be driven directly by the same wealth and income profiles. In such cases, our empirical 
findings would be subjected to the caveat of endogeneity. Again, in this paper, our main purpose is to propose a theoretical model that 
enables us to use cross-sectional data to disentangle labor supply and demand choices simultaneously. The empirical analysis 
showcases the application of the theoretical model. With better data, such endogeneity would be of less concern. 

We suggest a possible explanation via the institutional limitation of mobility such that—at least seen by households—housing 
wealth accumulation might be exogenous (to an extent). This could certainly be a unique phenomenon for China. Before the housing 
reform, all housing was provided by the government based on the hukou system. In the early stage of housing market reform in the late 
1990s, residents could buy the housing they resided in for a symbolic sum based on residential permits. Thus, we suggest that the initial 
housing wealth and later housing wealth accumulations are somewhat exogenous in this context. It is certainly true that when 
considering the whole housing market and institutions, wealth accumulation and labor supply are endogenous. We hope our con-
tributions will shed light not only on the unique situation in China but also perhaps the situations present in other emerging economies. 

Our analysis is helpful for understanding the ever-changing labor markets, such as that seen in China, through the choices of both 
employees and employers, where labor forces have evolved from low skilled to high skilled and experienced, and the wages/labor costs 
have increased rapidly in recent years. With an aging population, decreasing labor market participation rates, and increasing personal/ 
household wealth, understanding labor market behaviors is a challenging task. Our analysis hopefully contributes to the literature by 
providing a tool to better face such challenges. Finally, as mentioned several times in the paper, our choice modeling framework 
provides a useful approach for simultaneously measuring the preferences of both employees and employers, particularly when the data 
are limited. 
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Appendix A    

Appendix B. Introduction of wage into labour demand and supply 

Instead of separating utility and disutility for labour supply, and productivity vs cost for demand function, we can define a unified 
utility for worker, and unified payoff for employer. 
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Fig. A1. Regression Tree Analysis for Wage Expectation - Female 
Note: all the variable values are standardized.  
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U∗ =U(W∗,Z) + ε∗

V∗ =V(P,W∗) + ξ∗

where U∗ is the utility of worker, and V∗ is the utility of employer. W∗ is the market wage which can be modelled as: 

W∗ = logW = Xβ + η 

Then 

U∗ =U(W∗,Z)+ ε∗ = θlogW + γZ + ε∗ = θXβ+ γZ + ε∗ + η  

= θXβ + γZ + ε,where ε = ε∗ + η  

V∗ =V(P,W∗) + ξ∗ =Xδ − τ log W + ξ∗ =Xδ − τ(Xβ+ η) + ξ∗

= (δ − τβ)X + ξ∗ − τη= λX + υ,where  

λ= δ − τβ, and υ = ξ∗ − τη 

The worker participate the labour market when 

λ(X,Z)=P(U∗ > 0|X,Z)=P(θXβ+Zγ ≥ ε|X,Z)= 1
1 + exp(− Zγ − θXβ)

And the employer is willing to offer a job when 

q(X)=P(V∗ > 0)=
1

1 + exp(− Xλ)

The identification is the same as in the baseline case, except for a minor change of sign of parameters. But (δ, τ) can not be identified. 

Appendix C. Identification of the model 

Let  

(1) P (X,Z) = λ(X,Z)q(X), .where 

λ(X,Z)=
1

1 + exp(Zγ − θXβ)
, q(X)=

1
1 + exp(− Xδ)

.

Recall that identification in this context means that when P(X, Z) is given, as a function of (X, Z) , and Eq. (1) holds then the pa-
rameters (γ, δ, θβ) are uniquely determined. Let Z1 denote non-labor income (which is part of Z). 

We have that  

(2) ∂log P(X,Z)
∂Z1

= − γ exp(Zγ− θXβ)
1+exp(Zγ− θXβ) = − (1 − λ(X,Z))γ. 

and  

(3) ∂2 logP(X,Z)
∂Z2

1
= γ ∂(X,Z)

∂Z1
= − γ2 exp(Zγ− θXβ)

(1+exp(Zγ− θXβ))2 = − λ(X,Z)(1 − λ(X,Z))γ2. 

Define 

g(X,Z)= log

(
{∂log P(X, Z)/∂Z}2

− ∂2 log P(X, Z)
/

∂Z

)

.

From (2) and (3) we obtain that  

(4) g(X,Z) = log
(

1− λ(X,Z)
λ(X,Z)

)
= Zγ − θXβ.. 

Since P(X, Z) is assumed to be known then the respective partial derivatives of P(X, Z) are also known. Therefore, the function 
g(X, Z) defined above is also known. Since (4) is linear in γ and θβ it follows readily that (γ, θβ) is uniquely determined by (4). Recall 
that β is determined from the wage equation, and therefore θ is identified. Accordingly, λ(X, Z) is identified and from (1) we therefore 
obtain that 
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(5) log
(

P(X,Z)
λ(X,Z)− P(X,Z)

)
= log

(
q(X)

1− q(X)

)
= Xδ. 

which demonstrates that δ is identified. Thus, we have demonstrated that the model (together with the wage equation) is identified. 
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