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Abstract: How do labor response to agricultural productivity shock? Employing 2003-2016
RCRE data, our paper seeks to estimate the impact of agricultural productivity shocks on
household total welfare, labor allocation, and agricultural inputs. The empirical results suggest
that a one standard deviation increase in yield leads to an increase of 10.32 percent in out non-
agricultural days, 11.26 percent increase in out non-agricultural income, as well as an increase
in agricultural income of 9.89 percentage points. This pattern is associated with rising
agricultural inputs, among which there is a larger share of hired labor instead of family labor.
Further evidence suggests that this labor reallocation effect may be driven by liquidity
constraints channel, through which positive agricultural shock leads to an increase in the

household’s income.
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1. Introduction

The most pervasive feature of economic development is the shift of labor out of the agricultural
sector. While there are substantial macroeconomic studies indicating the crucial role of advances
in agriculture in structural change (e.g. Johnston & Mellor, 1961; Chavas, 2001), the
microeconomic foundation of how agriculture works in transition from agriculture dominated
economy to industrial economy is still poorly understood. More specifically, it is still unclear
whether the increase in agricultural productivity is accompanied by a rising amount of labor in the
non-agricultural sector. On the one hand, the advances in agriculture lead to an increase in
agricultural labor demand, which in turn, pulls labor out of the non-agricultural sector (Harris &
Todaro, 1970). On the other hand, the positive agricultural shocks may improve farmer’s income,
which in turn relaxing capital constraint, thus generating migration, or it may boost the local
demand for non-agricultural goods (Foster & Rosenzweig, 2007).

Our paper tries to answer the question under the context of China. The Chinese economy has
been characterized by rapid industrialization. The share of agricultural employment declined from
49.1 to 27.7 percent between 2003 and 2016. Brandt and Zhu (2010) indicate that the increasing
non-farm productivity has been a key driver of the process. However, what is the role of

agriculture? To address the above questions, we employ 2003-2016 RCRE data to study the labor



responses to agricultural productivity shocks in China. More specifically, we try to answer two
primary questions. First, what is the impact of advances in agriculture on labor allocation in
agricultural and non-agricultural sectors? Second, if positive agricultural shocks lead to a change
in employment, is there any evidence for the dominant channel?

The paper highlights and examines empirically the crucial role agriculture plays in the process
of structural change at the micro-level. Using 2003-2016 RCRE panel data, we show that positive
agricultural shocks swift labor out of the agricultural sector by employing eight-month rainfall as
an instrumental variable to isolate exogenous variation in agricultural productivity.

Specifically, we have three main results. First, we show that rural households are on average
more likely to migrate under the positive agricultural shocks. In particular, a one standard deviation
increase in yield leads to an increase of 10.32 percent in non-agricultural days. Further,
heterogeneous results indicate that this effect is concentrated in young family members and small
farms. However, we couldn’t find any evidence indicating that the effect of positive agricultural
yield on household agricultural days.

Second, we try to find if there is any consistent evidence in household income. We observe a
significant increase in agricultural income of 9.89 percentage points, as well as a significant
increase in non-agricultural income by 11.26 percent. Given the homogeneous effects for
agricultural and out income, a positive significant effect is unsurprisingly observed for total
income. The results are robust after modifying the differences in the age structure exploiting
OECD-modified scale. By showing that the boost of agriculture accounts not only for the
agriculture sector but also for the non-agriculture sector, we are able to shed light on the
importance of agriculture in the process of structural change.

Finally, we show that the labor reallocation is accompanied by increased agricultural input.
We find a moderate increase in sown area, hired labor and other inputs which include chemical
and organic fertilizer, pesticides, irrigation, agricultural covers, small tools, animals and other
costs. Although there is no significant evidence, we could still find a drop in family labor input.
The change in agricultural input reaffirms the movement of labor out of agriculture sector.

Heterogeneity indicates that the labor response to agricultural productivity shocks is most
prominent amongst predominantly agricultural regions and relatively low migration cost villages,
which provides some indirect evidence for the capital channel we mentioned at the beginning in

which agricultural productivity shock could relieve liquidity constraints to allow labor to enter



non-agricultural production. In addition, we find that the effect is somewhat larger for high-
educated households, indicating that the gain from agriculture is unlikely to reduce inequality
(Emerick, 2018).

The results are robust to a series of checks. There is no evidence that the effect of yield is
driven by variation in price. There is also little evidence that alternate definitions of the rainfall
shock would change our primary results.

Turning to the channels, we have mentioned at the beginning that there are three channels
through which agricultural productivity shocks would lead to reallocation of labor. First, the
positive agricultural shocks will increase agricultural labor demand. This will pull labor out of
non-agricultural sectors, which is denoted as labor pull channel. Second, positive agricultural
shocks increase local demand for non-agricultural goods, which in turn pushing labor into the non-
agricultural sector. We denote this as local demand channel. Third, advances in agriculture lead to
an increase in household income, which then relaxes the liquidity constraint, facilitating migration.
We denote it as a capital channel.

The overall insignificant effect of agricultural shocks on agricultural income as well as labor
share rules out the possibility that the labor pull channel dominates. Further evidence indicates that
the labor reallocation effect is concentrated on relatively poor households who are plausibly highly
constrained, indicating the capital channel as the primary mechanism that explains the results.
However, we couldn’t find any evidence for the development of local non-agricultural sectors after
the boom in agriculture.

Our paper fits into several related literature. First, there is a substantial and growing literature
analyzing the impact of agricultural shocks on farmer’s behavior. Beegle et al. (2006) find that
agricultural shocks lead to increases in child labor, and household asset holdings is a good way to
mitigate this effect. Kochar (1999) and Jayachandran (2006) analyze the mechanisms for rural
households to protect consumption or income under the agricultural shocks. Emerick (2018) finds
that the agricultural boom increases non-agricultural labor share, mainly through the local demand
channel. Our work is most close to Emerick (2008), however, we find that the rising amount in the
non-agricultural sector is mainly through migration, other than the development of the local non-
agricultural sector.

Second, substantial work on structural transformation and agricultural productivity is also

relevant. Foster and Rosenzweig (2004) find that industrial growth is relatively faster in areas



where agricultural growth is lagging under the adoption of Green Revolution technology, which
is line with Bustos et al. (2016)’s study. They find advances in technology of soy production are
labor-saving and thus cause industrial growth. Hornbeck and Keskin (2015) indicate that the
adoption of Ogallala aquifer leads to an increase in agricultural productivity, which in turn
generating temporary gains to other sectors in central US. Alvarez-Cuadrado and Poschke (2011)
finds the advances in agriculture pushes labor out of it, while the improvements in industry pull
labor into the sector. However, the existing literature is generally focused on the macro-level, and
has not exploited micro-level evidence.

Recently, there is a growing literature exploring the climatic shocks and economic growth,
which is clearly summarized in Dell et al. (2014). Yang and Choi (2007) use rainfall shocks as
instruments for income change to study the impact of income shocks on international remittances.
They find that oversea remittances serve as good insurance to cope with negative income shocks.
Feng et al. (2012) show that there is a significant positive relationship between climate-driven
changes in yield and net outmigration. Jones and Olken (2010) find that an increase in temperature
leads to a drop in industrial imports from poor countries. Burke et al. (2015) show a non-linear
relationship between temperature and economic productivity, with productivity peaking at a
temperature of 13 °C and dropping at higher temperatures, while Dell et al. (2012) concludes a
negative linear relationship between temperature and economic growth in poor countries.

Relative to the above literature, our paper provides new evidence about the impact of
agricultural advances in internal migration, and has the advantage of exploring farmers'
agricultural inputs choices which are poorly identified. Also, to my knowledge, it is one of the first
papers to examine farmer’s response towards agricultural shocks in China.

The remainder of the paper is organized as follows. In section 2, we present a simple conceptual
framework and an overview of our data. Section 3 discusses the empirical strategy and results.
Section 4 provides robustness checks. Section 5 explores the primary channels for the observed
effect. Section 6 concludes.

2 Background

This section first provides a simple conceptual framework for how an increase in agricultural
productivity shocks affect farmer’s labor allocation, and then briefly summarize the data
employed.

2.1 Conceptual framework



In this section, we will briefly outline a simple conceptual framework that indicates how the
increase in agricultural productivity can affect the allocation of labor to guide the empirical
analysis. The model builds and modifies that in Emerick (2008). Consider a village economy with
two sectors, agricultural and non-agricultural production. We assume for simplicity that the output
depends only on the quantity of labor, and the farmer has fixed consumption c. Suppose the
production is given by:

y =0l (1)
Where y denotes farmer’s output, [,denotes labor input, § < 1 is the output elasticity of labor,
and @ denotes total factor productivity (TFP) parameter. Labor allocated to the non-agricultural
sector is [,,. Total labor endowment is [ = [,+l,,. w denotes the non-agricultural wage. p, denotes
agricultural price, assume that p, = 1.

Give the above assumptions, income for farmer i is
m=01° +wl, —c )

The farmer is assumed to maximize net income?, the first-order condition for profit maximization
is given by:

lo = Gy ©
If non-agricultural wage is unaffected by TFP, the gain in 8 definitely leads to an increase in the
amount of labor devoted to agriculture which is denoted as labor pull channel. However, actually,
the increase in 6 can lead to rising income, which in turn lead to higher local demand pushing
labor out of agriculture. This indicates that non-agricultural wage is not independent with 8, which
iIsw(@). The effect of 6 on [, is then given by:
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Denoted by equation (4), the sign of % depends not only on the labor pull effect but also on

the local demand effect. Emerick (2008) has listed two conditions under which local demand effect
dominates. The first is strong complementarity in consumption between agricultural and non-
agricultural goods, and the second is income elasticity less than one for agricultural goods but

greater than one for non-agricultural goods.

! We assume farmer’s consumption and production decision are separable.



Another possible channel for how agricultural shock affecting labor allocation is liquidity
constraint. Many papers have indicated the large barriers to factor mobility in China, rural to urban
migration is always associated with high upfront costs (Rozelle et al., 1999; Cai et al., 2002;
Leight, 2016). Under this circumstance, a positive agricultural shock leads to an increase in
farmer’s income, which in turn relieves liquidity constraints, thus generate an increase in
migration. We denote this channel the capital channel. The following empirical analysis tries to
explore the channel that dominates.

2.2 Data

The RCRE data. The primary data used for our paper come from the China Research Center for
the Rural Economy (RCRE) panel dataset, collected in a sample of 22,000 households from over
300 villages in 31 provinces and administrative regions. We use annual waves of RCRE data
between 2003 to 2016 for data comparability, as the questions changed in 2003 to have detailed
employment questions.

The data collected detailed questions regarding household income, land use, employment,
agricultural production, and asset ownership. It is widely used among scholars conducting
empirical research in China. Detailed description of the dataset has been provided by Benjamin et
al. (2005). Its particular advantages for our purpose are its accurate data on household income.
Respondents were required to keep daily diaries of income, and the local investigators visit
households once a month to collect information from the diaries (Benjamin et al., 2005). However,
the data do not have individual-level characteristics, which means we do not know the information
of each family member (Kinnan et al., 2018). What we could know are household average
characteristics, such as the number of household members, the number that are female, the average
agricultural days and average non-agricultural days.

Descriptive statistics for key outcomes used in our paper are presented in table 1. We examine
our key outcomes in per capita terms. We calculate per capita term by the number of family
members in the household at the time of the survey. We then replace per capita term with the
OECD-modified scale2 to address any differences in the age structure in the following empirical
part. The table 1 indicates household total income has almost quadrupled in 2016 since 2003,

among which out non-agricultural income increased more than 7 times while agricultural income

2 OECD-modified scale assigns a value of 1 to the household head, of 0.5 to each additional household member and
of 0.3 to each child.



improved by nearly 3 times, respectively. Agricultural days drop from 81 days in 2003 to 50 days
in 2016, while out non-agricultural days rise smoothly from 50 to 61. Overall, the summary
statistics suggest that rural households moved out of the agricultural sector by year. Our analysis

will focus on the role of agricultural productivity play in the process.

Rainfall data. Monthly rainfall data used in constructing instrument variables for agricultural
productivity shocks were obtained from the China Meteorological Data Service Center (CMDC).
Following Giles (2006), we calculate eight-month rainfall as the difference between actual and
expected rainfall where farmers may realize the annual rainfall after observing rainfall in January
and February. Expected eight-month rainfall )?jtin village j of year t is calculated by running the
following regression which allows serial correlation between current eight-month rainfall and

rainfall observed in January and February:

Xie = D + B X[ + B X + &, (5)

Xj’“;eb and Xj’t“” are rainfall observed in February and January. The constant D; captures mean
rainfall of the village. The eight-month rainfall shock in village j of year ¢, is then calculated as

X = Xje — X (6)

which provides a better approximation of surprise changes in annual rainfall than using the
deviation from annual mean rainfall. Utilizing the circle distance calculated using latitude and
longitude coordinates, the RCRE villages are assigned the rainfall data for the geographically

closest weather station.

3 Empirical strategy and results
This section first introduces the identification strategy that will be explored and then reports

the main results.

3.1 Empirical strategy
The primary question of interest in our analysis is the causal effect of agricultural shock on

sectoral reallocation of labor, and thus the equation of interest can be written as:
Yijt = ,BYleldl]t + a; + 615 + Eijt (7)

Where Y;;, is denoted as one of the measures of non-agricultural labor for household i in village j

of year t, Yield,, is revenue weighted average log (volume of crop produced/area cropped) for



all the crops grown by household i, «; are household fixed effects and &§,are year fixed effects.
Estimating equation (7) using ordinary least squares (OLS) is problematic as the coefficients on
Yield;;, does not isolate effects due to agricultural shocks. Labor use and agricultural output are
simultaneously determined. Also, unobserved economic characteristics are likely correlated with
both labor use and agricultural output. We use eight-month rainfall shock interacted with village
rainfall level dummies as an exogenous instrument variable (IV) for Yield;;, , where the
assumption is that rainfall affects labor use only through its effect on agricultural productivity
conditional on household and year fixed effects. The first-stage equation relating agricultural yield
to rainfall is:

Yield;j; = aRainfall_Shock;, + a; + 8; + €;j¢ (8)
Where Rainfall_Shock;, is the eight-month rainfall shock. Our identification strategy obviously
requires that annual rainfall shock is a strong predictor of agricultural output. We show that this is
the case by estimating equation (8).

Results are presented in table 2. Column (1) indicates a strong negative relationship between
the eight-month rainfall shock and yield. As the rainfall varies considerably across regions in
China, we try to include rainfall level dummies. Following Jayachandran (2006), we divide
villages into three groups, below the twentieth percentile of total average annual rainfall, between
the twentieth and eightieth percentiles and above the eightieth percentile to pick up the region
heterogeneity rainfall effect. The results are reported in column 2. In line with Tao & Yokozawa
(2005) and Tao et al. (2008), the rainfall is favorable for agricultural production in dry regions, but
unfavorable in wet regions. The result is robust to controlling flexibly for province-specific time-
trending unobservables by introducing province-by-year fixed effects. Thus, we use eight-month
rainfall interacted with rainfall level dummies (Column 2) as our main instrument variables in our
following estimates to accounting flexibly for region heterogeneity, which is consistent with other
studies that have exploited rainfall as an instrument for agricultural productivity (Jayachandran,
2006; Leight, 2016; Emerick, 2018).

3.2 Results
We next show our main results on the effect of agricultural productivity shock on rural
household labor allocation, where agricultural productivity is instrumented by rainfall. We then

show additional supplementary results on household income and agricultural input.



A. Effect of agricultural productivity on sectoral labor allocation

The estimated results for equation (7) in which the independent variables are household labor
allocation across sectors are presented in table 3 and table 4. OLS results are reported in table 3.
The OLS results show that higher agricultural productivity seems to lead to a 1.38 percent increase
in agricultural days, a 0.36 percent decrease in non-agricultural days while there is no significant
effect towards log out non-agricultural days. However, the coefficients are biased due to
endogeneity we mention above. We use rainfall shock to isolate effects due to exogenous changes
in agricultural productivity. Two-stage least squares (2SLS) results are presented in Table 4. For
each specification in table 4, the J statistic corresponding to the Hansen test of overidentification
restriction and first-stage F-statistic are reported in the bottom. Both the Hansen test and the F-
statistic fails to reject for all independent variables.

Here, contrary to the results in table 3, we observe that the estimated coefficient for out non-
agricultural days is positive and significant while the coefficients for agricultural days and total
non-agricultural days are not significant: in other words, the positive agricultural shock induces
households to migrate (engage in non-agricultural work out of the village). A one standard
deviation increase in yield leads to an increase of 10.32 percent in non-agricultural days. However,
we couldn’t find any evidence indicating that the effect of positive agricultural yield on household
agricultural days and total non-agricultural days.

We then present some results demonstrating heterogeneity in the effects of agricultural
productivity shocks comparing across young household members and aged members as well as
large farms and small farms. The results are reported in table 5. It is evident that there is a
significant positive response of out non-agricultural days to an increase in agricultural yield, but
only in young family members and small farms.

To sum up, the results suggest that the positive agricultural shock does lead to an increase in
non-agricultural days out of the village (migration), but only in young family members and small
farms. We try to find if there is any consistent evidence in household income and agricultural input
in the following parts indicating that the increase in yield would switch rural households out of the

agricultural sector.

B. Effect of agricultural productivity on household income
This part will focus on the effect of increased yield on household total income, agricultural

income and out non-agricultural income. We examine all the outcomes in per capita terms. Again,



the OLS and 2SLS estimations of equation (7) are presented in table 6 and table 7, respectively.
The noisily estimated OLS results in table 6 show significant increases in total income and
agricultural income, but there is no significant increase in out non-agricultural income, as reported
in column (3) and (6).

By contrast, table 7 reports a positive effect of agricultural shock on out non-agricultural
income as well as total income and agricultural income. More specifically, we observe a significant
increase in agricultural income of 9.89 percentage points, as well as a significant increase in non-
agricultural income by 11.26 percent reported in column (2) and (3). Given the homogeneous
effects for agricultural and out income, a positive significant effect is observed for total income,
as reported in column (1). In column (4) — (6), we try to address the differences in the age structure
exploiting OECD-modified scale. The results are very similar to the results in column (1) — (3),
confirming that our results are not driven by mechanical changes in household composition.

Taking all results together, the analysis of household income demonstrates that the multiple
features of agricultural productivity shock interact to produce migration at the same time
increasing agricultural income. In particular, we argue that the improvement in agricultural
productivity improves household welfare by lowering the cost of food and by freeing people to
engage in non-agricultural activities, which is necessary for economic growth (Foster &

Rosenzweig, 2007).

C. Effect of agricultural productivity on agricultural input

If advances in agricultural productivity switch labor into non-farm activity but at the same time
increase agricultural income, then this could translate into increased agricultural input.

To investigate this, we again estimate equation (7). The dependent variables are household
agricultural inputs. The RCRE data have detailed crop-specific agricultural inputs. We calculate
land, labor, machinery and other inputs for each household by summing up all the crops. We
include household labor and hired labor for labor inputs, and we also estimate them separately to
have a better understanding of the labor effect. Chemical and organic fertilizer, pesticides,
irrigation, agricultural covers, small tools, animals and other costs are combined as other inputs as
they individually contain many zero values (Chari et al., 2017). The results are presented in table
8 and 9. In table 8 we present OLS estimates that ignore the potential endogeneity of yield.

Surprisingly, we find increases in machinery, labor, and other inputs but a decrease in sown area,



which seems inconsistent with our above conclusions. However, yield and agricultural input affect
mutually; the coefficients lack a straightforward interpretation.

The 2SLS results are reported in table 9. The data show a moderate increase in the sown area
and other inputs. This is seen in column 1 and column 3, with positive agricultural shocks inducing
a 15.20 percent increase in sown area and 11.60 percent increase in other inputs. While the
coefficient of total labor input is not statistically significant, there is still a large negative effect of
yield on agricultural labor inputs. To explore the labor inputs more specifically, we run the same
regressions using either family labor or hired labor separately and report the results in column (5)
and column (6) of table 9. Note that the estimated coefficient for family labor is negative in sign
and not statistically significantly different from zero. However, column (6) performs a quite
positive large effect for hired labor inputs which is consistent with positive agricultural
productivity shock succeed in shifting labor out of agricultural sector at the same time increasing
agricultural outcomes through hiring more labor.

To sum up, the increase in sown area, other agricultural inputs, hired labor and the drop in
family labor inputs again reaffirm that the movement of labor from agriculture to non-agricultural

activities is accompanied by agricultural development.

D. Heterogeneous effects

Here, we try to estimate heterogeneous effects along three dimensions. First, we want to
determine if the labor reallocation effect is stronger in predominantly agricultural regions. If
agricultural is a smaller part of household income, then fluctuations in agricultural productivity
would lead to less labor allocation effect. We divide provinces into three broadly defined regions:
east, middle, and west. East provinces are well-known developed provinces in China compared to
underdeveloped provinces in the middle and west. Results are reported in panel A of Table 10.
Consistent with our assumption, we find that the labor allocation effect is nearly double for
households in the middle and west provinces, but the labor allocation effect disappears for
households in eastern provinces. In addition, given the above assumption, we split the sample into
below 2010 and above 2010 to explore if there is any year heterogeneity effect. Results reported
in panel B suggest that the response to agricultural shocks is only restricted to the year 2010 and
below with a larger share of agriculture in GDP compared to more recent years.

Second, we explored heterogeneity with respect to the cost of migration. If the capital channel

dominates, there should be some evidence of heterogeneity with respect to villages in which



farmers have different costs of migration. | use measures of village distance to the main road to
test this heterogeneity. The closer to the main road should be associated with lower costs of
migration. | define a dummy variable for initial low-cost villages Hj;, using the distance to the
main road reported in the 2003 RCRE village data. Any village for which the distance is below the
25th percentile comparing other across all villages at baseline is considered as a low-cost village.
I then estimate a specification similar to equation (7) in which the dependent variables are yield

and yield interacted with Hj,:

Yije = p1Yield;j + B,Yield;j. X Hjs + a; + 6¢ + €5 9

The results are reported in panel C of Table 10. At the bottom of panel C, I report the linear
combination ; + B, capturing the net effect of agricultural productivity shock in low migration
cost regions. It is evident that there is a significant response of total income, agricultural income,
out non-agricultural income and out non-agricultural labor days only in farmers in low-cost
villages, but this result also provides some evidence for the capital channel in which agricultural
productivity shock could relieve liquidity constraints to allow labor to enter non-agricultural
production.

Finally, Emerick (2018) found that the labor reallocation effect tends to be concentrated
amongst most educated households. In order to explore whether it is the case in China, we estimate
equation (9) again by replacing H;, with E; ¢, a dummy for high-school graduate head. The results
reported in panel D suggest that the observed labor allocation effect is somewhat larger for high-
educated households. However, different from Emerick’s (2018) study for India, the effect is not

restricted to high-educated households, instead, it’s observed for all households.

4 Robustness check

In this section, we present several robustness checks for our main results. We demonstrate that
the labor allocation effect is robust to different definitions of instrument variables. In addition, we
present that the price effect is limited.

4.1 Alternate proxy variables for yield
In the primary results, we analyze the impact of agricultural productivity shock on labor

allocation. The key dependent variable Yield, is revenue weighted average log (volume of crop

produced/area cropped) for all the crops grown by household i. One significant threat to the



definition would be the price effect. In other words, what we interpret as the effect of a positive
agricultural productivity shock on labor allocation may, in fact, reflect the impact of price on labor
allocation.

To address this challenge, we first proxy Yield;;, by rice productivity, which is log (volume
of rice produced/area cropped for rice) grown by household i. The OLS and 2SLS results are
presented in table 11 and table 12. Table 12 indicates that the impact of agricultural shock on
household income is generally consistent, but the effect on out non-agricultural days disappears.
The employing of rice productivity for yield allows us to alter the eight-month rainfall to include
mean rainfall in the cultivation period for rice. Following Tao et al. (2008) and Leight (2016)’s
studies in China, the cultivation season for rice is designated as April to October. We then construct
two measures of rainfall shock in the key cultivation season: the first is deviation from mean
cultivation season rainfall, and the first interacted with rainfall level dummies is the second shock.
The estimation results are reported in table 13 and table 14. We can observe in Table 14 the same
pattern in which the agriculture effect is positive and significant for total income, agricultural
income and out non-agricultural income, while the effect disappears for labor days. However, in
table 13, the coefficients for out non-agricultural income and out non-agricultural days are
insignificant and opposite in sign with our expectation.

Taking all results together, the labor reallocation effect seems un-robust. One possibility is that
rice accounts for a small share of farmers’ production, which makes it unable to identify the
agriculture effect on farmer’s behavior. To address this challenge, we restrict the sample to exclude
farmers with rice area less than a half. We report results employing cultivation season rainfall and
the rainfall interacted with level dummies in tables 15 and 16, respectively. Here, the results are
consistent with the original specification. The coefficients for out non-agricultural income and
labor days are positive and significant. This verifies the above assumption and further suggests

that the primary results do not bothered by price effect.

4.2 Alternate specifications of rainfall shocks

In addition to demonstrating that the labor reallocation effect is robust to price effect, we also
seek to alternate definitions of the rainfall shock. In particular, we three alternate specifications:
the first employs the deviation from annual mean rainfall instead of eight-month rainfall, the
second adds interactions for rainfall levels and the third we incorporate nonlinearities by adding
quadratic functional form of rainfall.



Table 17 reports the first-stage relationship between log crop yield and three specifications of
rainfall. The first column in table 17 is negative and statistically significant at the 1% level. A one
standard deviation increase in rainfall leads to a decrease in yield by 11.84 percent. However,
column (2) indicates that employing average rainfall levels the rainfall shock appears to be quite
weak, only coefficient for the third group is significant at the 1% level. The effect of rainfall on
crop yield may be non-linear, so column (3) includes the square of rainfall shocks presented in
column (2). All coefficients in column (3) are statistically significant, indicating a non-linear
relationship between rainfall and crop yield for all three groups.

Because of the relative strength of the instruments as specified in column (1) and (3), these
regressions are used as robustness checks for the eight-month rainfall. Table 18 reports the results
employing instrument variables in column (1) of table 17. We can observe the same pattern in
which agricultural productivity shock would increase farmers’ total income, non-agricultural
income as well as out non-agricultural days, while decrease labor input in agriculture. Results in
table 19 incorporating nonlinearities are consistent. The coefficients on total income, non-
agricultural income and out non-agricultural days are generally parallel in sign. These results
suggest that the primary conclusions do not reflect some difference between villages exhibiting

different patterns of rainfall shocks.

5 Channels

In this section, we return to the postulated channels and seek to provide some evidence to
identify the dominant channel. The overall negative and insignificant effect of agricultural shock
on agricultural labor inputs rules out the possibility that the labor pull effect is of first-order
relevance.

However, there are two additional channels consistent with the existing pattern. The first is the
local demand channel in which positive agricultural shock increase local demand for non-
agricultural goods, which in turn pushing labor into the non-agricultural sector. The second is the
capital channel in which positive agricultural shock is associated with increased income, which
then relaxes the liquidity constraint, facilitating migration. We will provide evidence for each
channel in turn.

5.1 Local demand
One channel that could explain the observed labor reallocation pattern is positive demand

shocks for local non-farm industries. Positive agricultural shocks lead to an increase in farmer’s



income, which may then generate positive shocks for local non-agricultural industries. If the local
demand channel dominates, we should observe a significant increase in farmer’s local non-
agricultural engagement as well as the village’s non-agricultural industries. In order to examine
this hypothesis, we conduct two tests.

First, we employ RCRE household data reporting local non-farms days and local non-farm
income to calculate local non-agricultural wage. While local non-farm income is reported only
post-2009, local non-farm wage is only available for post-2009. If the primary channel through
which agricultural shocks lead to labor reallocation is via local demand channel, increasing local
demand should be associated with rising non-agricultural wage (Emerick, 2008), local non-
agricultural income and local non-agricultural days. We estimate equation (7) again. Here, the
dependent variables are local non-agricultural wage, local non-agricultural income per capita and
local non-agricultural days per capita. If the main channel is via local demand, then the coefficients
for yield should be significant and positive.

The results are reported in table 20. The results show the coefficients on yield for local non-
agricultural wage, local non-agricultural income and local non-agricultural days are all
insignificant. This suggests that the labor reallocation effect is uncorrelated with local demand
channel, as we couldn’t observe any increase in farmer’s local non-farm engagement.

Second, we employ RCRE village data reporting village non-agricultural income by category
to again test the local demand channel. This is particularly important given that positive local
demand shocks are always associated with the development of local non-agricultural industries.
Table 21 performs the effect of rainfall shock on share of manufacture, contracture, transportation,
and service, respectively. The joint tests for all specifications are insignificant, indicating that the
labor reallocation effect does not appear to be driven by local demand channel. In column 5 of
Table 21, we try to explore whether rainfall shocks are accompanied by an increase in local
companies. Again, the coefficients are jointly insignificant.

Taking all results together, there is no evidence for any improvement in local non-farm sectors
suggesting that local demand channel is not responsible for the labor reallocation effect.

5.2 Liquidity constraint

Given that there is no evidence of local demand channel, there must be binding liquidity

constraints. This part presents additional results to shed light on the capital channel. If farmers are

credit-constrained, they must be unable to afford high migration cost. The increased income



generated by positive agricultural shock then relieves the constraint, facilitating migration. In this
case, the effects should be more salient for initially more constrained farmers.

In order to directly test the channel, we try to estimate the heterogeneous effect along two
dimensions. First, households below the 25th percentile of initial household income at baseline are
compared to households above the 25th percentile. Unsurprisingly, plausibly constrained
households are characterized by lower baseline access to credit. The following specification is

estimated, L;;, is a dummy for households that are below 25th percentile:

Yije = B1Yield;j, + BpYield;je X Lije + a; + 8¢ + €54 (10)

Results are reported in panel A of Table 22. The final row of the panel performs the linear
combination 8, + B, and we can observe that there is a significant increase in out non-agricultural
income and out non-agricultural days for poor households compared to high-income households
providing some evidence for capital channel.

A second analysis evaluates responses for households in the lowest deposit quantile, as
calculated using the amount of saving in the bank in 2003. Parallel results are reported in panel B
of Table 22 employing a dummy for farmers in the lowest quantile of deposit at baseline. As
expected, there is strong evidence of an increase in out agricultural income in low-deposit
households, as well as a drop in agricultural labor input. These results suggest that the primary
channel for labor reallocation is a relaxation of liquidity constraint. There is no evidence that either

labor pull or local demand channels are relevant.

6 Conclusion

This paper seeks to explore evidence for structural transformation in China between 2003-
2016, focusing on two primary questions. First, what is the impact of advances in agriculture on
labor allocation in agricultural and non-agricultural sectors? Second, if positive agricultural shocks
lead to a change in employment, is there any evidence for the dominant channel?

The results employing 2003-2016 RCRE data have shown that advances in agriculture cause
increase in non-agricultural labor share, as well as improvement in agriculture. The increase in the
amount of labor allocated to non-agricultural activities is mainly through migration. More
specifically, A one standard deviation increase in yield leads to an increase of 10.32 percent in out
non-agricultural days, 11.26 percent increase in out non-agricultural income, as well as an increase

in agricultural income of 9.89 percentage points. We also observe the rising agricultural inputs



with a larger share of hired labor instead of family labor. These effects are concentrated among
predominantly agricultural, low migration cost regions, as well as relatively high-educated
households.

The effect is more salient for low-income and low-deposit households at baseline, indicating
that the most plausible channel for the labor reallocation effect is via relaxing liquidity constraint.
However, we couldn’t find any evidence for the development of local non-farm industries, which
is denoted as the local demand channel.

Many studies argue that the development of agriculture would keep farmers in the relatively
inefficient sector. However, my study indicates that the advances in agriculture are always
accompanied by rural to urban migration. As a country with high migration costs due to the unique
hukou system, China provides a good example of it. With salient upfronting cost, the positive
agricultural shocks increase farmer’s income, which in turn relieving capital constraint, thus
generating rising migration.

Our study provides important implications for understanding the role of agriculture in
economic development. Furthermore, our work is crucial for designing adequate development

policies.
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Tables

Table 1: Descriptive Statistics

Year: 2003-2009

Variables 2003 2004 2005 2006 2007 2008 2009

Total income per capita (1000 Yuan) 5.6626 6.1671 6.9646 7.3144 8.8090 9.3675 10.4631
(17.9091) (23.9984) (19.3061) (17.7901) (21.5561) (20.5196) (25.6353)

Agricultural income per capita (1000 Yuan) 3.3912 3.7711 4.1010 4.1223 4.9625 5.1950 5.7027

(16.1679) (23.4961) (18.0245) (16.1393) (25.8485) (25.2755) (20.0038)
Out non-agricultural income per capita (1000 Yuan) 1.0293 1.1444 1.3758 1.5666 1.9241 2.1618 3.0901
(2.2970)  (1.9107)  (2.2034)  (2.3583)  (3.4513)  (3.8308)  (6.0066)

Agricultural Days per capita 81.1485  79.1559 77.5423 739807  69.4850  67.6899  64.8756
(70.7400) (70.8818) (70.1834) (68.4762) (66.9701) (66.9021) (68.0046)

Out non-agricultural days per capita 49.9744 54.5988 57.4485 60.7765 63.6467 64.7637 59.0717
(62.1532) (65.2918) (66.8722) (67.7999) (69.8432) (70.0140) (70.6824)

Rainfall shock (1000mm) 0.0562 -0.0073 0.2516 -0.0039 -0.0019 0.0813 0.0298

(0.3291)  (0.3242)  (1.0444)  (0.4274) (0.3736)  (0.4473)  (0.4042)

Year: 2010-2016

Variables 2010 2011 2012 2013 2014 2015 2016

Total income per capita (1000 Yuan) 12.3950 14.8024 16.0336 17.5960 18.1285 19.1893 20.5563
(27.1415) (34.4780) (37.7005) (49.5410) (30.5153) (50.2357) (66.2090)

Agricultural income per capita (1000 Yuan) 6.2325 8.0203 8.1825 8.4864 8.3443 8.4798 8.8678

(22.2268) (31.8381) (35.8571) (47.4172) (29.3177) (46.7759) (64.6675)
Out non-agricultural income per capita (1000 Yuan) 3.6829 4.4157 5.2408 6.0076 6.6550 6.9307 7.6226
(5.9470)  (6.3539)  (7.4441) (7.4197) (8.0219) (8.3248)  (8.8303)

Agricultural Days per capita 61.4511 59.6869 57.6101 53.2109 50.9609 49,9435 495318
(65.3077) (65.4157) (65.0784) (63.3559) (63.7397) (62.5003) (62.9853)

Out non-agricultural days per capita 60.3162 60.8947 61.3312 63.1511 62.5045 60.1254 61.4598
(71.1989) (71.6529) (72.5676) (73.3472) (72.9737) (72.1216) (71.8482)

Rainfall shock (1000mm) 0.1631 0.0034 0.1279 0.0847 0.0486 0.1427 0.2920

(0.4723)  (0.3590)  (0.4619)  (0.4855) (0.4469)  (0.5516)  (50.5872)

Notes: Standard deviations in parentheses.



Table 2: Effect of rainfall shocks on productivity (First stage)

) O] ®)
Yield Yield Yield
Rainfall shock -0.0275***
(0.00718)
Rainfall shock x Below the twentieth percentile 0.371** 0.360**
(0.157) (0.140)
Rainfall shock x Between the twentieth and eightieth percentiles -0.0288** -0.0462***
(0.0121) (0.0154)
Rainfall shock squared xAbove the eightieth percentile -0.0334*** -0.0338***
(0.00887) (0.00913)
Year fixed effects Yes Yes Yes
Household fixed effects Yes Yes Yes
Province *Year Dummies No No Yes
Mean of dependent variable 0.125 0.125 0.125
Observations 191,880 191,880 191,880
R-squared 0.016 0.018 0.0326

Notes: Standard errors clustered at the village level are reported in parentheses. The dependent variable is a revenue weighted average log (volume of crop produced/area cropped)
for all the crops grown by the farmer. Following Jayachandran (2006), the below twentieth percentile is a dummy which equals one if the village average annual rainfall is below the
twentieth percentile of total average annual rainfall. Similarly, dummy for between the twentieth and eightieth percentiles equals to one if it is between the twentieth and eightieth
percentiles; dummy for above the eightieth percentile equals to one if it is above the eightieth percentile. We use the second column as instruments for yield.

*** significant at 1%; significant at 5%; * significant at 10%.



Table 3: Effect of productivity shocks on labor allocation (OLS Estimates)

ey 2 ©))
Log Log Non- Log Out Non-
Agricultural agricultural agricultural
Days Days Days
Yield 0.0553*** -0.0159* -0.00755
(0.0158) (0.00852) (0.00861)
Year fixed effects Yes Yes Yes
Household fixed effects Yes Yes Yes
Observations 173,010 144,695 103,922
Number of households 20,813 19,614 16,866
Mean of Y 4,011 4.382 4.302

Notes: Standard errors clustered at the village level are reported in parentheses. The dependent variable in column 1 is log household average agricultural days per labor. The
dependent variable in column 2 is log household average total non-agricultural days per capita. The dependent variable in column 3 is log household average non-agricultural days
out of local village per capita.

*** significant at 1%; significant at 5%; * significant at 10%.



Table 4: Effect of productivity shocks on labor allocation (IV Estimates)

@ ) (3)

Log Log Non- Log Out Non-
Agricultural agricultural agricultural

Days Days Days

Yield -0.0792 0.199 0.444**
(0.276) (0.201) (0.209)

Year fixed effects Yes Yes Yes
Household fixed effects Yes Yes Yes
Observations 171,475 142,838 101,626
Number of households 19,278 17,757 14,570
Mean of Y 4,011 4.382 4.302
Hansen J-statistic 2.368 4,031 1.395
F-stat (1% stage) 94.96 99.09 68.63

Notes: Standard errors clustered at the village level are reported in parentheses. The dependent variable in column 1 is log household average agricultural days per labor. The
dependent variable in column 2 is log household average total non-agricultural days per capita. The dependent variable in column 3 is log household average non-agricultural days

out of local village per capita.
*** significant at 1%; significant at 5%; * significant at 10%.



Table 5: Heterogeneous effect of productivity shocks on labor allocation (IV Estimates)

) @ @)
Log Log Non- Log Out Non-
Agricultural agricultural agricultural
Days Days Days
Panel A: Members aged 50 and below (dependent
variable)
Yield -0.230 0.134 0.550**
(0.287) (0.240) (0.234)
Observations 69,079 60,088 42,364
F-stat (1% stage) 58.20 61.57 45.63
Panel B: Members aged above 50 (dependent variable)
Yield -0.125 -0.211 -0.155
(0.298) (0.227) (0.230)
Observations 99,487 80,459 56,941
F-stat (1% stage) 37.28 38.61 21.44
Panel C: Large Farm
Yield -0.132 0.162 0.431
(0.338) (0.221) (0.276)
Observations 76,797 64,370 46,509
F-stat (1% stage) 35.81 39.65 27.74
Panel D: Small Farm
Yield -0.116 0.112 0.335*
(0.262) (0.218) (0.182)
Observations 91,097 74,931 52,021
F-stat (1 stage) 59.14 61.10 40.16

Notes: Standard errors clustered at the village level are reported in parentheses. All specifications include household and year fixed effects. The data has detailed labor days for each
household member, thus the dependent variables in panel A are average agricultural and non-agricultural workdays for household members aged 50 and below. The dependent
variables in panel B are for average workdays for members aged above 50. Panel C is subsample for large farms (farm size above the average in village i in year j), and panel D is
for small farms.

*** significant at 1%; significant at 5%; * significant at 10%.



Table 6: Effect of productivity shocks on household income (OLS Estimates)

@) ) (©) (4) ©) (6)
Log total Log Log out non-  Log total Log Log out non-
income agricultural  agricultural income agricultural  agricultural
per capita  income per income per  per capita income per income per
capita capita (OECD) capita capita
(OECD) (OECD)
Yield 0.109*** 0.260*** 0.00450 0.108*** 0.259*** 0.00434
(0.0114) (0.0382) (0.0156) (0.0115) (0.0385) (0.0154)
Year fixed Yes Yes Yes Yes Yes Yes
effects
Household Yes Yes Yes Yes Yes Yes
fixed effects
Observations 191,690 190,978 100,569 191,690 190,978 100,569
Number of
households 21,287 21,258 17,128 21,287 21,258 17,128
Mean of Y 8.846 7.968 7.787 9.594 8.716 8.538

Notes: Standard errors clustered at the village level are reported in parentheses. The dependent variables in columns 1-3 are log household total income per capita, log household
total agricultural income per capita, log household average non-agricultural income out of local village per capita. In columns 4-6, we try to control for differences in family size
across families by calculating the family size using OECD equivalence scale.

*** significant at 1%; significant at 5%; * significant at 10%.



Table 7: Effect of productivity shocks on household income (1V Estimates)

@) ) (©) (4) ©) (6)
Log total Log Log out non-  Log total Log Log out non-
income agricultural  agricultural income agricultural  agricultural
per capita  income per income per  per capita income per income per
capita capita (OECD) capita capita
(OECD) (OECD)
Yield 0.655*** 0.788*** 0.877* 0.630*** 0.762*** 0.848*
(0.216) (0.286) (0.505) (0.209) (0.283) (0.494)
Year fixed Yes Yes Yes Yes Yes Yes
effects
Household Yes Yes Yes Yes Yes Yes
fixed effects
Observations 190,321 189,614 98,202 190,321 189,614 98,202
Number of
households 19,918 19,894 14,761 19,918 19,894 14,761
Mean of Y 8.846 7.968 7.787 9.594 8.716 8.538
Hansen J-
statistic 1.834 0.273 2.338 1.564 0.328 2.195
F-stat (1
stage) 120.8 115.6 78.07 120.8 115.6 78.07

Notes: Standard errors clustered at the village level are reported in parentheses. The dependent variable in columns 1-3 are log household total income per capita, log household total
agricultural income per capita, log household average non-agricultural income out of local village per capita. In columns 4-6, we try to control for differences in family size across

families by calculating the family size using the OECD equivalence scale.
*** significant at 1%; significant at 5%; * significant at 10%.



Table 8: Effect of productivity shocks on household agricultural investment (OLS Estimates)

1) (2 3 4 (5) (6)
Sown area (mu) Machinery Other inputs Total Labor Family Labor Hired Labor
Yield -0.0696*** 0.221%** 0.147** 0.130** 0.143** 0.143***
(0.0231) (0.0366) (0.0695) (0.0624) (0.0678) (0.0311)
Year fixed effects Yes Yes Yes Yes Yes Yes
Household fixed effects Yes Yes Yes Yes Yes Yes
Observations 191,880 191,880 191,880 191,880 191,880 191,880
Number of households 21,290 21,290 21,290 21,290 21,290 21,290
Mean of Y 2.691 7.967 5.037 4,281 5.022 0.464

Notes: Standard errors clustered at the village level are reported in parentheses. The dependent variables are IHS function® of sown area in mu; investment in machinery, value of
other inputs, days reported worked in agriculture (including family labor and hired labor for all the crops), family labor days reported in agriculture and hired labor days reported in
agriculture. Other inputs include chemical and organic fertilizer, pesticides, irrigation, agricultural covers, small tools, animals and other costs.

*** significant at 1%; significant at 5%; * significant at 10%.

Table 9: Effect of productivity shocks on household agricultural investment (1 Estimates)

D (2 3 4 (5) (6)
Sown area (mu) Machinery Other inputs Total Labor Family Labor Hired Labor

Yield 0.409** 0.507 0.924*** -1.084 -1.084 0.715**

(0.203) (0.746) (0.335) (0.938) (0.943) (0.353)
Year fixed effects Yes Yes Yes Yes Yes Yes
Household fixed effects Yes Yes Yes Yes Yes Yes
Observations 190,513 190,513 190,513 190,513 190,513 190,513
Number of households 19,923 19,923 19,923 19,923 19,923 19,923
Mean of Y 2.691 4.281 7.967 5.037 5.022 0.464
F-stat (1% stage) 121.1 121.1 121.1 121.1 121.1 121.1

Notes: Standard errors clustered at the village level are reported in parentheses. The dependent variables are IHS function of sown area in mu; investment in machinery, value of
other inputs, days reported worked in agriculture (including family labor and hired labor for all the crops), family labor days reported in agriculture and hired labor days reported in
agriculture. Other inputs include chemical and organic fertilizer, pesticides, irrigation, agricultural covers, small tools, animals and other costs.

*** significant at 1%; significant at 5%; * significant at 10%.

3 The inverse hyperbolic sine (IHS) function is similar to a logarithmic transformation but is well defined for value of zero (Charis et al., 2017). We use IHS
transformation for continuous outcomes with many zeros. For outcomes without many zeros, we use logarithmic transformation.



Table 10: Heterogeneous response to non-agricultural shocks (IVV Estimates)

) 2 ®) (4) ®) (6)
Log total income per Log agricultural Log out non- Log Agricultural Log Out Non- Labor Input
capita income per capita agricultural income Days agricultural Days (Day/Mu)
per capita
Panel A: Heterogeneity by region
Yield 0.352* 0.151 0.185 0.158 0.0410 0.0305
(East) (0.195) (0.241) (0.211) (0.121) (0.0711) (0.224)
Yield 1.069*** 1.317** 1.826** -0.348 0.691** -2.622*
(Middle & West) (0.358) (0.522) (0.722) (0.463) (0.309) (1.368)
Test East=Middle & West 2.74* 3.74* 4.38** 1.06 3.86** 3.43*
Panel B: Heterogeneity by year
Year 2010 and below
Yield 0.524*** 0.418* 0.745** -0.0584 0.433* -1.212
(0.192) (0.232) (0.357) (0.232) (0.223) (0.767)
Observations 122,303 121,890 67,164 112,510 66,970 122,410
Yield 0.191 0.376* -0.136 0.145 0.172 0.778
(0.173) (0.220) (0.232) (0.218) (0.191) (0.658)
Observations 66,566 66,255 28,667 57,246 32,534 66,652
Panel C: Heterogeneity by initial migration cost of the village
Yield 0.230 0.211 0.0993 0.440** 0.0816 0.459
(0.271) (0.218) (0.245) (0.219) (0.0685) (0.400)
Yield * initial low cost 0.526 0.707* 1.269** -0.652* 0.525** -2.158*
(0.337) (0.367) (0.628) (0.373) (0.240) (1.104)
B1+ B 0.756*** 0.918*** 1.368** -0.212 0.607** -1.699
(0.223) (0.325) (0.616) (0.330) (0.241) (1.114)
Panel D: Heterogeneity by education levels of head
Yield 0.665*** 0.791*** 0.876* -0.0776 0.444** -1.092
(0.221) (0.289) (0.510) (0.273) (0.211) (0.934)
Yield * initial high edu 0.237 0.659 0.341 0.289 0.163 1.230
(0.368) (0.408) (0.323) (0.266) (0.239) (0.797)
B1+ B 0.902** 1.449%%** 1.217** 0.212 0.606* 0.138
(0.393) (0.438) (0.549) (0.361) (0.338) (0.953)
Observations 190,321 189,614 98,202 171,475 101,626 190,513

Notes: Standard errors clustered at the village level are reported in parentheses. All specifications include household and year fixed effects. East includes Beijing, Tianjin, Hebei,
Liaoning, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong, and Hainan. Middle includes Shanxi, Inner Mongolia, Jilin, Heilongjiang, Anhui, Jiangxi, Henan, Hubei,
Hunan, and Guangxi. West includes Sichuan, Guizhou, Yunnan, Tibet, Shaanxi, Gansu, Qinghai, Ningxia, and Xinjiang. In panel B, the sample is split into the year 2010 and below



and later than 2010. In panel C, yield is interacted with a dummy equal to 1 if the village is in the lowest quintile of distance to the main road. In panel D, yield is interacted with a
dummy equal to one if education of household head is high-school graduate. The linear combinations are reported in 5, + f3,.
*** significant at 1%; significant at 5%; * significant at 10%.

Table 11: Robustness checks — Rice productivity (OLS Estimates)

@) @) @) (4) ©) (6)
Log total Log Log out non- Log Log Out Labor Input
income  agricultural  agricultural  Agricultural Non- (Day/Mu)
per income per income per Days agricultural
capita capita capita Days
Yield 0.0851***  (.184*** 0.00853 0.0266** 0.0113 0.0490
(0.0140) (0.0209) (0.0210) (0.0124) (0.0195) (0.0321)
Year fixed Yes Yes Yes Yes Yes Yes
effects
Household Yes Yes Yes Yes Yes Yes
fixed effects
Observations 80,002 79,823 46,730 74,083 48,119 80,077
Number of
households 11,379 11,364 9,042 11,046 8,825 11,380
Mean of Y 8.813 7.976 7.759 4.100 4.345 5.299

Notes: Standard errors clustered at the village level are reported in parentheses. All specifications include household and year fixed effects. The sample is only restricted to rice-
produced farmers. The yield is log (volume of rice produced/area cropped) for the rice grown by the farmer.



Table 12: Robustness checks — Rice productivity (IV Estimates)

1 ) ©) 4) ©) (6)
Log total Log Log out non- Log Log Out Labor Input
income  agricultural  agricultural  Agricultural Non- (Day/Mu)
per income per income per Days agricultural
capita capita capita Days
Yield 0.727%** 0.889*** 1.232** 0.650* 0.565 0.745
(0.216) (0.255) (0.546) (0.360) (0.453) (0.556)
Year fixed Yes Yes Yes Yes Yes Yes
effects
Household Yes Yes Yes Yes Yes Yes
fixed effects
Observations 78,631 78,457 45,117 72,648 46,608 78,708
Number of
households 10,008 9,998 7,429 9,611 7,314 10,011
Mean of Y 8.813 7.976 7.759 4.100 4.345 5.299
F-stat (1%
stage) 60.49 60.59 21.67 66.62 21.64 59.87

Notes: Standard errors clustered at the village level are reported in parentheses. All specifications include household and year fixed effects. The sample is only restricted to rice-
produced farmers. The yield is log (volume of rice produced/area cropped) for the rice grown by the farmer. The rainfall shock is eight-month rainfall shock interacted with rainfall
level dummies.

Table 13: Robustness checks — Rice productivity (Cultivation season rainfall IV Estimates)

1) @) @) (4) ®) (6)
Log total Log Log out non- Log Log Out Labor Input
income  agricultural  agricultural Agricultural Non- (Day/Mu)
per income per income per Days agricultural
capita capita capita Days
Yield 1.772** 1.612** 1.412 0.908 1.141 -0.729
(0.810) (0.799) (1.018) (0.763) (0.913) (1.511)
Year fixed Yes Yes Yes Yes Yes Yes
effects
Household Yes Yes Yes Yes Yes Yes
fixed effects
Observations 78,631 78,457 45,117 72,648 46,608 78,708
Number of
households 10,008 9,998 7,429 9,611 7,314 10,011
Mean of Y 8.813 7.976 7.759 4.100 4.345 5.299
F-stat (1
stage) 43.62 44.13 30.33 47.05 30.88 43.09

Notes: Standard errors clustered at the village level are reported in parentheses. The rainfall shock is calculated as the deviation from mean rainfall in the cultivation period for rice.



Table 14: Robustness checks — Rice productivity (Cultivation season rainfall IV Estimates)

@ ) 3 4) ®) (6)
Log total Log Log out non- Log Log Out Labor Input
income  agricultural  agricultural  Agricultural Non- (Day/Mu)
per income per income per Days agricultural
capita capita capita Days
Yield 0.798*** 0.975%** 1.250** 0.698* 0.568 0.713
(0.226) (0.253) (0.496) (0.378) (0.411) (0.554)
Year fixed Yes Yes Yes Yes Yes Yes
effects
Household Yes Yes Yes Yes Yes Yes
fixed effects
Observations 78,631 78,457 45,117 72,648 46,608 78,708
Number of
households 10,008 9,998 7,429 9,611 7,314 10,011
Mean of Y 8.813 7.976 7.759 4.100 4.345 5.299
F-stat (1%
stage) 58.47 58.75 22.43 63.04 22.51 57.83

Notes: Standard errors clustered at the village level are reported in parentheses. The rainfall is calculated as the deviation from mean rainfall in the cultivation period for rice. The
cultivation season is April to October for rice following Tao et al. (2008) and Leight (2016). The rainfall shock is cultivation season rainfall interacted with rainfall level dummies.



Table 15: Robustness checks — Rice productivity (Growing season rainfall 1V Estimates)

1 ) ©) 4) ©) (6)
Log total Log Log out non- Log Log Out Labor Input
income  agricultural  agricultural  Agricultural Non- (Day/Mu)
per income per income per Days agricultural
capita capita capita Days
Yield 1.283*** 1.240* 1.564* 0.149 1.211* -0.147
(0.442) (0.635) (0.857) (0.637) (0.673) (1.203)
Year fixed Yes Yes Yes Yes Yes Yes
effects
Household Yes Yes Yes Yes Yes Yes
fixed effects
Observations 32,296 32,178 19,167 29,8901 20,481 32,332
Number of
households 5,033 5,024 3,590 4,756 3,625 5,037
Mean of Y 8.846 7.898 7.833 3.973 4.370 5.224
F-stat (1%
stage) 50.27 50.95 27.69 55.31 24.92 50.17

Notes: Standard errors clustered at the village level are reported in parentheses. The rainfall shock is calculated as the deviation from mean rainfall in the cultivation period for rice.
The sample is restricted to farmers with (rice area/sown area)>0.5.



Table 16: Robustness checks — Rice productivity (Growing season rainfall 1V Estimates)

1 ) ©) 4) ©) (6)
Log total Log Log out non- Log Log Out Labor Input
income  agricultural  agricultural  Agricultural Non- (Day/Mu)
per income per income per Days agricultural
capita capita capita Days
Yield 1.069*** 1.230** 1.256** 0.0473 0.970* 0.337
(0.341) (0.514) (0.528) (0.478) (0.512) (0.820)
Year fixed Yes Yes Yes Yes Yes Yes
effects
Household Yes Yes Yes Yes Yes Yes
fixed effects
Observations 32,296 32,178 19,167 29,8901 20,481 32,332
Number of
households 5,033 5,024 3,590 4,756 3,625 5,037
Mean of Y 8.846 7.898 7.833 3.973 4.370 5.224
F-stat (1%
stage) 28.29 28.54 16.05 31.43 14.27 27.39

Notes: Standard errors clustered at the village level are reported in parentheses. The rainfall is calculated as the deviation from mean rainfall in the cultivation period for rice. The

cultivation season is April to October for rice following Tao et al. (2008) and Leight (2016). The rainfall shock is growing season rainfall interacted with rainfall level dummies. The
sample is restricted to farmers with (rice area/sown area)>0.5.



Table 17: Robustness checks — Change 1V First Stage

) O] ®)
Yield Yield Yield
Rainfall shock -0.0148***
(0.00438)
Rainfall shock x Below the twentieth percentile 0.138 0.444**
(0.0843) (0.173)
Rainfall shock x Between the twentieth and eightieth percentiles -0.0103 -0.0397**
(0.0100) (0.0163)
Rainfall shock squared xAbove the eightieth percentile -0.0200*** -0.0524***
(0.00635) (0.0171)
Rainfall shock squared x Below the twentieth percentile -0.160**
(0.0622)
Rainfall shock squared x Between the twentieth and eightieth percentiles 0.00493**
(0.00199)
Rainfall shock squared x Above the eightieth percentile 0.00214**
(0.000892)
Year fixed effects Yes Yes Yes
Household fixed effects Yes Yes Yes
Mean of Y 0.125 0.125 0.125
Observations 191,880 191,880 191,880
R-squared 0.016 0.017 0.018

Notes: Standard errors clustered at the village level are reported in parentheses. The rainfall shock is deviation from the annual mean rainfall of each village. We use the first and

third column as instruments for yield in the following robustness check.



Table 18: Robustness checks — Change 1V First Stage (1V 1)

@) ) ®) (4) (%) (6)
Log total income per  Log agricultural income Log out non-agricultural Log Agricultural Log Out Non- Labor
capita per capita income per capita Days agricultural Days Input
(Day/Mu)
Yield 1.381*** 0.470 2.914%** -1.126* 0.670** -5.435%**
(0.440) (0.499) (0.875) (0.642) (0.295) (1.964)
Year fixed effects Yes Yes Yes Yes Yes Yes
Household fixed Yes Yes Yes Yes Yes Yes
effects
Observations 190,321 189,614 98,202 171,475 101,626 190,513
Number of
households 19,918 19,894 14,761 19,278 14,570 19,923
Mean of Y 8.846 7.968 7.787 4.011 4.302 5.037
F-stat (1% stage) 60.95 60.93 36.40 45.85 41.22 61.28

Notes: Standard errors clustered at the village level are reported in parentheses. The IV is column 1 in table 17.



Table 19: Robustness checks — Change 1V First Stage (1V 3)

@) ) ®) (4) (%) (6)
Log total income per  Log agricultural income Log out non-agricultural Log Agricultural Log Out Non- Labor
capita per capita income per capita Days agricultural Days Input
(Day/Mu)
Yield 0.579*** 0.803*** 0.753* 0.0819 0.317* -0.878
(0.180) (0.242) (0.392) (0.241) (0.171) (0.740)
Year fixed effects Yes Yes Yes Yes Yes Yes
Household fixed Yes Yes Yes Yes Yes Yes
effects
Observations 190,321 189,614 98,202 171,475 101,626 190,513
Number of
households 19,918 19,894 14,761 19,278 14,570 19,923
Mean of Y 8.846 7.968 7.787 4.011 4.302 5.037
F-stat (1% stage) 78.06 74.38 46.11 63.30 46.86 78.21

Notes: Standard errors clustered at the village level are reported in parentheses. The IV is column 3 in table 17.



Table 20: Channel 1 - local demand (1V Estimates) by household data

@)
Non-agricultural
Wage (Yuan/Day)

)
Log local non-
agricultural income

@)
Log local non-
agricultural days per

per capita capita
Yield 28.52 -0.100 0.0542
(104.6) (0.465) (0.507)
Year fixed effects Yes Yes Yes
Household fixed effects Yes Yes Yes
Observations 40,051 31,816 78,689
Number of households 8,798 7,825 12,975
Mean of Y 49.15 7.928 3.785
F-stat (1% stage) 40.01 13.72 47.64

Notes: Standard errors clustered at the village level are reported in parentheses. The 2009-2016 RCRE household data report non-agricultural income within the village which allows
us to identify average non-agricultural wage. The dependent variable in column 1 is local non-agricultural income per capita divided by local non-agricultural workdays per capita.
The dependent variable in column 2 is log non-agricultural income within the village. The dependent variable in column 3 is log non-agricultural days within the village (RCRE
2003-2016).

*** significant at 1%; significant at 5%; * significant at 10%.



Table 21: Channel 1 - local demand by village data

) 0] (©) (4) ®)
Prop. of Manufact. Prop. of Constr. Prop. of Prop. of Number of local
income income Trans. Service companies
Rainfall shock x Below the twentieth percentile 0.0420 -0.0349 0.0411* -0.00182 -3.761
(0.0322) (0.0491) (0.0246) (0.0310) (5.514)
Rainfall shock x Between the twentieth and eightieth
percentiles 0.000940 -0.00782 -0.00839* 0.00916 -3.770
(0.00940) (0.00578) (0.00482) (0.0107) (4.978)
Rainfall shock xAbove the eightieth percentile 0.00691 -0.00568* 0.00146 0.00407 -0.657
(0.00646) (0.00312) (0.00235) (0.00581) (1.680)
Year fixed effects Yes Yes Yes Yes Yes
Village fixed effects Yes Yes Yes Yes Yes
Observations 3,949 3,949 3,949 3,949 2,193
Number of villages 337 337 337 337 272
Mean of Y 0.133 0.0790 0.0719 0.0898 19.74
P value of joint test 0.138 0.336 0.176 0.733 0.357

Notes: Standard errors clustered at the village level are reported in parentheses. The 2003-2016 RCRE village data report detailed village income by sectors. The dependent variables
in columns 1-4 are total manufactural income divided by total village income, total construction income divided by total village income, proportion of transportation income and

proportion of service income. The dependent variable in column 5 is the number of companies in the local village.
*** significant at 1%; significant at 5%; * significant at 10%.



Table 22: Channel 2 - liquidity constraints (IV Estimates)

@ O] ®) 4) () (6)
Log total income per Log agricultural Log out non- Log Agricultural Log Out Non- Labor Input
capita income per capita agricultural income Days agricultural Days (Day/Mu)
per capita
Panel A: Heterogeneous by initial income of household
Yield 0.163 0.449 0.377 -0.141 0.0206 -1.142
(0.204) (0.297) (0.413) (0.292) (0.174) (0.956)
Yield * Lowest quintile 2.698*** 1.907*** 2.732%** 0.344*** 1.723%** 0.448
(0.324) (0.252) (0.398) (0.133) (0.288) (0.274)
Bi+ B 2.860*** 2.356%** 3.108*** 0.203 1.743%** -0.695
(0.319) (0.344) (0.477) (0.236) (0.346) (0.837)
Panel B: Heterogeneous by initial deposit of household
Yield 0.563*** 0.778*** 0.722 -0.0528 0.431** -0.841
(0.193) (0.275) (0.440) (0.271) (0.214) (0.809)
Yield * Lowest quintile 0.452 -0.617 1.621** -0.221 0.0610 -5.706**
(0.510) (0.656) (0.798) (0.782) (0.530) (2.283)
B1+ B 1.015** 0.161 2.343*** -0.274 0.492 -6.547***
(0.473) (0.553) (0.841) (0.720) (0.500) (2.100)
Observations 190,321 189,614 98,202 171,475 101,626 190,513

Notes: Standard errors clustered at the village level are reported in parentheses. All specifications include household and year fixed effects. In panel A, yield is interacted with a
dummy equal to 1 if the household is in the lowest quintile of initial income per capita by village in 2002. In panel B, yield is interacted with a dummy equal to 1 if the household is
in the lowest quintile of initial deposit by village in 2002. The linear combinations are reported in ; + f5,.





