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Abstract

:

We analyze the factors that determine human capital formation in the rural and urban sectors of Nepal and decompose the intersectoral difference into variables underlying supply and demand for human capital. In particular, we examine the role of access to primary and secondary schools as well as the socioeconomic, demographic, and geographic characteristics of households. Our results are based on Nepal Living Standards Survey data for 2004 and 2011. We find that access to schooling has a significant impact on the level of human capital, especially in rural areas. Our Blinder–Oaxaca decomposition attributes a large portion of the rural–urban gap to socioeconomic and demographic variables. Yet, the results reinforce our claim that an improvement in schooling access and road infrastructure is also necessary, particularly in the vast rural sector of Nepal, if human capital development is to provide a greater contribution to national welfare.
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1. Introduction


This paper identifies the determinants of human capital formation in Nepal and calculates and decomposes the difference in human capital into supply and demand side factors. In particular, it examines the role of supply side factors such as access to primary and secondary schools and demand side factors such as the socioeconomic, demographic, and geographic characteristics of households. In doing so, we use the Nepal Living Standards Survey Data for the years 2004 and 2011 and construct the level of human capital for the pooled sample. Then, we estimate the effect of the access (measured in terms of the travel time to the nearest school) and other covariates on human capital formation in the urban and rural subsamples. This allows us to estimate the difference in the predicted value of human capital between the sectors and analyze the extent to which this difference is explained by differences in the supply and demand factors listed above.



The rural–urban difference in human capital is a topic of high relevance for economic policymaking, yet it remains under-researched in empirical economics. The topic is even more important for developing countries such as Nepal, where the majority of the population (80%) still lives in rural areas lacking in physical infrastructure in health, education, electric power, transportation, drinking water, and sanitation. According to government data, public investment in infrastructure has fluctuated over the years (6.6% of GDP in 2007/08, 3.4% in 2010/11, 10.1% in 2016/17). Around the same time, government expenditure on education has increased from 3.5% of GDP in 2007 to 5.5% in 2017, which is among the highest in South Asia (World Bank 2017). However, the majority of the government expenditure predictably goes to the urban areas, which is likely to increase the average human capital among urban population compared to the rural population. In our data, the overall urban–rural difference in human capital is 0.3065. This is a significant difference when placed in the context of an overwhelmingly large rural population.



To what extent the supply factors and demand factors are responsible for the difference in human capital is not clear a priori. For a balanced growth between urban and rural economies, however, the human capital discrepancy has clear policy implications (Chattopadhyay 2012, 2014). If so, could all of this discrepancy be explained by unfavorable socioeconomic and demographic characteristics in villages, or does the availability of schools, and in particular, the time it takes children to reach the nearest school (the access), matter as well? The novelty of this paper, thus, lies in the estimation of the effect of access to schooling as well as the role of socioeconomic, demographic, and geographic factors on human capital formation. We estimate our model for urban and rural subsamples separately and calculate the predicted difference in human capital. This difference is then decomposed using the Blinder–Oaxaca method (Blinder 1973; Oaxaca 1973) into parts attributable to various explanatory factors. We also perform a robustness check using the instrumental variable regression technique for parameter estimation as well as decomposition of the rural–urban difference in human capital.



A key contribution of this paper is to test how the socioeconomic, demographic, and geographic conditions are also responsible for human capital formation. We conduct this analysis accounting for both the supply and demand side factors reflecting their relative roles. Our empirical strategy also includes instrumental variable regression because of the endogeneity of income, a potent demand factor. With regard to our key variable of interest, we find that access to schooling significantly explains the difference in rural and urban human capital formation. Yet, much of the difference between the two sectors is indeed accounted for by the household’s socioeconomic and demographic factors. We find that improvements in the demand factors considerably reduce the rural–urban gap. Based on our knowledge of the existing literature on Nepal, a decomposition of the rural–urban difference in human capital has not been studied for the country yet. We hope to contribute to the literature in a way that directly leads to significant policy implications.



The remainder of the paper is organized as follows: Section 2 reviews the literature that examines the role of access to education and other demand factors on human capital formation; Section 3 explains the theoretical framework in calculating the human capital index; Section 4 presents the data and the empirical methodology used in the analysis including the Blinder–Oaxaca decomposition; Section 5 presents and discusses the empirical results; and Section 6 concludes.




2. Literature Review


Human capital formation is an important topic in economic growth and wellbeing. Existing studies on the topic identify demand side factors such as income and other household characteristics as affecting human capital formation (Bansak and Chezum 2009; De and Ratha 2012). The limited studies that analyze the supply side factors focus on the impact of access on educational outcomes of children, such as school enrollment rates, test scores, and grade attainment (Handa 2002; Mejía and St-Pierre 2008). We extend these analyses further to identify the relative roles of the supply side and demand side factors on human capital formation.



On the supply side, existing research shows a positive impact of rural road construction on household income and income inequality by providing better access to markets (Charlery et al. 2015). Along the same line, Jacoby (2000) shows a positive impact of road access to markets in rural Nepali communities. We extend this idea to analyze if increased access to educational institutions would contribute to one’s human capital. As the increasing access to the road is a pro-poor intervention, it increases access to schooling and health care services for the rural poor. Thus, these results help us to frame our hypothesis that a difference in rural–urban infrastructure as measured by the access to schooling explains at least part of the rural–urban differences in human capital.



On a related note, Sen (1985) argues that access to education and other areas of infrastructure opens doors to multiple economic opportunities and makes people capable. Expanding optionality or choice enables people to lead a more prosperous life by improving the three essential factors that contribute to people’s wellbeing: knowledge, long and healthy life, and access to resources needed for a decent standard of living. Existing research supports such claims by showing that socioeconomic, demographic, and geographic factors (mainly age, health, and income) equally influence children’s health and educational achievement (Akee et al. 2018; Currie and Almond 2011; Currie 2009; Cunha et al. 2006). Thus, the literature suggests a balanced role for both the supply and demand side factors to enhance human capital accumulation. For example, Banerjee and Duflo (2011) present interesting stories of schools being available for free in most developing countries, for at least the primary level. They report that most children are enrolled in school, and yet, in the various surveys they have conducted around the world, child absentee rates are high, ranging from 14 to 50 percent. They claim that the failure of schools in developing countries to attract children cannot be explained by the problems of access only. The parents do not seem to be able or willing to make their children go to school. That is, the demand side factors are also equally important.



The importance of access to infrastructure on overall economic development is well established in the policy arena across the globe. Multilateral development partners such as the World Bank and the World Trade Organization (WTO) have argued for prioritizing the infrastructure sector for overall development strategy. The 1994 World Development Report had found infrastructure development to be a most effective instrument of direct help to the poor. Among many other studies, Calderón and Chong (2004) find that an increase in both the quantity and quality of infrastructure reduces income inequality in a cross-section as well as a panel of countries, with the quantitative link stronger in developing nations. Infrastructure helps reduce poverty, increases school enrollment rates, decreases school dropout rates, and enhances the utilization of health care services. Each of these changes will increase human capital formation.



Again, at the World Bank, Leipziger et al. (2003) show that apart from traditional variables (income, assets, education, and direct health interventions), better access to facilities significantly improves child health outcomes, a major determinant of human capital. Another line of research analyzes the impact of infrastructure directly on human development and quality of life. For instance, Sapkota (2014) presents a cross-country analysis of the impact of several infrastructure measures (access to electricity, access to clean drinking water, and road density) on the Human Development Index (HDI) and its components individually.



To focus our attention on Nepal, the infrastructure state of the country has many dimensions. Nepal ranks near the bottom (168th) of a list of 171 countries in the Logistics Performance Index measuring the quality of trade and transport-related infrastructure (World Bank 2017). According to a ranking by the World Economic Forum (2015), Nepal ranks 132nd out of 140 countries in infrastructure development based on the joint index of transportation, electricity, and telephony networks. This lines up well with the country’s record of having the slowest economic growth among South Asian countries, together with a high poverty headcount as well as income inequality in the region (Gilbert and Banik 2012). In fact, according to these authors, a reduction in transport margins, which would signify infrastructure development, would benefit Nepal the most among the South Asian Sub-regional Economic Cooperation (SASEC) countries. In quantitative terms, a 20% reduction in transportation and processing time would increase household welfare by 12% of GDP and lead to a significant improvement in human development.



As is evident from above, the extant literature has considered the impact of access to infrastructure on individual components of human development such as health, education, and income. Our research focuses on the impact of access to education infrastructure, which is likely to have a direct effect on human capital formation as well as an indirect effect via socioeconomic factors. Hence, we first identify the rural–urban difference in human capital and analyze if that difference is explained by the difference in access to schools and other demand side factors such as socioeconomic, demographic, and geographic conditions that might, for instance, help increase school enrollment, reduce school dropouts, improve student performance, etc. The following sections elaborate this further.




3. Theoretical Framework


We begin by constructing a human capital index (HCI). Three popular approaches in this part of the literature generate outcome-based, cost-based, and income-based measures of human capital. Barro and Lee (1993) adopted the outcome-based approach to use school enrollment rates as a proxy for human capital. Similarly, Nehru et al. (1993) used a related measure of the accumulated years of schooling in the employable age for human capital. Because a student’s effectiveness can only be recognized when they participate in the labor market, school enrollment cannot be the best proxy for human capital.



The cost approach toward human capital measurement has been followed by, among others, Kendrick (1994), and Jorgenson and Fraumeni (1989). Here, researchers distinguish the investment and consumption aspects of education, in which investment builds human capital and consumption does not. However, it is difficult to precisely set a boundary between investment and consumption for appropriately assigning the cost of human capital. This approach is based on the returns that an individual obtains from the labor market on her educational investment even though the “human-unrelated factors” can also influence an individual’s income. The cost approach, therefore, fails to accurately measure human capital.



The third (i.e., the income) approach takes the expected income stream of an individual to calculate the present discounted value of the incomes as the aggregative measure of human capital. Graham and Webb (1979) pioneered this approach to estimate human capital for U.S. males, 14 to 75 years of age, by analyzing 1970 census data. Their interesting study estimated the present value after discounting (at 7.5% per year) the expected lifetime earnings and also derived the implied rate of depreciation of human capital of an individual over time. Obviously, a difference in the estimation method can lead to significant differences in the estimates of human capital. Graham and Webb (1979) find that their estimates of human capital were enormously greater than those based on the investment cost approach taken by Kendrick (1994). The two stocks of human capital could only be reconciled by applying a discount rate as high as 20 percent to the earnings data in Graham and Webb.



In this study, we take the income approach to estimating human capital which starts from the rates of return to schooling that have now become standard in the education and growth literature. One way human capital index (HCI) can be calculated is by using the equation    h i  =  e  ϕ (  s i  )   ,   where    h i    is the stock of human capital for individual   i ,   and    s i    is their completed years of education (Woessmann 2003). Since   ϕ  (   s i   )  =  r i   s i  ,   where    r i    is the return to education for   i ,   the level of human capital for individual increases with the level of education augmented by the corresponding return to education. Thus,    h i    can be expressed as:    h i  =  e   r i   s i     .



However, a single value for the return to education for all individuals is unrealistic. Assuming the returns to education are subject to diminishing returns, as shown by Psacharopoulos (1994) in his global study, the new approach measures human capital by separating the levels of schooling and the corresponding returns (UNDP (United Nations Development Program) 2015). In Equation (1), therefore, the marginal (annual) returns to higher levels of education should be less than returns to lower levels    (   r 3  <  r 2  <  r 1   )   :


   h i  =    (   r 1   )     s  1 i     ×    (   r 2   )     s  2 i     ×    (   r 3   )     s  3 i      



(1)




where    r 1  ,      r  2    , and    r 3    are returns to education for the first four years of schooling (grades 1 through 4), next four years (grades 5 through 8), and the next four years (grades 9 through 12). These annual returns are    r 1  = 13.4 % ,      r 2  = 10.1 % ,   and    r 3  = 6.8 % ,   obtained from Weil (2016, p. 162) who relies on estimates made by Psacharopoulos (1994). The completed years of schooling that correspond to these returns are represented by    s  1 i   ,    s  2 i   ,   and    s  3 i    . Accordingly, Equation (1) yields our measure of human capital.




4. Empirical Framework


4.1. Data


We use data from the Nepal Living Standards Survey (NLSS) collected by the Central Bureau of Statistics (CBS), Nepal. The first round of the survey (NLSS-I) was carried out in 1995/96, the second (NLSS-II) in 2003/04, and the third (NLSS-III) in 2010/11. These surveys have followed the Living Standards Measurement Survey (LSMS) methodology advanced and promoted by the World Bank.



We use NLSS-II and NLSS-III to construct a pooled cross-sectional dataset. Data were collected using stratified random sampling by dividing the country into several strata (six in NLSS-II, and fourteen in NLSS-III). Each stratum was then divided into primary sampling units (PSUs) in all of the 75 districts in Nepal. The PSUs are wards representing the lowest administrative units in each district. A two-stage stratified sampling method was used to select the sample households. In the first stage, 326 and 499 PSUs were randomly selected for the NLSS-II and the NLSS-III, respectively. In the second stage, 12 households from each selected PSU were randomly chosen for the interview. Thus, the final sample consists of 3912 households from NLSS-II and 5988 households from NLSS-III. Our pooled cross-sectional data contain information on many dimensions of individual and household wellbeing. These include income, expenditure, employment status, educational attainment, child and maternal health status, and child immunization status. We also have information on demographic factors and the geographic location of each household.




4.2. Econometric Estimation


We estimate human capital using a regression model to determine the impact of several variables that emerge from our review of the literature as well as conditions prevailing in Nepal. Our dependent variable is the human capital that we calculated using rates of return and years of schooling, as previously noted. For each household, we consider proximity to school measured in terms of the travel time (access) as one of the explanatory variables and the variable of interest in this paper. This access variable is a supply side factor that we expect to significantly affect human capital accumulation. Following the existing literature, an individual’s income, occupation type of the household head, marital status, gender, and status of health are expected to be the main socioeconomic and demographic factors affecting human capital. These factors are control variables and are listed in Equation (2) below. Administrative regions and geographic locations of the households could also affect an individual’s decision regarding the acquisition of human capital and will serve as further controls in our model. Equation (2) given below captures the essential elements of our estimation strategy:


   h i  =  β 0  +  β 1  a c  c i  +   ∑  j = 2  k    β j    x   j i   +  ε i     



(2)




where   a c  c i    is the access to education measured in terms of the travel time to school and     x   j i     is the set of socioeconomic, demographic, and geographic location factors discussed before.



We estimate the level of human capital separately for the rural and urban subsamples. Any difference between human capital for rural areas, averaged over all rural individuals, and human capital for urban areas, averaged over all urban individuals, can be attributed to the intersectoral differences between covariate means and between covariate parameters. The fraction of the rural–urban difference in human capital to be accounted for by the difference in each of the covariates can then be determined by a decomposition technique. We use the Blinder–Oaxaca decomposition procedure for this purpose (Blinder 1973; Oaxaca 1973). The decomposition is elaborated in Equation (3):


     h r  −  h u  =    [   (  a c  c r  − a c  c u   )   β 1 r  +   ∑  j = 2  k    (    x  j r  −   x  j u   )   β j r     ]  +       [   (   β 1 r  −  β 1 u   )  a c  c u  +   ∑  j = 2  k    (   β j r  −  β j u   )    x  j u     ]  +  (   β 0 r  −  β 0 u   )     



(3)




where    h r    and    h u    are the estimated values of human capital for the rural and urban subsamples, respectively,     x  j r    and     x  j u    are the vectors of sectoral means,    β j r    and    β j u    are the vectors of sectoral regression coefficients,   a c  c r    and   a c  c u    are the two means of the access-to-school variable, and    β 1 r    and    β 1 u    are the two regression coefficients of the access variables, respectively.



The right-hand side of Equation (3)1 has two components after we simplify it by suppressing two other items (more below). The first part is accounted for by the actual difference in variables as shown by the difference in mean values for rural and urban sectors—a part that is explained by the differences in access and the group differences in socioeconomic, demographic and geographic location factors. The second part of the difference between rural and urban outcomes is attributable to the difference in variable coefficients (weighted by the respective variable means). Finally, the remaining terms are the difference between the rural and urban intercepts, and an interaction term that implies that the variable differences and coefficient differences can occur at the same time (Jann 2008). Our results section provides further details on the decomposition of the rural–urban difference in human capital.



The sample data permit the construction of two of our variables. Access to school reflects the average time taken to reach the nearest primary or secondary school. We construct our human capital index (HCI) using Equation (1) based on established research (Weil 2016) on returns to education. These returns are 13.4% for the first four years, 10.1% for the next four years (grades 5–8), and 6.8% for schooling beyond the eighth grade. Since NLSS gathers information at the individual level as well as the household level for the rural and urban civilian population, we are able to construct HCI for each individual in each household of rural and urban sectors.



Next, we estimate separate regressions for rural and urban populations to obtain predicted values of HCI for these broad subsamples. We calculate the difference in predicted values for the two sectors and test if the intersectoral difference in human capital is significant. What accounts for the rural–urban difference in the realized human capital? The answer is provided by the popular Blinder–Oaxaca decomposition (OBD), which we use to analyze the intergroup differences in the response variable resulting from differences in the model explanatory variables (Azam 2010; Gradin 2015, among others). This will help to understand if increased access to schooling on the supply side or various demand side factors can contribute to reducing the rural–urban gap in human capital development.



The approach we have taken toward the estimation of our regression models and decomposition of our results leads to accurate outcomes if the regression equations are properly identified. One of the explanatory variables in our human capital model (Equation (2)) is household income, which exerts a positive and significant effect on human capital formation. However, income is likely a function of the wealth of the household, the intelligence of its working members, management skills of the household head, and other factors, including human capital itself. Because of several relevant variables effectively sitting in the error term in the regression, the income variable becomes endogenous. To address the problem, we use the number of labor hours available to the household as an instrument for household income. The labor resource available to a household is highly correlated with the household income but not directly correlated with human capital formation, which makes labor hours a good instrument (IV) for household income. We use an IV regression and decompose the IV-based rural–urban difference in human capital to supplement our OLS findings and to check their robustness. To the best of our knowledge, such research on human capital in Nepal has not been performed to date.





5. Results and Discussion


Before presenting our results, it is important to note that our analysis is based on estimated human capital for the labor force ranging in age between 25 and 60. This is the normal procedure in studies of the human capital attained by the adult labor force. Table 1 shows our first result. The level of human capital is greater for the urban sample (2.5991) than for the rural (2.2926). This unconditional difference of 0.3065 is statistically significant at the 1% level. Other variables used in this study are listed and defined in Table 1.



5.1. Regression Results


The estimated coefficients and significance of results for the pooled model and for rural and urban subsamples are reported in Table 2. The R2 for the pooled, urban and rural samples are 0.3069, 0.3060, and 0.3092, respectively.




5.2. Pooled Sample


The results for the pooled sample show that human capital rises with an increase in household income and better health status if the person is male and upper caste. Human capital falls with an increase in travel time to school, our access variable. The harder the access to schooling, the smaller the human capital is. What happens if the time to reach school is cut by half? From a plausible policy perspective, if the amount of time could be reduced from the overall sample mean of 125 min (2.0879 h) to 62.5 min, human capital could increase by 0.294 or 12.2% on average. This is a substantial improvement with high economic significance.



Human capital is negatively associated with farming (or “other labor”) as the occupation of the household head, or if the person is from the far western or mid-western development region, or from mountains and hills.



Household income is an important economic variable. A 10% increase in household income is associated with a 0.0102 unit increase in human capital or by 0.425%. While the impact of an increase in household income on human capital formation is positive and significant, the magnitude of its impact is rather small. Among other variables, a typical male has 0.184 more units of human capital than a typical female, which indicates the existence of significant potential, going forward, for lowering male–female educational differences in Nepal. In terms of self-reported health status, an individual with excellent or good health will likely have a larger human capital by 0.1852 and 0.1436 units, respectively, than the rest of the population in the pooled sample.



A lower level of human capital is associated with an individual whose household head is a farmer or with an unskilled manual worker compared to one whose household head has an occupation in the service sector. An older male possesses less human capital than a younger one, and a male in an even older category has even less. A married individual has less human capital than a single one, and a person from the privileged class has more human capital than one from the indigenous and Dalit classes. All these results match our expectations.



In terms of the development regions, the average human capital is lower in three of the five development regions in the nation and higher in the western development region in Nepal than in the eastern, the reference region, though human capital was higher for all five regions in 2011 than in 2004. This is also brought out clearly in Table 2 by the coefficients of the time variable (dummy for 2011), which are positive for urban and rural samples and hence, for the nation as a whole.




5.3. Urban and Rural Subsamples


The rationale for sample stratification by sector (urban vs. rural) is to see whether there are significant differences in the way various factors affect human capital in urban and rural areas. The hypothesis is that the urban–rural split may impinge upon the slope as well as the shift of the regression line with respect to each variable. As Table 2 shows, we find the education access variable has an impact on human capital that is significantly higher in the urban areas than in rural (see Table 2).



In the urban sample, if the average value of access (travel time to school) is reduced by one-half (0.17 h or 10 min), human capital increases by 1.16 units or 42% of the urban average. This impact is large and is statistically significant at the 1% level.



Likewise, in the rural sector, if the travel time is reduced by half to 1.22 h (73 min), the rural human capital is predicted to increase by 0.343 units or 15% of the rural average (2.33). This impact is significant at the 5% level. A big increase in access to schooling is required for a larger impact on human capital in rural areas. This is because the average time to reach a school in the rural areas is 146 min compared to the urban time of 20 min. If Nepal were to achieve equality in average travel time to school between the two sectors at the current urban average of 20 min, the rural human capital would increase by 0.59 units or by 25.45%.



The different results pertaining to the access and several other explanatory variables in the case of rural and urban samples have important implications for Nepal. Children from higher-income households tend to have lower dropout rates compared to those from poorer households. This naturally widens inequality in human capital accumulation. Human capital is also greater for households who have service-oriented occupations compared to those in agriculture or those who have unskilled manual jobs. The impact of most of the other control variables is similar in urban and rural samples, except that in the urban sector, the results are insignificant for some control variables (see Table 2). The results show that central, mid-western, and far western regions have, as expected, lower levels of human capital compared to the eastern region, whereas the western region has attained the highest level of human capital per capita.




5.4. Decomposition


A discussion of human capital’s relationship with socioeconomic factors leads us to take a closer look at how much those factors account for intersectoral or interregional differences in our human capital index (HCI). We present those results in Table 3. The top panel shows the predicted values of urban, rural, and national HCI at the corresponding means of the independent variables. The rural–urban difference (rural minus urban) in HCI is −0.3065 or 12.7% of the average HCI for the entire sample and is significant at the 1% level. The results of the Blinder–Oaxaca decomposition, also in Table 3, indicate relative proportions of the rural–urban gap in human capital that can be attributed to differences in the variable characteristics and differences in the variable parameters.



The negative and positive components, as explained and unexplained categories in Table 3, offset each other to a large extent. The net result is the unadjusted difference in human capital between rural and urban populations. As noted earlier, this difference equals −0.3065, which serves as the base for analyzing its decomposition. The explained component is the part of the outcome differential that is accounted for by rural–urban differences in the predictor variables or in their estimated parameters. The unexplained part can be attributed to the differences in unobserved variables (Jann 2008).



According to the results in Table 3, adjusting rural variables such as access to schooling to their levels in urban areas can eliminate the human capital gap by reducing the rural disadvantage by 0.1826, which will leave a negative gap of 0.1238 as unexplained. When adjusted by sectoral averages (“endowments”), the coefficients with a positive sign indicate a widening of the gap, while coefficients with a negative sign indicate a closing of the gap. Looking at the “explained” block of results in Table 3, most of the differences between rural and urban human capital relate to differences in socioeconomic and demographic characteristics, followed by a difference in geographic characteristics. The socioeconomic and demographic characteristics help to close the gap, whereas the geographic factor helps to widen the gap.



Of our particular interest is how much of the rural–urban difference in human capital is due to differences in access to schooling. The results indicate that access-to-school explains almost 0.0061, i.e., (0.0061/0.1826) = 3.34% of the human capital gap, and this factor actually helps to close the gap. Similar calculations show that differences in socioeconomic factors explain 0.1506 (or 82.47%) and the difference in demographic characteristics explain another 0.0504 (or 27.60%) of the human capital gap. These factors help to close the rural–urban gap, whereas the difference in geographic characteristics, which explains 0.0245 (13.41%), actually works to widen it. Broadly, our key result is that a reduction in the difference in access to schooling, socioeconomic characteristics, and demographic characteristics will significantly lower the human capital discrepancy between rural and urban populations.



Differences in the coefficients, as opposed to the variable averages, suggest that the socioeconomic, demographic, and geographic characteristics help offset the gap by 1.433. However, the access to schooling and the constant term lead to an increase in the rural–urban difference by 1.309, as the signs of the coefficients are positive. Overall, the differences in estimated parameters help to bring the rural and urban sectors together in human capital accumulation.



To sum up, our decomposition strategy indicates that despite its importance, access to schooling helps to close the gap in human capital by only 3.34%. In contrast, the socioeconomic and demographic variables account for the majority of the difference. Thus, in addition to educational and road infrastructures, improvements in social and institutional setup are also needed to nudge the rural economy toward parity with the urban economy. The efforts toward school expansion made around 1990 (Giri and Shrestha 2017) have contributed to lowering the inequality in human capital formation between villages and cities.



This paper contributes to the analysis of rural–urban dualism in a key component of development, that is, in the level of human capital. Access to education infrastructure can open the doors to other economic opportunities by making people more capable (Sen 1985). Sen argues that the ability to exercise options correlates with a more prosperous life in terms of three essential factors—knowledge, long and healthy life, and access to resources, all of which are needed for a decent standard of living to contribute to people’s wellbeing. Our emphasis on access to education and road infrastructure supports the capability argument for increased wellbeing. A renewed emphasis on schooling access and road infrastructure is likely to boost Nepal’s rural development further.



A reduction in travel time to school can be achieved in two ways: (i) build schools close to where people live, or (ii) build road infrastructure such that reaching a school is quicker. A universal agreement exists in the literature on the importance of education for people to improve their human capital. In a popular quote, Coleman (1988) argues “human capital is created by changes in persons that bring about skills and capabilities that make them able to act in new ways”. Education infrastructure facilitates those changes and makes the overall development of an individual easier. In Nepal, the government’s share of investment in education has been falling. A reversal of the policy on education infrastructure should go together with programs that are geared towards socioeconomic and demographic improvements.




5.5. Robustness Analysis


To check the robustness of our findings, we use instrumental variable regressions to re-estimate our parameters and to calculate the predicted rural–urban difference in human capital. After controlling for socioeconomic, demographic, and geographic factors, the impacts of access to schooling on human capital formation are still significant in IV-based regression models (both for the pooled sample and the urban and rural sub-samples). The direction of impacts in all three regression models is also the same. For instance, the partial impacts of access under OLS are −0.0047, −0.1162, and −0.0042, respectively, for the pooled, urban, and rural samples. Under our IV model, those effects are, respectively, −0.0047, −0.1184, and −0.0043. In both cases, all these impacts are statistically significant (see Table 2).3



We also find that the predicted differences in human capital formation are once again the same in the OLS and IV models and are highly significant, as indicated by Table 3 and Table 4. The same is true of the explanatory power of the two models. As the size and the direction of the impacts in all three models are similar, and the predicted differences in human capital are equal and statistically significant, our findings from the OLS model appear relatively robust.




5.6. Limitations and Further Research


One of the important determinants of human capital is the individual level of skill. An excellent robustness check would be to perform an analysis including such a variable in the model. The lack of skill data is a limitation of this paper. However, with better individual level data on hand, a potential extension for further research would be to follow Gould and Moav (2016) and estimate the wage equation to generate residuals that can be used as a proxy for individual skill in a human capital model. Additionally, this paper highlights one of the three commonly used approaches to calculate HCI. However, along with the outcome, cost, and income approaches, there are authors such as Graham and Webb (1979) who also point out the need to consider the depreciation of human capital in those models. Future research could explore this idea further.





6. Conclusions


With 80% of the national population, Nepal’s rural economy is afflicted with a large deficiency in human capital relative to its urban areas. We examine the supply side and demand side factors that account for the rural–urban difference in human capital based on large survey data. In particular, we focus on the role of education infrastructure as well as the socioeconomic characteristics of the sample households. Our empirical results suggest that access to schooling has a significant impact on the level of human capital, especially in the rural areas. This variable explains a modest portion of the rural–urban gap in human capital formation. A direct implication of this finding is that better access to schools in rural areas will help close this discrepancy. In terms of the size of the effects, the socioeconomic and demographic variables dominate. In particular, much of the difference between rural and urban human capital relates to household income and the occupation type of the household. These socioeconomic variables, together with demographic variables (age, sex, caste, current health status, and marital status), help to close the rural–urban gap in human capital. On the other hand, geographic characteristics examined along development regions and ecological zones, which were set up by a relatively autocratic political system over fifty years ago, actually magnify the rural disadvantage. Our results reinforce the claim that an improvement in schooling access and road infrastructure is necessary, particularly in the vast rural sector of Nepal, if human capital development is to provide a greater contribution to national welfare.
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Notes


	
1

	

A detailed description of this methodology and estimation techniques in STATA are provided in Jann (2008).






	
2

	

To maintain brevity, results for the first stage (with log of income as the endogenous variable) are presented only for the instrument (household labor hours), followed by appropriate test results.






	
3

	

In running the instrumental variable regressions, we performed the Durbin–Wu–Hausman (DWH) test of endogeneity using the ‘ivendog’ command in Stata, following Baum et al. (2003). The test results are reported at the bottom of Table 2. Based on the test results alone, we cannot reject the null hypothesis that the explanatory variables are exogenous. However, theory suggests that human capital and household income are simultaneously determined and are endogenous. To address this issue, we used household labor hours as an instrument for household income. Then, we tested the validity of the instrument by examining the F-statistic from the first stage regression (using the ‘estat firststage’ command in Stata), which are well above the threshold value of 10, suggesting that household labor hours are a valid instrument for household income. Because the instrument is valid, and the fact that we cannot deny the issue of endogeneity (at least theoretically), we report the instrumental variable estimation results as well.
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Table 1. Descriptive statistics.






Table 1. Descriptive statistics.





	Variable Name
	Definition of Variable
	Pooled
	Urban
	Rural





	h_capital
	Human capital stock of individuals age 20–60
	2.4111
	2.5991
	2.2926 ***



	access_sch
	Access: average time to primary and secondary schools
	2.0879
	0.2288
	2.4362 ***



	lninc
	Log of income
	11.6552
	12.4302
	11.5549 ***



	occ_farmer
	Occupation of the household head == Agriculture
	0.5295
	0.2149
	0.5644 ***



	occ_labor
	Occupation of the household head == Labor
	0.2309
	0.3269
	0.2199 ***



	age
	Age
	40.0232
	38.2899
	40.2711 ***



	age2
	Age × Age
	1708.787
	1564.643
	1729.75 ***



	sex
	Sex
	0.4604
	0.5098
	0.4696 ***



	married
	Married
	2.8486
	2.6919
	2.8659 ***



	excellent_SAH
	Excellent Health
	0.5241
	0.5766
	0.5183



	good_SAH
	Good Health
	0.4488
	0.4125
	0.4532



	privileged_caste
	Privileged Caste
	0.4436
	0.7448
	0.4216 ***



	indigenous_caste
	Indigenous Caste
	0.3207
	0.1053
	0.3606 ***



	central
	Central Region
	0.3426
	0.6699
	0.3245 ***



	western
	Western Region
	0.1884
	0.0984
	0.2137 ***



	mid_western
	Mid-Western Region
	0.1149
	0.0411
	0.1329 ***



	far_western
	Far Western Region
	0.0717
	0.0249
	0.0829 ***



	hills
	Hill Belt
	0.5179
	0.7032
	0.5309



	mountain
	Mountain Belt
	0.0955
	0.0171
	0.1126



	time
	Year 2004 = 1, Year 2011 = 2
	1.5794
	1.6547
	1.5667







Source: Calculated by authors; Standard Errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 2. Regression outcomes—pooled, urban, and rural samples.






Table 2. Regression outcomes—pooled, urban, and rural samples.





	

	
OLS-Estimates

	
IV-Estimates




	
Variables

	
Pooled

	
Urban

	
Rural

	
Pooled

	
Urban

	
Rural






	
Access

	
−0.0047 **

	
−0.1162 ***

	
−0.0042 **

	
−0.0047 **

	
−0.1184 ***

	
−0.0043 *




	
Log of Income

	
0.1026 ***

	
0.1510 ***

	
0.1107 ***

	
0.0978 ***

	
0.0658

	
0.0977 **




	
Occupation of Head == Agriculture

	
−0.5038 ***

	
−0.3241 ***

	
−0.5036 ***

	
−0.5071 ***

	
−0.3600 ***

	
−0.5125 ***




	
Occupation of Head == Labor

	
−0.5144 ***

	
−0.4556 ***

	
−0.5325 ***

	
−0.5173 ***

	
−0.4885 ***

	
−0.5403 ***




	
Age

	
−0.0163 **

	
0.0088

	
−0.0238 ***

	
−0.0162 **

	
0.0150

	
−0.0236 ***




	
Age × Age

	
−0.00009

	
−0.0002

	
0.0002

	
0.00009

	
−0.0002

	
0.0002




	
Sex

	
0.1839 ***

	
0.1718 **

	
0.2155 ***

	
0.1829 ***

	
0.1639 *

	
0.2129 ***




	
Married

	
−0.0567 **

	
−0.0772

	
−0.0629 **

	
−0.0563 **

	
−0.0657

	
−0.0621 **




	
Excellent Health

	
0.1852 **

	
0.2507

	
0.1789 **

	
0.1872 **

	
0.2529

	
0.1852 **




	
Good Health

	
0.1436 *

	
0.2003

	
0.1422 *

	
0.1451 *

	
0.1923

	
0.1469 *




	
Privileged Caste

	
0.3192 ***

	
0.3468 ***

	
0.2916 ***

	
0.3211 ***

	
0.3951 ***

	
0.2963 ***




	
Indigenous Caste

	
−0.0425

	
−0.0186

	
−0.0558 *

	
−0.0416

	
0.0168

	
−0.0535 *




	
Central Region

	
−0.0904 ***

	
0.0342

	
−0.1366 ***

	
−0.0898 ***

	
0.0588

	
−0.1357 ***




	
Western Region

	
0.0041

	
0.0625

	
0.0042

	
0.0045

	
0.0832

	
0.0052




	
Mid-Western Region

	
−0.1357 ***

	
−0.0622

	
−0.1409 ***

	
−0.1361 ***

	
−0.0481

	
−0.1424 ***




	
Far Western Region

	
−0.0975 **

	
0.1178

	
−0.1072 ***

	
−0.0976 **

	
0.1325

	
−0.1076 ***




	
Hill Belt

	
−0.1215 ***

	
−0.1281

	
−0.1339 ***

	
−0.1219 ***

	
−0.1289

	
−0.1352 ***




	
Mountain Belt

	
−0.1533 ***

	
0.1151

	
−0.1463

	
−0.1543 ***

	
0.1085

	
−0.1489 ***




	
Time

	
−0.0654 ***

	
−0.0842

	
−0.0673 ***

	
−0.0609

	
−0.0029

	
−0.0555




	
Constant

	
1.8761 ***

	
0.7058

	
1.9884 ***

	
1.9202 ***

	
1.3934

	
2.1094 ***




	
Observations

	
4423

	
528

	
3709

	
4423

	
528

	
3709




	
R2

	
0.3069

	
0.3060

	
0.3092

	
0.3069

	
0.2922

	
0.3089




	
First Stage coefficient2 on the instrument (household labor hours)

	
0.5001 ***

	
0.3974 ***

	
0.5842 ***




	
First Stage F-Statistic

	
97.55

	
11.52

	
81.61




	
Durbin–Wu–Hausman Chi-sq Statistic

	
0.0171

	
0.3232

	
0.1053








Source: Calculated by authors; Standard Errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 3. Blinder–Oaxaca decomposition of differences in human capital between rural and urban using OLS regression.






Table 3. Blinder–Oaxaca decomposition of differences in human capital between rural and urban using OLS regression.





	
Variables

	
Coeff.

	
Rob. SE

	
95% CI

	
Coeff.

	
Rob. SE

	
95% CI






	
Group_1 (Rural)

	
2.2926

	
0.0111

	
2.2708

	
2.3144

	

	

	

	




	
Group_2 (Urban)

	
2.5991

	
0.0293

	
2.5418

	
2.6565

	

	

	

	




	
Difference (rural–urban)

	
−0.3065 ***

	
0.0319

	
−0.3691

	
−0.2439

	

	

	

	




	
Explained

	
−0.1826

	

	

	

	




	
Unexplained

	
−0.1238

	

	

	

	




	

	
Explained

	
Unexplained




	
Access

	
−0.0061

	
0.0027

	
−0.0113

	
−0.0009

	
0.0267

	
0.0184

	
−0.0094

	
0.0628




	
Socioeconomic Characteristics

	
−0.1506

	
0.0168

	
−0.1835

	
−0.1177

	
−0.5494

	
0.5226

	
−1.5736

	
0.4748




	
Demographic Characteristics

	
−0.0504

	
0.0090

	
−0.0682

	
−0.0327

	
−0.7876

	
0.6173

	
−1.9974

	
0.4222




	
Geographic Characteristics

	
0.0245

	
0.0092

	
0.0065

	
0.0425

	
−0.0963

	
0.1353

	
−0.3614

	
0.1689




	
Constant

	

	

	

	

	
1.2827

	
0.8398

	
−0.3633

	
2.9287








Description of Variables. Access: Measured in terms of the average travel time to primary and secondary schools. Socioeconomic Characteristics: Income and Occupation. Demographic Characteristics: Age, Age x Age, Sex, Caste, Health Status, and Marital status. Geographic Characteristics: Development reasons such as Eastern, Western, Mid-Western, Far Western; and the ecological regions such as Hill, Mountain, and Terai. Source-Calculated by authors. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 4. Blinder–Oaxaca Decomposition of Differences in Human Capital between Rural and Urban using IV Regression.






Table 4. Blinder–Oaxaca Decomposition of Differences in Human Capital between Rural and Urban using IV Regression.





	
Variables

	
Coeff.

	
Rob. SE

	
95% CI

	
Coeff.

	
Rob. SE

	
95% CI






	
Group_1 (Rural)

	
2.2926

	
0.0111

	
2.2708

	
2.3144

	

	

	

	




	
Group_2 (Urban)

	
2.5991

	
0.0293

	
2.5418

	
2.6565

	

	

	

	




	
Difference (rural–urban)

	
−0.3065 ***

	
0.0319

	
−0.3691

	
−0.2439

	

	

	

	




	
Explained

	
−0.1609

	

	

	

	




	
Unexplained

	
−0.1456

	

	

	

	




	

	
Explained

	
Unexplained




	
Access

	
−0.0072

	
0.0027

	
−0.0125

	
−0.0018

	
0.0285

	
0.0147

	
−0.0003

	
0.0574




	
Socioeconomic Characteristics

	
−0.1103

	
0.0154

	
−0.1405

	
−0.0800

	
1.1314

	
0.4435

	
0.2621

	
2.0007




	
Demographic Characteristics

	
−0.0589

	
0.0090

	
−0.0766

	
−0.0413

	
−1.1474

	
0.6414

	
−2.4045

	
0.1097




	
Geographic Characteristics

	
0.0155

	
0.0090

	
0.0022

	
0.0331

	
−0.3437

	
0.1409

	
−0.6198

	
−0.0676




	
Constant

	

	

	

	

	
0.1855

	
0.7298

	
−1.2448

	
1.6159








Description of Variables. Access: Measured in terms of the average travel time to primary and secondary schools. Socioeconomic Characteristics: Income and Occupation. Demographic Characteristics: Age, Age x Age, Sex, Caste, Health Status, and Marital status. Geographic Characteristics: Development reasons such as Eastern, Western, Mid-Western, Far Western; and the ecological regions such as Hill, Mountain, and Terai. Source-Calculated by authors. * p < 0.10, ** p < 0.05, *** p < 0.01.
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