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Abstract

The importance of infrastructure in economic development has been increasingly recognized
by governments, development institutions, and the research community. Despite a sizable
literature on its efficiency and growth effects, the distributive impacts of infrastructure have
been largely overlooked, with a few recent exceptions. This is regrettable, particularly given
the overwhelming concern about inequality and inclusive growth all over the world. This
paper will: (i) demonstrate the deficiency of conventional approaches to modelling inequality;
(i) extend the Mincer earnings function so that both growth and distributive effects of
infrastructure can be evaluated; and (iii) fit the extended model to a large sample of
individual-level data from rural People’s Republic of China (PRC) over the period of 1989—
2011, providing estimates of growth and the distributive impacts of specific physical
infrastructures—telephone, tap water and electricity. All these infrastructures are found to
promote rural income growth, helping narrow the rural-urban gap, which is the dominant
component of the PRC's overall inequality. Further, the poor are found to gain more than the
rich, implying benign distributive effects of these infrastructures. In addition, males, the more
experienced, the better educated, and to some extent the married benefited more than their
counterparts, especially from telephones. Finally, some of these subpopulation effects have
become more significant in recent years and are larger in central PRC, possibly because
infrastructure helps open up more opportunities for those with better education or more
experience. The empirical results are robust to different definitions of the experience
variable, consideration of the mortality selection bias, reconstruction of the telephone data,
and possible reverse causality.

JEL Classification: D31, H52, H54
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1. INTRODUCTION

It has been established that infrastructure is an important and essential force driving
productivity improvement and economic growth (Gramlich 1994). According to the
World Bank (1994), infrastructure provides access to basic services, facilitates
human/physical capital accumulation, promotes trade via linkages to markets, lowers
production/transaction costs, and helps improve the environment. Moreover,
infrastructure investment is known to directly generate jobs and may lead to inflows of
investment to lagging areas, potentially producing beneficial distributive effects. In
developing countries, connectivity infrastructure, such as roads and communication,
facilitates migration and the emergence of rural non-farm activities. Both are important
for bridging the rural-urban disparity that prevails in many economies (Shorrocks and
Wan 2005).

While the literature on the growth effects of infrastructure is sizable and increasing,
there is a shortage of research work on its distributive or inequality effects. This is
regrettable as rising inequality has become a major socioeconomic issue in developing,
emerging, as well as developed countries. If market forces do lead to rising inequality,
as argued by Piketty (2014), government interventions become inevitable. Piketty
(2014) suggests the imposition of taxes to help raise public revenue. But equally or
more important is public spending. And fast-growing economies spend a significant
proportion of government budget on infrastructure. Even industrialized countries are
confronted with infrastructure upgrading. * Clearly, the distributive impacts of
infrastructure provision or spending, largely unaddressed in the literature with a few
exceptions (see Section 2), can no longer be overlooked, particularly given the pursuit
of inclusive growth by more and more institutions and governments all over the world.

The People’s Republic of China (PRC) offers a natural setting to shed light on the
distributive impacts of infrastructure. The PRC’s investment-driven growth model has
been accompanied by huge investment into infrastructure. At the onset of economic
reform that began in late 1978, infrastructure investment only accounted for 5.44% of
gross domestic product (GDP). This percentage more than tripled, reaching 18.19% in
2010. Note that this tripling was accompanied by fast growth in GDP at an annual rate
of almost 10% throughout this period. As a consequence, rural infrastructure saw
significant improvement. For example, the amount of investment in rural hydropower
construction in 2010 was 12 times that in 1990. Rural consumption of electricity
increased from almost zero in 1953 to 663 billion kilowatts in 2010. By then, 99% of
villages in the PRC had gained access to electricity and more than 98% of households
in the villages had gained access to electricity. In terms of telecommunications, the
number of landline telephone subscribers rose from 1.47 million in 1990 to 97.8 million
in 2010 in rural PRC.?

Meanwhile, worsening income distribution has been ranked among the top three most
serious socioeconomic and policy issues for decades in the PRC (Wan 2007, 2008a,
2008b; Wang, Wan, and Yang 2014). As Figure 1 illustrates, the overall regional
inequality measured by the Theil index rose from a low level of less than 0.04 in 1983
to an alarmingly high 0.18 in 2009, almost quadrupling within a short period of two and
half decades. Worse still, inequality within rural PRC increased faster than its urban
counterpart. The much steeper slope of the overall inequality curve than either of the

! Further, up to 70% of lending by multilateral development banks such as the World Bank and Asian
Development Bank is in infrastructure, let alone the forthcoming Asian Infrastructure Investment Bank.

Z Data in this paragraph is from the National Bureau of Statistics of China (accessed 7 March 2015).
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other two curves implies large and growing urban—rural gaps. This contrasts with the
fact that the PRC’s massive infrastructure investment aims at narrowing down regional
as well as urban—rural gaps. It is thus important to analytically explore the distributive
impacts of infrastructure.

Figure 1: Regional Inequality in the People’s Republic of China: Theil Index
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Source: Estimation based on group income data from the National Bureau of Statistics of China (various
years).

This paper represents one of the first efforts to analyze the distributive impacts of the
specific infrastructures of electricity (with electric lights as a proxy), tap water, and
telecommunications (with possession of a phone as a proxy) in rural PRC. Due to data
unavailability, transportation could not be included. Unlike the majority of previous
studies that focus on efficiency effects and also rely on highly aggregated data, this
paper will employ disaggregated data. Disaggregation here means using observations
at the individual level and using specific physical indicators of infrastructure. The
problem associated with aggregated data at the country, province, or community level
is well known and does not require elaboration. Preference for using specific physical
indicators rather than monetary indicators of infrastructure is discussed by Straub
(2008). Finally, actual access or use of these specific infrastructures is separately
modeled, although they are expressed as binary variables. This avoids the difficulty in
distinguishing between the issues of availability, accessibility, and affordability.

Another contribution of this paper is to point out the deficiency of the conventional
approach to modeling inequality, including those estimating the Kuznets curve or
testing the Kuznets hypothesis. Consequently, as discussed later in the paper, the few
studies that did explore the distributive effects of infrastructure may be misleading.
Alternative analytical approaches are called for and one of them is proposed in Section
3 of this paper.

Applying the proposed simple but appropriate approach to a large set of panel data
compiled from the China Health and Nutrition Survey database (CHNS), we find that
rural telephone, tap water, and lighting/electricity infrastructures help improve per
capita rural income in general. This general impact must have helped contain the
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PRC'’s inequality rise because the rural-urban gap constitutes a dominant component
of the overall income distribution (Wan 2007). More importantly, the relatively poor are
found to benefit more, demonstrating that rural infrastructure can improve within-rural
income inequality. This equalizing impact became more significant in later years.
Further, males, the more educated, and the more experienced gain more than their
counterparts from all three rural infrastructures, particularly from telephones. Finally,
the distributive impacts are more significant in central PRC.

The structure of the paper is as follows. A brief literature review is provided in the
following section. This is followed by proposing a simple analytical framework to gauge
the distributive effects of infrastructure in Section 3, where we also briefly show the
deficiency of the conventional approach to inequality modeling. Section 4 presents
empirical results and discussions. Section 5 conducts robustness checks. Finally,
Section 6 concludes.

2. A BRIEF LITERATURE REVIEW

The economic literature on infrastructure began with research efforts to explain the
positive correlation between the development of infrastructure, such as railroads, and
rapid economic growth in the early days of industrial economies, including Western
Europe, Japan, and the United States (Banerjee, Duflo, and Qian 2012). More recently,
there is an increasing recognition that infrastructure plays an important role in
promoting growth and poverty reduction in less developed countries (Gramlich 1994).

The majority of existing studies have focused on the efficiency or growth effects of
public expenditure on infrastructure (Gramlich 1994). For example, the pioneering work
of Aschauer (1989) concluded that non-military public capital stock, particularly
transport and water infrastructure, is more important than military spending in
explaining productivity change in post-war US. Barro (1990) was among the first to
introduce public expenditure into economic growth models and argued that public
expenditure, represented by infrastructure, can induce endogenous growth.

Like Aschauer (1989), Easterly and Rebelo (1993) and, more recently, Canning and
Pedroni (2004) have focused on productivity impacts, finding evidence of long-run
positive effects of public investment in infrastructure. Using data from European Union
(EU) countries, Bougheas, Demetriades, and Morgenroth (1999) found a positive
correlation between the level of infrastructure and the volume of trade, implying that
infrastructure helps reduce trade costs. Using Geographic Information System (GIS)
data, Atack et al. (2010) discovered that infrastructure investment in the 18th century
helped promote urbanization in West and Central America. Urbanization in turn brought
about economic growth. Through theoretical and empirical analyses, Du, Wei, and Xie
(2013) demonstrated the enhancement effect of infrastructure on competition and
price, and therefore on the real exchange rate.

These productivity or economic growth effects were confirmed for specific
infrastructures, including telecommunications in the US and other industrial countries
(Cronin et al. 1991; Roller and Waverman 2001); highways, water supply, and
sewerage in the US (Morrison and Schwartz 1996); and transportation in Organisation
for Economic Co-operation and Development (OECD) and non-OECD economies
(Canning 1999; Demetriades and Mamuneas 2000).

Turning to developing countries, apart from analytical studies by Binswanger,
Khandker, and Rosenzweig (1993) and Hulten, Bennathan, and Srinivasan (2006) on
India, and Banerjee, Duflo, and Qian (2012) on the PRC, a consensus seems to have
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emerged in the business, policy, and even academic communities that the slower
growth in India compared to the PRC can be largely attributed to its poorer
infrastructure. For a general discussion on the detrimental growth effects of poor
infrastructure in developing countries, see Moccero (2008).

Another strand of literature directly estimates the poverty impacts of infrastructure.
Gibson and Rozelle (2003) found that in rural Papua New Guinea, regions further away
from major roads had more severe poverty. Dercon (2005) argued that lack of access
to infrastructure prevents households from moving out of poverty. However, these
poverty impacts can be easily deduced from the positive growth impacts of
infrastructure, holding inequality constant. Thus, poverty reduction alone does not
necessarily mean improvement in income distribution. For example, remarkable growth
and poverty reduction have occurred in the PRC since the late 1970s, but inequality
emerged as a major socioeconomic problem in the 1990s, becoming even more
serious over time.

In contrast to the sizable and growing literature on the growth effects of infrastructure,
research output on the distributive or inequality effects are scarce and problematic (see
Section 3). To our knowledge, only three studies have examined such distributive
impacts. Relying on cross-country regressions, Calder6on and Chong (2004) and
Calderén and Serven (2014) found that income inequality (as measured by the Gini
coefficient) was negatively associated with increased availability and quality of
infrastructure. In another paper, Banerjee et al. (2012) explored the relationship
between transportation infrastructure and the income Gini at the county level in the
PRC. Contrary to Calder6n and Chong (2004) and Calderén and Serven (2014), they
discovered that access to infrastructure caused rises in inequality. As the following
section shows, existing attempts to directly model inequality, including those testing the
Kuznets hypothesis, are likely to suffer from serious specification and estimation
biases.

3. ANALYTICAL FRAMEWORK AND DATA

One of the conventional methods to estimate the growth or efficiency impacts of
infrastructure is through production function modeling, where infrastructure is included
in addition to the usual input variables such as capital and labor. This is clearly
inappropriate when individual data is used either because of unavailability of capital or
due to the fact that labor input is difficult to measure at the individual level. A natural
alternative is to utilize the Mincer earnings function, augmented with infrastructure
variables. Let i index individuals and t index years, and our baseline model can be
specified as:

Vie = Ln(Ince) = yo + v1Schie + v2Expie + vaInfie + vaXie + ¢ + @¢ + uie (1)

where Inc denotes personal disposable income, Sch denotes years of schooling, Exp =
Max (0, Age — Sch — 7) denotes experience, Inf denotes infrastructure, X denotes
control variables, ¢ denotes individual fixed effect, ¢ denotes year effect and u denotes
the error term. In this paper, infrastructure variables take a value of 0 or 1, only (1 with
infrastructure and 0 without).

y3 measures the impact of infrastructure on personal disposable income for the
treatment group. To illustrate, we define w;; as:

Wit = Vit — Y1Schie — V2 Expir — V4Xi,t (2)



ADBI Working Paper 540 Wan and Zhang

Clearly, w;; represents the personal disposable income determined by infrastructure,
the unobservable provincial fixed effect, and the time fixed effect, with the effects of
other variables purged.

Now, consider two persons, A and B. In period 1, both are without infrastructure (Inf =
0). In period 2, B is equipped with infrastructure (Inf = 1), while A is not (Inf = 0). Then,
the differences over time for A and B are respectively:

Dy = E(waz) — E(wa1) = @2 — ¢4 3
Dp = E(wpy) — E(wp1) =v3 + @2 — ¢ 4)

It is clear that y; is equivalent to the difference-in-difference estimator of infrastructure’s
effect on income—that is, Dy — D,.

Model (1) can be used to assess the impact of infrastructure on income in general. To
explore the topical question of who gains more from which infrastructure, interactive
variables can be included. When Ln(Inc;_1) x Inf is added, its coefficient captures the
income impact of infrastructure on the relatively poor versus the relatively rich. A
negative coefficient indicates that those who were poorer previously, gain more. By the
same token, Sch x Inf can be added to explore whether the better-educated gain more
or less. In this paper, we also consider the gender, working experience, and marriage
effects of infrastructure. It is noted that when an interactive variable such as Ln(Inc;;_4)
x Inf is added, it is customary to have the individual variables—for instance,
Ln(Inci—,) and Inf—included in the model as well. In particular, the inclusion of the
lagged income variable helps accommodate serial autocorrelation, typically inherent in
the income variable. Its coefficient signifies convergence (inequality reducing) or
divergence (inequality increasing). This differs from the conventional model of
convergence or catch-up where income in the initial year rather than the previous year
is used. Inclusion of the initial income in the model would make fixed effects estimation
impossible.

Our approach differs from the direct modeling of inequality adopted by Calderén and
Chong (2004), Calderén and Serven (2014) and Banerjee, Duflo, and Qian (2012). In
their papers, the inequality indicator of the Gini coefficient (Gini) is regressed on
infrastructure with coefficient a; plus control variables X with coefficients '—that is:

Gini = ag + ;E(Inf) + X'T + v, (5)

where E(Inf) represents the average infrastructure of a country or county. However,
model (5) is likely to produce misleading results. To illustrate this, we simplify (1) as:

Y =Inc =By + BiInf +Z'A+ u, (6)

where Z denotes all K control variables with coefficients A = {5, }. Then the “true” Gini
index of Inc can be derived as (see Wan [2004]):

Gini(Y) = Xk 6k E(Zy) /E(Y) Con(Zy) + B1 E(Inf)/E(Y) Con(Inf) (V)

where E is the expectation operator and Con denotes the concentration coefficient,
which can be computed using:

Con(Z,,) = —2Cov (Zk JE(Z), (1 - F(Y))), 8)

where F denotes the cumulative distribution function of Y. Note that Con(Z,) does not
change when E(Z;) changes.

The “true” marginal impact of E(Inf) on the Gini can be easily derived from (7):
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Marginal distributive impact = [B1E(Y) — BZE(Inf)]Con(Inf)/E?*(Y) (9)

It is beyond the scope of this paper to provide the proof, but the “true” distributive effect
given by (9) clearly differs from a,, which represents the estimated distributive effect of
infrastructure under the conventional approach used by Calder6n and Serven (2014)
and others.

Although our proposed approach does not generate direct estimates of the impact of
infrastructure on inequality indicators like the Gini, it does provide insights regarding
which subpopulation groups gain more from infrastructure. To properly identify and
directly estimate the infrastructure impacts on an inequality index, the inequality
accounting framework of Wan (2004) can be considered.

To empirically estimate model (1) with additional interactive variables, data are
compiled from the CHNS, a longitudinal household survey conducted by the Carolina
Population Center of the University of North Carolina and the National Institute of Food
Safety of the Chinese Center for Disease Control and Prevention. It is carried out by
relevant city/county anti-epidemic stations under the provincial Food Inspection
Services. Although the CHNS is designed to collect information on health, nutrition, and
family planning, it does contain detailed income and infrastructure data that can be
used to address the topical question.

The survey covers the years 1989, 1991, 1993, 1997, 2000, 2004, 2006, 2009, and
2011. For each year, approximately 4,400 households in nine provinces were
surveyed, involving interviews with some 16,000 individuals. The provinces are
Liaoning, Heilongjiang, Jiangsu, Shandong, Henan, Hubei, Hunan, Guangxi, and
Guizhou, mostly in Eastern or East-Central PRC. Households from Heilongjiang have
been added since 1997, and those from Liaoning were not surveyed in 1997. A
multistage, random clustering design is adopted to draw samples. Within each
province, counties are stratified by income (low, medium, and high) and a weighted
sampling scheme is used to select four counties in each province.

In this paper, we focus on individuals who were over 18 years old in the survey year
and resided in rural areas. We did not exclude the old-aged who usually work as long
as their health permits. This may lead to mortality selection bias, which will be dealt
with later in the paper when conducting the robustness check. Income observations are
deflated or inflated with 2009 as the base year. Infrastructure is measured as a binary
variable in terms of actual use or consumption:

1. Whether he/she uses a telephone(s)
2. Whether he/she consumes tap water
3. Whether he/she can use (electric) lights

Table 1 provides definitions of major variables and Table 2 tabulates their summary
statistics. Referring to the last two rows of Panel A of Table 2, the sample sizes are
quite large, no less than 270,000. We limit our study to rural areas, resulting in only
48,024 observations. When matched with other variables, the number of observations
used for model estimations will be smaller. One may notice the maximum value of
94.67 for the experience variable. This is rather large and will be dealt with later in the
paper when conducting the robustness check.
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Table 1: Variable Definitions

Wan and Zhang

Variable

Definition

Ln(Inc)

Telephone
Tap water

Light
Sch
Exp
Exp”

Gender

Marry
East
Mid

Log value of personal income
Dummy=1 with telephone
Dummy=1 with tap water
Dummy=1 with electric lights
Years of schooling

Years of experience, estimated as max(0, age- School-7)

The squared value of experience

Dummy=1 if the individual is male

Dummy=1 if the individual is married

Dummy=1 if the individual resides in eastern PRC
Dummy=1 if the individual resides in central PRC

PRC = People’s Republic of China.

Source: Authors’ compilation based on CHNS.

The bottom half of Table 2 presents the summary statistics of the infrastructure
variables. Access to electric lights is high, increasing from almost 90% in 1989 to 99
percent in 2011. Such a high access rate implies that its impacts might be hard to
identify and estimate, particularly in the later years. Access to tap water reached 81
percent in 2011, from a low level of 36% in 1989. The least accessible or consumed
infrastructure is telephone. The survey did not cover this variable until 1997,
presumably due to negligible presence of private phones in rural PRC before then.
Also, there seem to be some problems with this variable as the rate of access reached
62 percent in 2004 and then declined. This data issue will be handled later in the paper
by dropping those individuals who lost phone access.

Table 2: Summary Statistics

Panel A. Data Description

Variable N Mean Std. Dev. Min Max
Ln(Inc) 48024 8.396 1.271 0.271 13.434
Ln(Inc.) 38846 8.237 1.224 0.271 13.434
Telephone 66554 0.490 0.500 0 1
Tap water 90169 0.623 0.485 0 1
Light 90062 0.979 0.142 0 1
Sch 60176 6.330 4.073 0 18
Exp 92657 20.434 21.006 0 94.67
Gender 62833 0.490 0.500 0 1
Marry 65461 0.757 0.429 0 1
East 92657 0.311 0.463 0 1
Mid 92657 0.412 0.492 0 1

Panel B. Infrastructure Improvement
Variables 1989 1991 1993 1997 2000 2004 2006 2009 2011
Telephone=1 1575 3516 6094 7287 6083 7367
Telephone=0 6407 5588 3663 4930 6761 7283
Telephone 19.73 3862 6246 5965 47.36 50.29
accessibility (%)
Tap Water=1 2827 3620 3867 4534 5556 6213 8371 9427 11792
Tap Water=0 4936 4571 3801 3486 3581 3564 3831 3342 2850
Tap Water 36.42 4419 5043 5653 60.81 63.55 68.60 73.83 80.54
accessibility (%)
Light=1 6933 7719 7530 7952 9006 9744 12140 12706 14481
Light=0 820 476 132 67 87 25 46 37 161
Light 89.42 9419 98.28 99.16 99.04 99.74 99.62 99.71  98.90

accessibility (%)

Source: Author’s estimation based on CHNS data.
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4. EMPIRICAL RESULTS AND DISCUSSIONS
4.1 Baseline Model

The baseline model of (1) is estimated using OLS with fixed effects and the standard
errors clustered at the household level. Table 3 reports the estimation results. Broadly
speaking, most of the estimated parameters have the expected signs, although the
schooling variable is not significant in any of the equations. Also, lights are negatively
correlated with income, but the parameters are not significantly different from 0. The
insignificance does not necessarily mean that electricity is unimportant. As mentioned
earlier, the electricity/lighting impact is hard to identify or estimate given the rather
small variation in the observations. In any case, having access to tap water and
telephone can significantly increase the income of rural laborers, averaging about 3—-4
percentage points.

Because the rural-urban gap accounts for 70% or more of the total inequality in the
PRC (Wan 2007) and the rural average income is one-third or less of the urban
counterpart, the general positive income effects imply that infrastructure investment in
rural PRC had played a role in helping contain the worsening income distribution in the
PRC. In other words, without these investments, the PRC’s alarming inequality could
be worse. Nevertheless, this finding cannot be used to answer the topical question of
who gained more from infrastructural development, an issue to be addressed in
Section 4.2.

It is interesting to note that a return to working experience is estimated to be around 7
percent when evaluated at its sample mean of 20.4 years (see Table 2). This is higher
than the estimated return to schooling. The larger-than-expected estimate may be
caused by the omitted variable bias in model (1). For example, returns to schooling and
experience may be conditional on infrastructure, which requires inclusion of interactive
variables in the model. This problem will be dealt with in the next subsection.

Table 3: Baseline Estimation Results: General Effect of Infrastructure on Income

Telephone Tap water Light
0.0365* 0.0377* 0.0425** 0.0427** -0.00154 -0.00387
Inf (0.0215) (0.0215) (0.0197) (0.0198) (0.0483) (0.0483)
0.0684 0.0652 0.0751 0.0726 0.0780 0.0756
Sch (0.0457) (0.0434) (0.0502) (0.0484) (0.0524) (0.0506)
0.0817* 0.0788* 0.100** 0.0967** 0.103** 0.1000**
Exp (0.0452) (0.0429) (0.0499) (0.0480) (0.0521) (0.0503)
, -0.000540***  -0.000545***  -0.000749***  -0.000733**  -0.000751***  -0.000736***
Exp (6.12e-05) (6.34e-05) (4.32e-05) (4.50e-05) (4.32e-05) (4.50e-05)
Control variables No Yes No Yes No

Individual effect Yes Yes Yes Yes Yes
Time effect Yes Yes Yes Yes Yes
Observations 30,090 29,885 45,757 45,500 45,718 45,460
R-squared 0.167 0.168 0.183 0.184 0.183

Note: 1) Robust standard errors in parentheses, clustered at the household level.
2) **p<0.01, *p<0.05 *p<0.1.

Source: Authors’ estimations based on CHNS data.

10
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4.2 Distributive Impacts for Population Subgroups

As discussed earlier, the model to be used to assess the convergence or divergence
impact of infrastructure can be expressed as (disturbance term suppressed):

Ln(Inc;) = 6y + 6;Ln(Inc;;—1) + 6,Ln(Incji—1) X Inf + O3Inf + Controls (10)

where 6, > 0 implies that the relatively rich benefit more from infrastructure, while 6, <
0 represents the opposite.

There are two issues with the model in equation (10). One is omitted relevant variable
bias. People become richer probably because infrastructure enhanced the potential
earning power of those with better education or more work experience. This will result
in bias in estimation. One way to alleviate this problem is to control as many individual-
specific variables as possible, such as schooling, experience, gender, marriage, and
their interactions with infrastructure.

Another problem is the presence of endogeneity since (10) is a dynamic panel model
with fixed effects. Therefore, we employ system GMM of Blundell and Bond (1998) to
estimate (10). The lagged income variable and its interaction with infrastructure are set
to be endogenous (GMM-style) variables. The lag length is chosen when second-order
autocorrelation disappears. It is also important to ensure that the model is not over
identified, which can be formally tested by the Hansen statistics (p-value > 0.10).

Panel A of Table 4 reports the estimation results. Contrasting with Table 3, the models
fit the data better in terms of both signs of parameter estimates and level of
significance, even for the light or electricity equation. However, the light or electricity
model remains less reliable. For example, the estimated coefficient of AR(1) in the
electricity model exceeds unity. In any case, the estimated rate of return to schooling is
4-5%, systematically lower than the counterparts in Table 3, indicating possible biases
caused by endogeneity in equation (1). More importantly, as the 6, parameter is
significantly negative in all equations, it can be inferred again that the relatively poorer
gained more from all the three basic infrastructures. One implication is that
infrastructure as a public good can be used as a policy tool for combating inequality,
not just for promoting growth.

11
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Table 4: Distributive Impacts of Infrastructure

Panel A: Regression

Telephone Tap water Light
0.642*** 0.538** 0.695* 0.734* 6.765* 5.603*
Ln(Inc,.) (0.226) (0.227) (0.401) (0.408) (3.975) (2.892)
-0.644*** -0.559%** -0.679* -0.725* -6.798* -5.649**
Ln(Inceq)*Inf (0.205) (0.204) (0.369) (0.375) (3.957) (2.879)
5.670*** 4,941+ 5.695* 6.081** 53.67* 44.62**
Inf (1.721) (1.721) (2.990) (3.040) (31.10) (22.62)
0.0497*** 0.0446*** 0.0492*** 0.04171*** 0.0666*** 0.0576***
Sch (0.00690) (0.00634) (0.00844) (0.00706) (0.00375) (0.00352)
0.000935 0.00322 0.0199*** 0.0178*** 0.0247*** 0.0231***
Exp (0.00576) (0.00556) (0.00661) (0.00585) (0.00494) (0.00393)
) -5.57e-05 -0.000109  -0.000339***  -0.000324***  -0.000378*** -0.000378***
Exp (8.61e-05)  (8.47e-05) (9.41e-05) (8.72e-05) (7.79e-05) (6.20e-05)
Control variables No Yes No Yes No Yes
Time effect Yes Yes Yes Yes Yes Yes
AR(1)-p 0.000 0.000 0.000 0.000 0.000 0.000
AR(2)-p 0.132 0.220 0.120 0.112 0.105 0.067
Hansen-p 0.109 0.125 0.900 0.903 0.220 0.504
Observations 20,259 20,121 29,346 29,174 29,325 29,152
Panel B: Infrastructure’s Effect on Income
Infrastructure Mean Ln(Inc,) without the infrastructure Income effect
Telephone 8.162 37.84%
Tap Water 7.922 33.76%

Note: 1) Robust standard errors in parentheses, clustered at household level.
2)**p<0.01, *p<0.05*p<0.1.
3) Income Effect = 6,Ln(Inc;_,) + 05.

Source: Author’s estimation based on CHNS data.

According to equation (10), the log-income difference between those with and without
infrastructure is simply 6,Ln(Inc;;_1) + 63. These differences are evaluated at the
average log-income of those without the infrastructure, so the computed differences
exactly represent the impacts generated by the presence of infrastructure. Panel B in
Table 4 reports the impacts.® Clearly, they differ across infrastructure. Telephone
contributes slightly more to income growth than tap water (for instance, 37.84% >
33.76%). This is not surprising as telephones provide market and employment
information to rural households, opening up more opportunities. On the other hand, the
impact of tap water is more indirect and gradual, largely reflected in the health status.

Now, let us add additional interactive variables into the model, examining the possible
differences in the impacts of infrastructure for population subgroups classified by
schooling, gender, marital status, and experience. Taking schooling as an example, the
model to be estimated can be written as

Ln(Incy) = yo + y1Sch X Inf + Controls (12)

In model (11), y; > 0 means the better-educated benefit more from infrastructure

% Given that the light/electricity model is less unreliable, this evaluation will only be done for telephone and
tap water.

12
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The same identification and estimation strategy adopted to obtain Table 4 is repeated
here. Panel A of Table 5 reports the estimation results. The coefficients for the
interactive variables indicate that the better-educated benefit more than the less
educated, as do males than females, and the more experienced than the less
experienced. The premium for the married is positive but insignificant. These are all
consistent with a priori expectations. In particular, the earlier finding that telephones

exerted larger impacts is still valid (30.58% > 22.62%, see bottom panel of Table 5).

Table 5: Distributive Impacts of Infrastructure by Population Subgroup

Panel A: Regression

Telephone Tap water Light
0.695*** 0.615%** 0.721* 0.775* 7.445* 6.720**
Ln(InCe.4) (0.224) (0.231) (0.414) (0.425) (4.227) (3.254)
-0.714%*= -0.652%** -0.723* -0.786** -7.482* -6.768**
Ln(Inc.1)*Inf (0.208) (0.213) (0.390) (0.399) (4.212) (3.243)
0.0650*** 0.0523*** 0.0774** 0.0753** 0.576* 0.548*
Sch*Inf (0.0166) (0.0162) (0.0313) (0.0297) (0.333) (0.285)
0.00600***  0.00448** 0.0104*** 0.00958*** 0.0510 0.0499
Exp*Inf (0.00213) (0.00211) (0.00370) (0.00346) (0.0486) (0.0441)
0.153*** 0.0838** -0.463
Gender*Inf (0.0382) (0.0400) (0.762)
0.0632 0.171 2.039
Marry*Inf (0.0730) (0.136) (1.330)
5.620%*** 5.082*** 5.250* 5.610** 54.49* 47.59**
Inf (1.608) (1.610) (2.865) (2.840) (30.72) (22.87)
0.0146 0.0156 -0.000450 -0.00765 -0.501 -0.483*
Sch (0.0148) (0.0140) (0.0282) (0.0256) (0.330) (0.282)
-0.00380 -0.00125 0.0122 0.0102 -0.0276 -0.0284
Exp (0.00646) (0.00637) (0.00933) (0.00840) (0.0508) (0.0454)
) -3.70e-05 -8.18e-05  -0.000324**  -0.000303***  -0.000350***  -0.000345***
Exp (8.55e-05)  (8.61e-05) (0.000103) (9.69e-05) (8.95e-05) (7.15e-05)
Control variables No Yes No Yes No Yes
Time effect Yes Yes Yes Yes Yes Yes
AR(1)-p 0.000 0.000 0.001 0.001 0.000 0.000
AR(2)-p 0.111 0.164 0.125 0.111 0.080 0.068
Hansen-p 0.189 0.224 0.801 0.833 0.252 0.592
Observations 20,259 20,121 29,346 29,174 29,325 29,152
Panel B: Infrastructure Effect on Income
Infrastructure Mean Ln(Inc,,) without the infrastructure Income effect
Telephone 8.162 30.58%
Tap water 7.922 22.62%

Note: 1) Robust standard errors in parentheses, clustered at household level.
2) ***p <0.01,* p<0.05 *p<0.1.
3) Income Ef fect = 6, + 6;Ln(Inc;;_1) + ,Mean(Sch) + OsMean(Exp) + OsMean(Gender) +
0,Mean(Marry).
Source: Authors’ estimations based on CHNS data.

Contrary to the results in Table 4, the coefficient estimate of the interactive term
between schooling and infrastructure is larger than that of the experience—
infrastructure term. Also, unlike Table 4, the coefficients of schooling and experience
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as reported in Table 5 are no longer significant. One possible reason is that without
basic infrastructure, residents in rural PRC have few opportunities to engage in income
earning activities. In other words, returns to education and experience are likely to be
conditional on the presence of basic infrastructure, as confirmed by the significant
coefficients of the interaction terms of school and experience with infrastructure. In
other words, infrastructure helps open up more opportunities for those with better
education or more experience. Thus, more investment in education in rural PRC is
called for in order to fully explore the synergy between human capital and
infrastructure.

5. FURTHER DISCUSSION ROBUSTNESS CHECKS

In this section, we use subsample data to estimate models for different time periods
and different areas. Robustness checks are then carried out by redefining the
experience variable, by alleviating mortality selection bias, by reconstructing the
telephone data, and by addressing possible reverse causality. Hereafter, we only
consider models for telephone and tap water as data for electricity or lights contain
limited variations.

5.1 Subsample Results

It was planned to examine the robustness to timing by splitting data into two periods:
1989-2000 and 2000—-2011. However, observations on telephones were not collected
until the 1997 survey. Thus, for telephone, it is not feasible to estimate the model by
GMM for the period of 1989-2000. Instead, data for the period 1989-2006 is used.

Table 6 presents the robustness check results. It is clear that the signs of parameter
estimates are all consistent with those in Table 5 with only a couple of exceptions. But
these few exceptional cases are associated with insignificant coefficients. More
importantly, both the general efficiency/income effects and distributive effects became
stronger over time as far as telephones are concerned, judging by the increases in the
absolute values of the parameter estimates. The opposite occurred in the case of tap
water. These results may partly reflect the fact that tap water accessibility is always
higher than for telephones, except in the crisis year of 2009.

14
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Table 6: Robustness Check: Different Time Periods

Wan and Zhang

Telephone Tap water
1989-2006 2000-2011 1989-2000 1989-2006  2000-2011
0.993*** 1.176** 0.736 0.538 0.567*
Ln(InCe.4) (0.310) (0.532) (0.574) (0.383) (0.334)
-1.049%** -1.180** -0.767 -0.574" -0.596*
Ln(InC.1)*Inf (0.300) (0.493) (0.549) (0.366) (0.317)
0.0520*** 0.0867** 0.0482* 0.0499** 0.0592***
Sch*Inf (0.0164) (0.0354) (0.0277) (0.0218) (0.0206)
0.00154 0.00656** 0.00588** 0.00506** 0.00415*
Exp*Inf (0.00250) (0.00324) (0.00261) (0.00208) (0.00213)
0.284*** 0.204*** 0.0971** 0.0746* 0.0868
Gender*Inf (0.0536) (0.0685) (0.0472) (0.0428) (0.0632)
0.158 0.183 0.219 0.152 0.109
Marry*Inf (0.100) (0.115) (0.196) (0.126) (0.0973)
8.207*** 9.129%* 5.562 4.145 4.508*
Inf (2.275) (3.767) (3.950) (2.634) (2.426)
0.0110 -0.0134 0.00685 0.0160 0.0136
Sch (0.0158) (0.0316) (0.0261) (0.0190) (0.0185)
-0.00220 -0.0144 0.0241* 0.0239*** 0.00320
Exp (0.00884) (0.0109) (0.0126) (0.00762) (0.00470)
) -5.26e-05 0.000102 -0.000489***  -0.000466*** -0.000164**
Exp (0.000122) (0.000150) (0.000174) (0.000101) (6.45e-05)
Control variables Yes Yes Yes Yes Yes
Time effect Yes Yes Yes Yes Yes
AR(1)-p 0.000 0.001 0.017 0.001 0.000
AR(2)-p 0.349 0.128 0.189 0.195 0.333
Hansen-p 0.315 0.466 0.514 0.357 0.210
Observations 13,741 16,735 16,313 22,802 16,742

Note: 1) Robust standard errors in parentheses, clustered at household level.

2) ** p < 0.01, * p < 0.05, *p <0.1.

3)"p<0.12.

Source: Author’s estimation based on CHNS data.

To examine the robustness to different areas, data for east, central, and west PRC are
used to estimate the telephone and tap water equations. As Table 7 shows, the
estimates are broadly consistent with those in Tables 5 and 6, reinforcing the earlier
robustness check results. Also, it is interesting to note that both the general income
and distributive effects are larger in inland PRC than in east PRC, probably due to the

already higher accessibility rate in coastal PRC.
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Table 7: Robustness Check: Different Areas

Wan and Zhang

Telephone Tap water
East Middle West East Middle West
1.119° 0.290* 0.610** 0.819 0.691* 0.996
Ln(InCe.4) (0.704) (0.174) (0.295) (0.591) (0.364) (0.673)
-1.118* -0.357** -0.697** -0.784 -0.716** -1.031"
Ln(Inceq)*Inf (0.666) (0.161) (0.276) (0.557) (0.340) (0.643)
0.0819* 0.0347** 0.0586** 0.0693* 0.0742** 0.0973*
Sch*Inf (0.0446) (0.0147) (0.0235) (0.0402) (0.0254) (0.0553)
0.000105 0.00408 0.00602* 0.00851 0.0107*** 0.0101**
Exp*Inf (0.00392) (0.00313) (0.00336) (0.00521) (0.00414) (0.00486)
0.124 0.141* 0.0574 0.184 0.140** -0.148
Gender*Inf (0.130) (0.0591) (0.0772) (0.134) (0.0549) (0.151)
0.224 0.0244 -0.000332 0.252 0.144 0.155
Marry*Inf (0.223) (0.0956) (0.108) (0.224) (0.130) (0.234)
9.044* 2.735** 5.450%* 5.612 5.021** 7.483
Inf (5.185) (1.193) (2.121) (3.928) (2.414) (4.640)
-0.0213 0.0348*** 0.0187 -0.0101 -0.00275 -0.0268
Sch (0.0402) (0.0117) (0.0200) (0.0347) (0.0202) (0.0515)
-0.00683 0.0129 0.000423 0.00123 0.0140 0.0134
Exp (0.00636) (0.00786) (0.00993) (0.00805) (0.0105) (0.0121)
5 3.44e-05 -0.000281*** -9.70e-05 -0.000173** -0.000372***  -0.000346**
Exp (8.69e-05)  (0.000107)  (0.000134) (8.67e-05)  (0.000131) (0.000137)
Control variables Yes Yes Yes Yes Yes Yes
Time effect Yes Yes Yes Yes Yes Yes
AR(1)-p 0.002 0.000 0.000 0.005 0.001 0.003
AR(2)-p 0.270 0.358 0.234 0.106 0.273 0.281
Hansen-p 0.196 0.110 0.753 0.420 0.600 0.215
Observations 6,529 8,089 5,503 9,947 11,256 7,971

Note: 1) Robust standard errors in parentheses, clustered at household level.
2) ***p < 0.01, *p<0.05 *p<0.1.

3)"p<0.12.
Source: Author’s estimation based on CHNS data.
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5.2 Robustness Check for Measurement Errors

Wan and Zhang

Referring to Table 2, the maximum value for the experience variable reached 94.7
years, which seems to be problematic. To examine robustness to potential errors in this
variable, we cap its values at certain ages—that is, we redefine this variable by
assuming that experience does not change anymore after an individual reaches 65, 70,
or 80. The results remain robust according to Table 8, which confirms that the better

educated, the more experienced, and the male gain more from rural infrastructure.

Table 8: Robustness Check: Redefining the Experience Variable

Telephone Tap water
Experience capped at Experience capped at
Age = 65 Age =70 Age = 80 Age = 65 Age =70 Age = 80
0.555** 0.573* 0.608*** 0.772* 0.794* 0.782*
Ln(Inc.1) (0.238) (0.235) (0.231) (0.421) (0.422) (0.424)
-0.597*+* -0.613%** -0.646%+* -0.784** -0.804** -0.792**
Ln(Ince.)*Inf (0.219) (0.217) (0.214) (0.396) (0.396) (0.398)
0.0476** 0.0492*** 0.0518** 0.0749** 0.0760** 0.0754**
Sch*Inf (0.0174) (0.0167) (0.0162) (0.0308) (0.0302) (0.0297)
0.00383 0.00405* 0.00442** 0.00958** 0.00952** 0.00945***
Exp*Inf (0.00252) (0.00226) (0.00211) (0.00415) (0.00375) (0.00346)
0.151%* 0.151%** 0.153%* 0.0813** 0.0840** 0.0845**
Gender*Inf (0.0376) (0.0379) (0.0382) (0.0395) (0.0398) (0.0400)
0.0504 0.0540 0.0614 0.171 0.178 0.174
Marry*Inf (0.0708) (0.0718) (0.0728) (0.130) (0.133) (0.136)
4.690%+* 4.805*+* 5.039*** 5.607** 5.755** 5.665**
Inf (1.637) (1.632) (1.612) (2.789) (2.808) (2.834)
0.0166 0.0162 0.0155 -0.00966 -0.0101 -0.00815
Sch (0.0141) (0.0140) (0.0140) (0.0256) (0.0255) (0.0256)
0.00663 0.00394 -0.000544 0.0169 0.0141 0.0106
Exp (0.00884) (0.00779) (0.00653) (0.0110) (0.00975) (0.00857)
, -0.000218*  -0.000167 -9.41e-05  -0.000432**  -0.000375**  -0.000309***
Exp (0.000128)  (0.000109)  (8.88e-05) (0.000137) (0.000118) (9.96e-05)
Control variables Yes Yes Yes Yes Yes Yes
Time effect Yes Yes Yes Yes Yes Yes
AR(1)-p 0.000 0.000 0.000 0.001 0.001 0.001
AR(2)-p 0.247 0.218 0.171 0.110 0.101 0.107
Hansen-p 0.232 0.229 0.224 0.821 0.828 0.834
Observations 20,121 20,121 20,121 29,174 29,174 29,174

Note: 1) Robust standard errors in parentheses, clustered at household level.

2) ¥+ p<0.01, * p <0.05, *p <0.1.

3)"p<0.12.

Source: Authors’ estimations based on CHNS data.
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Next, our data may suffer from mortality selection bias, as an old individual in the
sample may possess characteristics that are different from those who have passed
away (Fitzgerald, Gottschalk, and Moffitt 1998). To address this problem, we drop
observations corresponding to ages greater than 65, 70, or 80. Observations for these
individuals before they reached these ages are kept in the sample. Again, the results

remain robust according to Table 9.

Table 9: Robustness Check: Drop Observations for the OId

Telephone Tap water
Observation
dropped when age > 65 age > 70 age >80 age > 65 age > 70 age >80
0.222 0.387" 0.550** 0.297 0.448** 0.544
Ln(Inc4) (0.241) (0.243) (0.237) (0.222) (0.227) (0.364)
. -0.298 -0.452** -0.595%** -0.354* -0.493** -0.573*
Ln(Ince.)*Inf (0.223) (0.225) (0.219) (0.210) (0.214) (0.342)
0.0262 0.0377** 0.0474** 0.0424** 0.0526*** 0.0591**
Sch*Inf (0.0183) (0.0179) (0.0166) (0.0172) (0.0172) (0.0261)
. -0.00153 0.00237 0.00390* 0.00598* 0.00713* 0.00763**
Exp*Inf (0.00349) (0.00278) (0.00219) (0.00317) (0.00278) (0.00329)
. 0.136*** 0.128*** 0.150%*** 0.0479 0.0519* 0.0695*
Gender*Inf (0.0364) (0.0364) (0.0378) (0.0313) (0.0309) (0.0356)
. 0.0216 0.0319 0.0512 0.0864 0.110 0.108
Marry*Inf (0.0730) (0.0748) (0.0727) (0.0806) (0.0820) (0.116)
2.512 3.615** 4.670%* 2.536* 3.531** 4.115*
Inf (1.634) (1.671) (1.652) (1.462) (1.505) (2.424)
0.0334** 0.0242 0.0181 0.0180 0.0101 0.00582
Sch (0.0152) (0.0150) (0.0143) (0.0141) (0.0142) (0.0222)
0.0155 0.0123 0.00403 0.0256*** 0.0238*** 0.0174**
Exp (0.00949) (0.00851) (0.00705) (0.00675) (0.00601) (0.00783)
) -0.000318**  -0.000299**  -0.000165*  -0.000527***  -0.000508***  -0.000398***
Exp (0.000129) (0.000117) (9.61e-05) (8.42e-05) (7.29e-05) (9.08e-05)
Control variables Yes Yes Yes Yes Yes Yes
Time effect Yes Yes Yes Yes Yes Yes
AR(1)-p 0.000 0.000 0.000 0.000 0.000 0.000
AR(2)-p 0.755 0.626 0.264 0.457 0.128 0.221
Hansen-p 0.228 0.174 0.237 0.138 0.119 0.350
Observations 17,892 19,025 19,979 26,553 27,927 29,009

Note: 1) Robust standard errors in parentheses, clustered at household level.
2)**p<0.01, *p<0.05*p<0.1.
3)"p<o0.12.

Source: Authors’ estimations based on CHNS data.

The third possible measurement error relates to the observed decline in telephone
accessibility after 2004. This could be caused by possible confusion between landline
and mobile phones. In the early years, mobile phones were rare in rural PRC, and the
later surveys may have failed to fully account for the replacement of the landline by
mobiles. One imperfect but acceptable way to deal with such errors is to drop
observations for those who previously had access to a phone but “lost” access later.
Observations before he/she lost the access are retained. The results are reported in
Table 10. Once again, the results are robust. Note that the mortality selection bias is

corrected for models in columns 2—4 of Table 10.
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Table 10: Robustness Check: Telephone

Observations dropped when

Full Sample Age > 65 Age > 70 Age > 80 Full Sample
0.389* 0.0708 0.248 0.311 0.411*
Ln(InCe.4) (0.216) (0.256) (0.233) (0.223) (0.221)
. -0.452%+ -0.162 -0.326 -0.383* -0.476**
Ln(Inc,.1)*Inf (0.207) (0.246) (0.224) (0.214) (0.212)
X 0.0453** 0.0199 0.0283** 0.0295%** 0.0344%*+
Sch*Inf (0.0111) (0.0143) (0.0119) (0.0111) (0.0110)
X 0.00499%*+ -0.00193 0.00149 0.00260 0.00351**
Exp*Inf (0.00169) (0.00304) (0.00186) (0.00176) (0.00171)
i 0.208*** 0.207*** 0.216%*+ 0.222%x*
Gender*Inf (0.0375) (0.0363) (0.0363) (0.0364)
i} -0.0246 -0.0259 -0.0226 -0.00841
Marry*Inf (0.0790) (0.0783) (0.0777) (0.0783)
3.569* 1.492 2.677 3.092* 3.781**
Inf (1.631) (1.826) (1.700) (1.634) (1.623)
0.0269%** 0.0409%** 0.0358%** 0.0362%** 0.0336***
Sch (0.00972) (0.0121) (0.0102) (0.00958) (0.00950)
0.00650 0.0219** 0.0148** 0.0124** 0.00692
Exp (0.00555) (0.00932) (0.00691) (0.00612) (0.00562)
) -0.000199**  -0.000412***  -0.000314** -0.000278**  -0.000192**
Exp (8.07e-05) (0.000131) (0.000102) (9.03e-05) (8.27e-05)
Control variables No Yes Yes Yes Yes
Time effect Yes Yes Yes Yes Yes
AR(1)-p 0.000 0.000 0.000 0.000 0.000
AR(2)-p 0.348 0.777 0.719 0.557 0.330
Hansen-p 0.140 0.168 0.118 0.153 0.142
Observations 17,311 15,466 16,930 17,189 17,311

Note: 1) Robust standard errors in parentheses, clustered at household level.
2)**p<0.01, *p<0.05*p<0.1.

Source: Authors’ estimations based on CHNS data.

5.3 Endogeneity (Reverse Causality)

Recall that biases arising from possibly omitted variables and mortality selection have
been addressed. To a certain extent, biases caused by unobservable variables are
corrected via fixed effects estimations. Major measurement errors are discussed in 5.2.

One remaining problem is possible endogeneity as consumption of infrastructure may
depend on affordability or income. To alleviate this reverse causality problem, we
construct an infrastructure variable at the village level by replacing the binary
observations on infrastructure by the average access rate to various infrastructures of
relevant villages. This new infrastructure variable becomes continuous in the interval
[0, 1]. This is justified as infrastructure has a spillover effect. A household without direct
access to tap water may still benefit from tap water if the access rate of the
corresponding village is high enough. More importantly, any single individual cannot
significantly influence the access rate of the whole village. We will also cluster the
standard error at the village level. In this way, reversed causality or endogeneity can be
alleviated. Table 11 reports the estimation results. Once again, our results are robust.

19



ADBI Working Paper 540

Table 11: Robustness Check: Endogeneity

Wan and Zhang

Telephone Tap Water Light
Ll 0.338** 0.306* 0.511* 0.445" 0.583** 0.502*
n(Inc.,) (0.156) (0.157) (0.272) (0.276) (0.271) (0.275)
. -1.71e-05** -1.61e-05**  -2.15e-05*  -1.93e-05*  -2.75e-05**  -2.41e-05*
Ln(Inc,1)*Inf (7.78e-06) (7.63e-06)  (1.11e-05)  (1.09e-05)  (1.28e-05)  (1.26e-05)
0.0487*** 0.0418**+ 0.0314**+ 0.0267**+ 0.0404 -0.00172
Sch¥Inf (0.0113) (0.0121) (0.00787) (0.00881) (0.0354) (0.0370)
. 0.00549* 0.00425 0.00537**  0.00450** -0.00610 -0.0128
Exp*Inf (0.00307) (0.00324) (0.00172) (0.00179) (0.00984) (0.0112)
. 0.181** 0.0603 0.571%**
Gender*Inf (0.0743) (0.0489) (0.163)
-0.174* -0.0313 0.0108
Marry*Inf (0.101) (0.0873) (0.259)
0.0791 0.206 -0.0616 -0.00241 0.231 0.327
Inf (0.185) (0.205) (0.0876) (0.113) (0.452) (0.425)
0.0224** 0.0195** 0.0184 0.0171 0.00271 0.0409
Sch (0.00901) (0.00921) (0.0141) (0.0126) (0.0359) (0.0372)
0.00430 0.00549 0.00893 0.00998 0.0174 0.0252**
Exp (0.00549) (0.00556) (0.00974) (0.00893) (0.0117) (0.0119)
) -0.000169** -0.000197*+*  -0.000239*  -0.000260*  -0.000214*  -0.000243**
Exp (7.53e-05) (7.64e-05)  (0.000143)  (0.000134)  (0.000124)  (0.000117)
Control Variables No Yes No Yes No Yes
Time Effect Yes Yes Yes Yes Yes Yes
AR(1)-p 0.000 0.000 0.001 0.001 0.000 0.000
AR(2)-p 0.170 0.203 0.075 0.127 0.043 0.087
Hansen-p 0.127 0.179 0.311 0.240 0.556 0.458
Observations 20,379 20,239 29,455 29,280 29,455 29,280

Note: 1) Robust standard errors in parentheses, clustered at village level.
2)**p<0.01, *p<0.05*p<0.1.
3)"p<0.12.

Source: Authors’ estimations based on CHNS data.

6. CONCLUSIONS

This paper is motivated by the gap in research on the distributive effects of
infrastructure, despite an increasing literature on its growth and productivity impacts
since the late 1980s. In addition, the need to focus on the distributive impacts arises
from the universal and growing discontent with rising inequality almost everywhere,
coupled with huge spending on infrastructure in many countries.

Having outlined the deficiency of the conventional approach to inequality modeling, a
simple but useful model is proposed and applied to examine the distributive effects of
telephone, tap water, and to some extent electricity/lighting on individual income in
rural PRC. It is found that all infrastructures helped raise rural income, with the growth
effects becoming larger in later years. More importantly, income gains differ for
different population groups. By and large, males, the relatively poor, the more
experienced, the better educated, and to a lesser extent those who are married share
more of the gains relative to their counterparts. The telephone effects are stronger than
for tap water, and the infrastructure impacts are more significant in inland PRC than
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elsewhere. It is useful to point out that the tap water effect is likely to be indirect, with
long lags. Such long-run effects may not be fully captured by our models. Proper
identification and reliable estimation of such long-run effects also require time series
data that span more years than the current CHNS database can provide.
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