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Abstract 
 

Three Essays on Environmental Economics 
by 

Lunyu Xie 
Doctor of Philosophy in Agricultural and Resource Economics 

University of California, Berkeley 
Professor Peter Berck, Chair 

 

Environmental issues have large impacts on both developed and developing economies. 
In this dissertation, I focus on three environmental issues, assess their impacts, and evaluate the 
effectiveness of related remedies, using both ex-post evaluation and ex-ante forecasting methods. 

Using individual travel diary data collected before and after the rail transit coverage 
expansion in urban Beijing, the first chapter estimates the impact of rail accessibility 
improvement on the usage of rail transit, automobiles, buses, walking, and bicycling, measured 
as percent distance traveled by each mode in an individual trip. My results indicate that the 
average rail transit usage significantly increased, by 98.3% for commuters residing in the zones 
where the distances to the nearest station decreased because of the expansion, relative to 
commuters in the zones where the distances did not change. I also find that auto usage 
significantly decreased, by 19.8%, while the impact on bus usage was small and not statistically 
significant. Average walking and bicycling distance (combined) increased by 11.8%, indicating 
that walking and bicycling are complements to urban rail transit, instead of substitutes. 
Furthermore, I find that estimated changes in auto usage and rail transit usage vary significantly 
with auto ownership and income.  

Based on a coauthored paper with Peter Berck and Jintao Xu, the second chapter studies 
the collective forest tenure reform in China. In this reform, the Chinese government allowed 
collective village forest land to pass into individualized ownership. The government’s purpose 
was to alleviate rural poverty, stimulate investment in forests, and improve forest conservation. 
Using data collected from 288 villages, in eight provinces, over three years, this chapter 
measures the effect of the individualization on one aspect of forest investment, forestation. 
Because villages voted on the reform, we identify the causal effect of the reform by an 
instrumental variable estimator based on the countywide decision to offer the reform package. 
We find an increase in forestation of 7.87% of forest land in the year of the reform, and no 
significant change in harvesting. It implies that the individualization of the village forestlands is 
on track to meet the societal goals concerning forest conditions. 

The third chapter is based on a coauthored paper with Sarah Lewis, Maximilian 
Auffhammer, and Peter Berck. In this chapter, we study crop coverage adaption to climate 
change. In the face of warming weather, famers may grow different crops that better fit in the 
new landscape. This type of adaptation may offset the negative effects of climate change. 
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However, adaptation may be restricted by soil conditions, which determine crop yields and 
whether the substitution crops could fit in. The feasible amount of adaptation could be small, 
even in the face of substantial warming. Therefore, the negative effects of climate change can be 
offset only to a limited extent. In this paper, we pair a 10-year panel of satellite-based crop 
coverage and soil data with a fine-scale weather data set that incorporates the whole distribution 
of temperatures within each day and across all days in the 10-year period. Combining a 
proportion type model with local regressions, we simultaneously address the econometric issues 
of proportion dependent variables and spatial correlation of unobserved factors. Based on the 
estimates of crop choices, we predict future crop maps under several climate change scenarios. 
We find that rice and cotton spread toward the north, corn share increases, and soy share 
decreases on average. We also find that crop shifting patterns vary across quality levels of soils. 
There is less crop adaptation on better soils than on soils with lower quality. 
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Chapter 1 

Automobile Usage and Urban Rail Transit Expansion 
 

1.1    Introduction 
To reduce automobile-caused congestion and air pollution, 1 metropolitan areas, world-wide, are 
investing heavily in building or extending urban rail transit systems.2 Whether these goals can be 
met depends on which travel modes commuters reduce when they use more rail transit. This 
remains an open question in practice. This study investigates the change in transportation mode 
usage in Beijing, a mega-city unique in the speed of its subway development. With a $30 billion3 
investment in building new subway lines, Beijing’s subway system grew from a small system 
with 41 stations to more than 400 stations in only eight years.4 The rollout of new subway lines 
creates a series of contrasts between commuters who experienced rail accessibility improvements 
and those who did not. In this paper, I take advantage of this rollout to estimate, ex post, how the 
completion of new rail transit lines affected kilometers traveled by rail transit, autos, buses, and 
walking and bicycling, respectively.  

Investment in commuter rail transit is a world-wide phenomenon, driven by a belief in its 
benefits, including less congestion, less air pollution, and improved labor market access for the 
poor (Kain 1968, Vickrey 1969, Chen and Whalley 2012). Transit authorities believe that the 
benefit is large; hence, the investment in rail transit is large (Cervero 1998). For the same reason, 
passenger fares for public transportation are usually heavily subsidized (Parry and Small 2009, 
Kenworthy and Laube 2001). However, some researchers argue that the cost to build and 
maintain new transit is higher than the measured benefit, and point out that the optimistic view of 
the rail transit benefit was based partially on an overestimation of ridership (Gordon and Willson 
1984, Kain 1992, Pickrell 1992, Kain 1997, Allport and Thomson 1990, Kain 1990). Besides the 
unsettled question concerning rail ridership, another equally important question is from which 
alternative travel modes rail transit riders are diverted. The rail benefit will be higher if rail 
transit ridership comes at the expense of more polluting modes of transportation such as 
automobiles, rather than less polluting modes such as bicycles. This study addresses the two 
questions simultaneously by looking into the changes in distance traveled by various modes.  

It is of particular interest to study the effect of rail transit on mode usage in a city in the 
developing world, because the rapid increase in auto use that goes along with economic growth 
is causing both local and global problems. As pointed out by Wolfram et al. (2012), an increase 
                                                        
1 According to Parry and Small (2009), the cost of local and global air pollution, congestion, and accidents varies 
from $ 0.46 per mile for Washington DC to $2.42 per mile for London. 
2 According to the International Association of Public Transport, since the beginning of 2012, 37 cities opened or 
extended metro systems, tram and light rail systems. 155 million passengers per day in over 116 cities in Europe, 
North America, South America, Asia, and the Middle East and North Africa were carried by urban rail transit in 
2006, and the number is growing. 
3 200 billion Chinese Yuan. 
4 The rapid expansion of Beijing’s urban rail transit system started in 2007. The construction plan is to have a rail 
system of 700 kilometers by 2015. More details of the Beijing subway expansion history and plan are provided in 
the next section. 
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in income for the poor leads to an increase in the purchase of energy-using assets. The 
exponential increase in auto ownership in the past decade in Beijing is one example. Auto 
ownership increased from 4 million to 5 million in Beijing in 2010, before the implementation of 
the license plate lottery.5 The rapid increase in auto usage has brought great challenges to road 
capacity and air quality. According to the Beijing Transportation Commission (BTC), the space 
taken by autos exceeds the sum of all road spaces and parking lot spaces in urban Beijing; the 
average speed during rush hours is less than 20 kilometers per hour; and more than 50% of the 
airborne pollution comes from auto exhaust. Transportation sectors also significantly contribute 
to greenhouse gases, given the large population in Beijing and other major cities in developing 
countries. If the rail transit being constructed in the developing world slows down the rapid 
increase in auto use, it will benefit not only the local residents, but also the rest of the world, 
which is affected by greenhouse gas emissions. However, the literature on urban rail transit’s 
effect on mode use in developing countries is sparse, because heavy auto use is recent and urban 
rail transit is still very limited. 

This paper is the first study to use a (pseudo) panel of individual trips to estimate the ex 
post effect of rail transit provision on mode usage, measured as the percent distance traveled in a 
mode, in the context of a city in the developing world. Taking advantage of three rounds of 
detailed individual travel dairies in Beijing, with new subway lines completed between the 
rounds, I observe households before and after the coverage changes. I also observe households 
that are affected and those that are not affected. This is possible because the rail expansion 
improved accessibility for the households residing along the new lines, while not for the rest. In 
other words, a counterfactual is provided by commuters in zones where the distances between 
their area of residence and the rail station remained the same. The main estimation strategy is the 
differences-in-differences (DID) method. With the unique dataset and the double comparison 
estimation strategy, I am able to alleviate several identification problems present in most 
previous literature.  

First, the double differencing removes two types of biases (Imbens and Wooldridge 
2009). One bias comes from the comparison between the treatment group and the control group 
that could be the result of permanent differences between these groups. People who prefer rail 
transit tend to choose to live in areas near rail stations. Cross-sectional studies (Gordon and 
Willson 1984, Wardman 1997, Winston and Shirley 1998, Petitte 2001, Kain and Liu 1994) 
comparing commuters in nearby areas to those in further areas usually suffer from this self-
selection bias. The other bias comes from the comparison over time that could be the result of 
time trends unrelated to the treatment. Macroeconomic shocks and transport policies6 can be the 
sources of such bias, from which time-series studies (Gaudry 1975, Greene 1992, Gomez-Ibanez 
1996) tend to suffer.  

                                                        
5 The license plate lottery, starting in January 2011, restricts car ownership. Only the winners of the lottery are 
allowed to register license plates for new cars. Each month, 20,000 new plates are issued. 
6 The Beijing municipal government adopted a series of measures in last five years aiming to reduce auto use. The 
low fare public transit policy, adopted in 2007, discounts bus fare up to 80% and decreases subway fares from 3-5 
Yuan to a single price of 2 Yuan. A driving restriction in effect from July 20 to September 20, 2008 (for the 
Olympic Games in Beijing) banned half of automobiles from the roads by the last digit of a license plate (even digit 
for even dates, odd digit for odd dates). A relaxed driving restriction, in effect since October 11, 2008, banned 20 
percent of automobiles. A license plate lottery, starting in January 2011, restricts auto ownership. Parking fees in the 
urban area increased by up to five times the previous rates, starting in April 2011. 
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Second, the estimation of an ex post effect is preferred in terms of causal inference, given 
the difficulty in predicting the market share of a new rail system by an ex ante study (McFadden, 
et al. 1977). Discrete choice models,7 widely used in the travel mode choice literature, require 
accurately constructing attributes of alternatives, especially the alternative specific constants. 
Inaccurate construction of the alternatives tends to result in inaccurate prediction. Despite the 
effort put into McFadden’s pioneering work (McFadden, et al. 1977) to project ridership for the 
Bay Area Rapid Transit system in the San Francisco Bay Area, the projected transit share is still 
37% larger than the actual transit share (Train 1978). 

Third, this study takes advantage of the higher frequency of the data. This study uses an 
annual survey as opposed to studies based on census data, which is decadal. The frequency of the 
data reduces the endogeneity problem caused by the individual’s joint decision: whether to own 
an auto and how much to drive it. The data frequency also addresses the self-selection bias 
caused by migration. Baum-Snow and Kahn (2000) used aggregate data at the census tract level 
with data points ten years apart, so they accounted for migration with a predetermined migration 
rate. While built upon their research design, this paper uses very different data, and the short time 
frame (annually repeated individual observations) limits the bias caused by migration. I test these 
two potential endogeneity sources in a later section.  

Finally, the rich information from individual travel diaries data allows me to define a 
continuous dependent variable, which is unusual in previous individual data studies. 8  The 
dependent variable in this paper is defined as the percent distance traveled by each mode in an 
individual trip, which is continuous on the unit interval. This continuous definition has two 
advantages. First, it avoids the arbitrary definition of the main mode when a trip involves more 
than one mode, which is almost always the case in practice. Second, a continuous definition 
reflects not only the change in the main mode, but also the change in the mode composition. 
Without the detailed information on mode composition, I would not have found the impact of the 
subway expansion on the walking and bicycling share in a trip, because the human powered 
mode, walking and bicycling, is not likely a substitute to the subway as a main mode. 

My results indicate that the rail transit usage of commuters who experienced the 
improvement in rail transit accessibility, measured as the distance between home and the nearest 
subway station, increased by 98.3%, on average, relative to the commuters who did not 
experience such improvement. Automobile usage decreased by 19.8%. Bus usage fell by a not 
statistically significant 5%. The diversion of commuters from autos to rail lines caused an 
increase in walking and bicycling of 11.8%, showing that walking and bicycling are 
complements to rail transit, instead of substitutes. These results are robust to alternative 
definitions of mode usage and specifications. Furthermore, I find that drivers (as opposed to 

                                                        
7 An incomplete list for ex ante studies on travel mode by discrete choice models: Ben-Akiva and Lerman (1974), 
McFadden (1974), Train (1978), Train (1980), Ben-Akiva and Morikawa (1990), Hensher and Bradle (1993), 
Asensio (2002), Alpizar and Carlsson (2003), Hensher and Rose (2007), Liu (2007).  
8 For aggregate data, the mode usage is measured as the ridership of a transit line or the market share of a mode. 
They are naturally continuous. For individual data, the natural choice is also continuous, as nearly every transit trip 
is a mixture of modes. For instance, a trip mostly on subway may also include a bus, walking or bicycling as part of 
the journey. However, standard survey data do not have this detailed information, because in questionnaires it is 
natural to ask about the modes or the mode combinations the commuter uses, instead of the distance for each mode 
involved in a trip. Therefore, it is common in the literature to choose discrete models, at the cost of losing 
information. 
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riders) and higher income commuters are less likely to switch from automobile to rail transit. 
Because I use percent of distance traveled, I also examine the effect of transit expansion on the 
number of trips. I find that neither the number of commute work trips nor their length increased, 
indicating that the quantity of travel is not increased by the subway expansion.  

The reminder of the paper is organized as follows. Section 2 provides background on the 
urban rail transit expansion in Beijing. Section 3 summarizes the data and the graphic results. 
Section 4 describes the empirical estimation strategy and presents the results. Section 5 
concludes. 

1. 2    Urban Rail Transit in Beijing 
From 1969 to 2001, Beijing had only two subway lines (Line 1 and Line 2), but has expanded 
very rapidly in recent years. After being selected to host the 2008 Olympics, Beijing invested 
heavily in building new subway lines. The subway system expanded from 114 kilometers in 
2003 to 371 kilometers in 2011. The number of stations increased from 70 to 219. According to 
the Beijing Municipal Commission of Urban Planning’s Beijing Rail Transit 2015 Plan, the total 
investment will be over $30 billion for a subway system of 704 kilometers with 421 stations by 
2015. 9 All residents in urban Beijing will be within a 30-minute walking distance of at least one 
subway station.  

 New subway lines were opened every year since 2007. Line 5, opened in October 2007, 
goes north and south. It runs 28 kilometers and has 23 stations. Line 8 and Line 10, opened in 
July 2008, go from west to east and then turn south. They run 40 kilometers and have 26 stations. 
Line 4, opened in September 2009, goes northwest and south. After 2009, Line 8 was expanded 
to the north, and six lines (Line 15, Line Changping, Line Daxing, Line Fangshan, Line 
Yizhuang, and Line 9) were added at four corners and the south of the system. The subway 
expansion history and 2015 Plan are shown in Figure 1.  

 The subway lines studied in this paper are Line 5, Line 8, and Line 10. There are two 
reasons why they are of particular interest. One reason is that these three lines go in different 
directions and cover wide areas which are geographically representative. Beijing’s development 
is based on the expansion of ring roads, all centered at Tiananmen Square. Residential areas 
within the inner rings tend to be wealthier. As shown in Figure 2, Line 5, 8, and 10 cut vertically 
and horizontally across several rings. Therefore, the areas covered by these three lines are 
representative of different income levels. The other reason is that these three lines operate mainly 
within urban Beijing, an area that is highly populated10 and developed. Restricted by the land 
available for new housing projects, the migration rate in this area is relatively low. Therefore the 
self-selective bias is limited. This hypothesis is tested indirectly in a later section.  

                                                        
9 This investment is greater than all rail transit investments in 16 major U.S. metropolitan areas over 30 years. 
According to Baum-Snow, Kahn and Voith (2005), $25 billion from federal, state, and local governments was spent 
in establishing or expanding rail transit infrastructure between 1970 and 2000 for Atlanta, Baltimore, Boston, 
Buffalo, Chicago, Dallas, Denver, Los Angeles, Miami, Portland, Sacramento, San Diego, San Francisco, San Jose, 
and St. Louis, and Washington. 
10 According to 2010 census data, the population density in urban Beijing is greater than 5000 people per square 
kilometer. 
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1.3    Data and Graphical Results 
1.3.1    Data 
This study uses travel diary data from 2007, 2008, and 2009,11 covering periods before and after 
the opening of Line 5, Line 8, and Line 10, as shown in Figure 1. The travel diary data are from 
the Beijing Household Travel Survey (BHTS) done by the BTC every year since the 1980s. In 
each of the eight urban districts, 12  households are randomly selected, stratified by Traffic 
Analysis Zone (TAZ). TAZs are geocoded areas, divided by the BTC for the purpose of traffic 
analysis. Each administrative district has 16 to 238 TAZs, based on the size of the area and the 
population of a district. In each TAZ, about 25 households are randomly selected for interviews 
in person to collect data on trips taken during a designated 24-hour period (the household’s travel 
day). Table 1 lists the number of TAZs and households surveyed each year. The sampling 
strategies are consistent from 2007 through 2009, although fewer TAZs are surveyed in 2008 and 
2009. In this paper, I restrict the sample to the 71 TAZs that are surveyed in all three years, 
which I refer as the TAZ panel. As shown in Figure 3, the TAZs in the panel are scattered mostly 
within or close to the 5th ring road13and are geographically representative. 

The survey gathers: (1) information about each segment of a trip taken during the 
household’s travel day, including travel purpose (e.g., going to work, shopping, transferring14), 
travel mode (e.g., auto, bus, subway), travel distance, time when the travel began and ended, and 
the TAZ code of the origin and the destination; (2) household information, including the TAZ 
code of the residence, vehicle ownership, and monthly household income (level 1-8); (3) 
household member information, including gender, age, occupation, possession of a driver’s 
license, and the TAZ code of the school (if a student) or the place of work (if an employee). I 
aggregate 14 modes in the surveys into four broader categories: (1) subway, (2) bus (including 
regular bus, minibus, and shuttle), (3) auto (including driving a private auto, riding in a private 
auto, driving a company auto, riding in a company auto, and taxi), and (4) walking and bicycling. 

To measure the improvement in rail transit accessibility, I calculate each TAZ’s proximity 
to rail transit in 2007, 2008, and 2009, using digital maps of TAZs and subway stations. The map 
of TAZs is taken from the BTC. The map of transit stations is taken from the OpenStreetMap 
database prepared by GEOFABRIK. Based on this database, the rail transit coverage for 2007, 
2008, and 2009 is constructed using separate transit histories taken from the official 
announcements of the operation of new lines. TAZs’ centroids and their distances to the nearest 
rail station in each year are calculated using a near-distance script that is available in the ArcGIS 

                                                        
11 The interviews were held on weekdays from May 20 to June 11 in 2007, May 13 to June 5 in 2008, and June 12 to 
26 in 2009. Line 5 started operation on October 7, 2007. Line 8 and 10 started operation on July 19, 2008. 
12 A small portion of TAZs outside the urban districts were selected. In this paper, I exclude households in those 
TAZs. 
13 It is called the “5th ring road,” but it is actually the fourth ring rode if counted from the innermost one. There is no 
“1st ring road.” The innermost one is called the “2nd ring road.” 
14 Transferring means switching modes. It can be the purpose of a trip segment, but cannot be the purpose of a trip. 
In this paper, I define a trip as traveling between two places with a specific purpose, excluding going to subway/bus 
stations, taking a taxi, transferring, and parking. Only one mode is involved in one segment of a trip, although a trip 
can have more than one mode. 
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software package. All households from the same TAZ are treated as residing at the same point.15 
This approximation is acceptable, because TAZs in urban Beijing are small. The average area of 
a TAZ is less than 1.5 square kilometers.  

A TAZ is defined as “treated” if its distance to the nearest subway station decreased in 
2008 (after the opening of Line 5) or 2009 (after the opening of Line 8 and Line 10). All treated 
TAZs are referred to as the treatment group, while all untreated TAZs are the control group. 
There are 31 and 40 TAZs in the two groups, respectively. In the treatment group, 19 TAZs are 
treated after the first round of surveys, while the other 12 TAZs are not treated until after the first 
two rounds of surveys. I refer the 19 TAZs as the early treatment group, while the 12 TAZs are 
the late treatment group. As shown in Figure 4, the treated TAZs are not necessarily along new 
subway lines, nor are the untreated TAZs far from subway stations. In 2007, the pre-treatment 
period, the two groups had the same range of distances, as shown in Panel A of Figure 5. Panel B 
of Figure 5 shows the distance distribution of the treatment group in each year. The average 
distance fell by 1.39 kilometers (from 3.35 kilometers to 1.96 kilometers) from 2007 to 2008, 
and fell by 0.57 kilometers (from 1.96 kilometers to 1.39 kilometers) from 2008 to 2009. The 
distance reduction varied across TAZs. Some TAZs that were not within walking distance of a 
station ended up within walking distance. Other TAZs were within walking distance before the 
treatment and ended up even closer. The rest of the TAZs ended up closer but still beyond 
walking distance. I will discuss the heterogeneous treatment levels later.  

 The mode usage of a trip is measured as the percent distance traveled using that mode. 
Therefore, the mode usage of a trip is characterized by four continuous variables (percent 
distance by subway, auto, bus, and walking and bicycling), rather than being assigned into a 
dominant mode. As shown in Table 2, the average percent distance in work trips traveled by auto 
is around 30%, which is the second largest, next to the distance by walking and bicycling. 
Although subway usage is a small share of work trips, the share increased from year to year in 
the treatment group. 

I focus on work trips, defined to include going to work and going to school, for two 
reasons. First, most road congestion happens during rush hours. Second, decisions about the 
destination and the travel mode are usually made jointly, especially for trips for which the 
destinations are easy to change, such as shopping trips. It takes much longer to change the place 
of work or school. Therefore, I isolate the mode choice from the destination choice by restricting 
the sample to work trips. This hypothesis is tested in a later section. 

In addition to the mode usage of a work trip, the number of work trips and the trip 
distance are also of interest. One way to measure trip distance is to add up the reported distances 
of the trip segments. The reported distance is affected by the choices of routes and travel modes. 
For the same pair of origin and destination, a bus trip tends to cover a longer distance than an 
auto trip. To avoid this confounding factor, I also measure the point to point distance between the 
centroids of the origin and destination TAZs, using ArcGIS. For all trips traveling within a TAZ, 
the ArcGIS measured trip distance is zero.  

                                                        
15 This is the only way to locate a household in the survey. Due to the confidentiality requirements for human 
subjects, all information that can identify a household or a person, such as names and home addresses, is removed 
from the dataset. 
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Mode usage is influenced by factors in addition to accessibility of rail transit. These 
factors include commuters’ socioeconomic characteristics, such as income, vehicle ownership, 
possession of a driver’s license, gender, age, and occupation. Table 2 provides summary statistics 
of the mode usage for work trips, number of trips, trip distance, and demographic variables by 
group in 2007, 2008, and 2009. 

1.3.2    The Impact of the Urban Rail Transit Expansion on Mode Usage 
Prior to the discussion of the econometric model, some qualitative evidence can be seen from 
graphs comparing the mode usage trajectories between the treatment group and the control 
group. In the four panels of Figure 6, the average percent distance traveled by subway, auto, bus, 
and walking and bicycling in work trips of the treatment group is compared to that of the control 
group year by year. All surveyed commuters with work trips in the 31 treated TAZs are included 
in the treatment group. There are two treatments, the opening of Line 5 in October 2007 and the 
opening of Line 8 and Line 10 in July 2008. Some TAZs are treated after the first round of 
surveys (early treatment group), while some others are treated after the second round of surveys 
(late treatment group). All surveyed commuters with work trips in the 40 untreated TAZs are 
included in the control group. The percent distance traveled by subway increased in both years 
for the treatment group after the expansion, while it remained stable in the control group. The 
auto travel distance of the treatment group decreased after the expansion, while it increased in 
the control group. For bus distance, no obvious difference is found between the two groups. 
Distance by walking and bicycling increased and then decreased in the treatment group, while it 
decreased in both years in the control group. Therefore, relative to the control group, the average 
usage of subway and walking and bicycling in the treatment group increased after the treatments; 
the average auto usage and bus usage decreased. 

To interpret the above finding as causal effects, one key assumption is that the two groups 
have similar usage trajectories over time periods absent any treatment effect. This assumption is 
not observable and therefore not testable in principle. One possible way to assess the plausibility 
of this assumption is to test whether the two groups have similar usage trajectories before the 
treatment. Due to data availability, the full sample is observed only once before the treatments. 
Therefore, I compare the pre-treatment trajectories of the late treatment group, instead of the full 
treatment group, to those of the control group. As shown in Figure 7, the mode usage trajectories 
of the two groups were similar before the treatment, except for walking and bicycling. Average 
percent distance by walking and bicycling was stable in the late treatment group, while it 
decreased by 0.03 in the control group from 2007 to 2008. However, the difference is not 
statistically significant (t-statistics = 0.4968). In the empirical estimation section, I will confirm 
this pre-treatment trajectory similarity by formal econometric models.  

The graphic analysis does not account for important determinants of mode usage, such as 
auto ownership and income. Therefore, I examine the balance of the treatment group and the 
control group on the covariates. I test the mean differences of income, auto ownership, gender, 
and age between the two groups in each year. None of them are statistically significant. This 
indicates that the differences in the mode usage trajectories between these two groups do not 
come from the differences of the demographic dynamics in the sample. 
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1.4    Estimation Strategies and Results 
In this section, I first employ a formal econometric model to estimate the effect of the subway 
expansion on percent distance traveled by subway, bus, auto, and walking and bicycling. Next, I 
test the plausibility of some key assumptions. I also investigate the treatment effect 
heterogeneity. Finally, I test whether the subway expansion induced more trips. 

1.4.1    Estimation of the Subway Expansion Effect  
I am primarily interested in estimating the sample average treatment effect on the treated (SATT) 
for each mode 𝑚 by the differences-in-differences (DID) estimator: 

(1)                                           𝛼𝑇𝑇𝑚 = (𝑌�11𝑚 − 𝑌�10𝑚) − (𝑌�01𝑚 − 𝑌�00𝑚)   

where 𝑌�𝑠𝑠𝑚 =  1
Nst

∑ 𝑌𝑖𝑠𝑠𝑚i ; 𝑠 equals 1 for the treatment group, and 0 for the control group; 𝑡 
equals 0 when the observation is before the treatment, and 1 after the treatment. 𝑌𝑖𝑠𝑠𝑚  is the 
percent distance traveled in mode 𝑚 by commuter 𝑖 in group 𝑠 at time 𝑡. 

The simplest estimate of 𝛼𝑇𝑇𝑚  is obtained by computing an unconditional DID. This 
estimator will be biased if factors that are related to individual travel behavior vary significantly 
across the treated and control groups at the same time as the treatment. In order to reduce the 
bias potentially introduced by observable differences across residents in the treatment group and 
the control group, I employ a regression-based conditioning strategy. With multiple time periods 
(3 years, including 30 survey dates) and multiple groups (71 TAZs), I use a natural extension of 
the two-group-two-time-period model (Imbens and Wooldridge 2009). I estimate the following 
specification: 

(2)                                   𝑌𝑖𝑖𝑖𝑠𝑚 = 𝛼 + 𝜷′𝑿𝒊𝒊 + 𝜏𝐷𝑖𝑠 + 𝑐𝑖 + 𝜂𝑠 + 𝜑𝑖𝑠 + 𝜈𝑖𝑖𝑖𝑠 

where 𝑌𝑖𝑖𝑖𝑠𝑚  is the percent distance traveled in mode 𝑚  by commuter 𝑖  residing in TAZ 𝑧  at 
district 𝑑  and observed at time 𝑡 ; 𝑿𝒊𝒊  is a vector of observable covariates for commuter 𝑖 
observed at time 𝑡; 𝐷𝑖𝑠 is the treatment indicator, which equals 1 if TAZ 𝑧 is treated at time 𝑡, 0 
otherwise; 𝑐𝑖  are TAZ dummies; 𝜂𝑠  are time dummies; 𝜑𝑖𝑠  are district-by-year dummies, and 
𝜈𝑖𝑖𝑖𝑠 is the residual. The parameter 𝜏 captures the average effect of the subway expansion on 
changes in individual-level travel mode usage over time, conditional on variables in 𝑿.  

Results are listed in Table 3. In column (1), the basic specification, I regress the mode 
usage on the treatment indicator, the group indicator, and year dummies. The group indicator 
equals 1 if the commuter is residing in a treated TAZ, 0 otherwise. In column (2), I use TAZ 
dummies and survey date dummies, which are finer dummies than the group indicator and the 
year dummies. TAZ dummies allow TAZs in the same group to have different fixed effects. 
Survey date dummies catch daily common shocks, such as weather. In the following columns, I 
add in demographic variables which are related to mode usage. Automobile ownership is an 
important predictor for auto usage. However, extra caution should be exercised when including 
auto ownership in 𝑿, because it is also influenced by the treatment. When subway accessibility is 
improved, auto ownership becomes less attractive. Therefore, subway expansion affects the 
mode usage not only directly by diverting commuters, but also indirectly by decreasing the 
demand for auto ownership. The coefficient of the treatment indicator catches both of the effects 
when not controlling for auto ownership, while it catches only the direct effect if controlling for 
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auto ownership. In column (3) and (4), I run the regression with and without auto ownership, 
respectively.  

As shown in Table 3, I find evidence of a positive and statistically significant effect of the 
subway expansion on subway usage and a negative and statistically significant effect on auto 
usage in all four specifications. The effect on bus usage is not statistically significant. The effect 
on walking and bicycling is statistically significant when controlling for demographic variables. 
Column (4) is the full specification, so I use column (4) as the main results. Panel A indicates 
that a decrease in the distance to the station increased the percent distance traveled by subway by 
0.025 (from 0.0254 to 0.0504), which is a 98.3 % change. Panel B shows that percent distance 
traveled by auto decreased by 0.06 (from 0.303 to 0.243), which is a 19.8% change. Panel C 
shows that the effect on percent distance traveled by bus is -0.013 (from 0.262 to 0.249), which 
is a 5% decrease and not statistically significant. Panel D shows that percent distance traveled by 
walking and bicycling increased by 0.048 (from 0.409 to 0.457), which is an 11.8% increase. The 
results indicate that the subway expansion diverted commuters from auto toward subway, while 
having no significant effect on bus passengers. The increase in the walking and bicycling 
distance indicates that walking and bicycling are complements to subway travel, rather than 
substitutes. 

A comparison of columns (3) and (4) shows that the effects remain stable to the control 
for auto ownership. This indicates that the indirect effect of the subway expansion on mode 
usage through changing the demand for auto ownership is small. This finding is confirmed by 
comparing the auto ownership trajectories between the treatment group and the control group. 
The graphic analysis and the regression results are available in Appendix A.  

In Table 4, I show that the effect estimates are robust to econometric models and 
alternative definitions of mode usage. Column (1) lists the main results from column (4) of Table 
1 for comparison. Column (2) of Table 4 uses a Tobit model to take account of censoring of the 
dependent variable at zero and one. The marginal effects are reported. In column (3) and (4), the 
mode usage is defined as a binary variable, which equals 1 if subway, bus, auto, or walking and 
bicycling, respectively, is the main mode of the trip, 0 otherwise. The main mode is defined as 
the mode covering the largest distance of a trip. In column (5) and (6), the mode usage is also 
defined as a binary variable, which equals 1 if subway, bus, auto, or walking and bicycling, 
respectively, is involved in a trip, 0 otherwise. Column (3) and (5) are linear probability models. 
Column (4) and (6) are logistic models. Marginal effects are reported. The estimates remain 
stable across these specifications.  

1.4.2    Evaluating the Underlying Assumptions 
In order to interpret these estimates as an unbiased measure of the subway expansion impacts, 
some important assumptions must hold -- in particular, conditional unconfoundedness and stable 
unit treatment values. Although these assumptions are not directly testable in principle, the 
following are steps we can take to assess their plausibility. 
Assessing Unconfoundedness ---- First, the above analysis assumes that the mode usage of the 
two groups have similar trajectories over time absent any treatment effect, conditional on 
observable individual characteristics (e.g., age, income, gender, occupation, auto ownership). I 
have shown that this assumption holds by graphing and comparing the pre-treatment mode usage 
of the late treatment group and those of the control group. Here, I use formal econometric models 
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to verify the graphical results in two ways. First, if the pre-treatment usage trajectories indeed are 
similar, the double difference �𝑌�𝑔2,2008

𝑚 − 𝑌�𝑔2,2007
𝑚 � − �𝑌�𝑔1,2008

𝑚 − 𝑌�𝑔1,2007
𝑚 � should be zero, where 

𝑔1 is the control group, and 𝑔2 is the late treatment group. Second, if the effects of the treatments 
in 2008 and 2009 are similar, restricting the sample to the control group and the late treatment 
group should not change the results of the full sample.  

To test whether the pre-treatment mode usage trajectories are similar between the later 
treatment group and the control group, I restrict the sample to the two groups in 2007 and 2008. I 
define a fake treatment indicator, which equals 1 for the late treatment group in 2008, 0 
otherwise. I regress the mode usage on the fake treatment indicator, year dummies, TAZ 
dummies, district by year dummies, and demographic variables. The coefficient of the fake 
treatment indicator is expected to be zero. Results are shown in column (1) of Table 5. The 
estimates for all of the four modes are indeed small and not statistically significant. 

To estimate the effect of the subway expansion on the late treatment group, I exclude the 
early treatment group. As shown in column (2) of Table 5, the estimates are similar to the main 
results. One concern is that the effect on subway usage is smaller and not significant. Smaller 
sample size could be the reason for this imprecise estimation. Appendix B does a further test and 
shows that the difference in the effect on subway usage between the two treatment groups is not 
statistically significant.  

Assessing the Stability of Unit Treatment Values ---- The estimation strategy also requires that 
the potential mode usage of one individual is independent of the treatment status of other 
individuals. If the mode usage in the control group was changed by the expansion, the 
counterfactual estimates would be biased, and the estimates of expansion impacts would, 
therefore, also be biased.  

There are two potential ways in which this assumption might be violated. The first is 
through traffic congestion alleviation. Commuters are diverted from autos by the new subway 
lines and therefore the whole road network in Beijing benefits from fewer autos on the road. If 
the control group reacts to the reduced congestion by driving more, the counterfactual auto usage 
would be biased. The reaction is not empirically tractable, and neither is the violation of the 
stable unit treatment values assumption, unless we generate some specific hypothesis regarding 
how the violation would manifest itself. The hypothesis is that if traffic congestion is alleviated 
disproportionately in areas with major destinations, we would expect to find larger treatment 
effects when the control group is restricted to those areas. I therefore restrict the control group to 
the four inner districts, which are within the 3rd ring road. That is the most developed area in 
Beijing, and also the most congested area, with the central business district in it. When there is 
less driving to work, this area is expected to experience more congestion alleviation than other, 
less congested areas. Results of the regressions using the restricted sample are listed in column 
(3) of Table 5. They are similar to the main regression results. It shows that restricting the control 
group to be the four inner districts does not significantly affect the estimated effects.  

Another potential violation of the assumption is through self-selective migration. If 
untreated commuters who prefer the subway are attracted to the treated TAZs, this would 
decrease the average subway usage of the control group, and exaggerate the estimates of the 
subway expansion impacts. Again, I generate a specific hypothesis of how this violation would 
manifest itself. The old subway lines have been there for years, and commuters with subway 
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preference have settled in nearby TAZs (which could be in the control group or treatment group), 
so the new lines are not likely to induce large migration of these commuters. It is possible that 
some commuters prefer the subway, but live in a further place due to reasons such as the high 
housing price and limited housing supply in the nearby areas. The new lines put more areas 
within walking distance, and therefore may induce the migration of these commuters. If this kind 
of migration exists, we would expect to find smaller treatment effects when the control group is 
restricted to nearby TAZs. Column (4) of Table 5 reports SATT estimates obtained using only 
data from TAZs within 1 kilometer distance of a subway station as controls. They are similar to 
the results from the main regressions. It shows that estimated expansion effects are not 
significantly impacted. This is as expected, as mentioned in the data section. Without a large 
housing supply in highly populated urban Beijing or formal renting markets, large migration is 
not likely to happen within a one year time span in this area. 

1.4.3    Treatment Effect Heterogeneity 
In this subsection, I investigate three types of treatment effect heterogeneity. First, I look into 
three treatment levels. The distance changes are not the same across TAZs; therefore, the effects 
are not homogeneous. Next, I ask whether the changes in mode usage are correlated with 
demographics. Finally, I study the effects of the distance reduction at destination. 

Heterogeneous Treatment Levels ---- The improvement in rail transit accessibility is 
heterogeneous across treated TAZs. Some TAZs ended up within walking distance of a subway 
station after not being so (out-in treatment). Some other TAZs were within walking distance 
before the treatment and ended up even closer (in-in treatment). The rest of the TAZs ended up 
closer but still beyond walking distance (out-out treatment). We expect to see different mode 
usage changes across these three groups of treated TAZs. To allow for such differences, I 
estimate the following regression: 

(3)                𝑌𝑖𝑖𝑖𝑠𝑚 = 𝛼 + 𝜷′𝑿𝒊𝒊 + 𝜏𝐷𝑖𝑠 + 𝜃1𝐷𝑖𝑠ℎ𝑖𝑠𝑖𝑖 + 𝜃2𝐷𝑖𝑠ℎ𝑖𝑠𝑜𝑜𝑠 + 𝑐𝑖 + 𝜂𝑠 + 𝜑𝑖𝑠 + 𝜈𝑖𝑖𝑖𝑠 

where ℎ𝑖𝑠𝑖𝑖 is a binary variable which equals 1 if TAZ 𝑧 is within walking distance before the 
expansion, 0 otherwise; ℎ𝑖𝑠𝑜𝑜𝑠  equals 1 if TAZ 𝑧  remains beyond walking distance after the 
expansion, 0 otherwise. Estimation of parameter 𝜃1 and parameter 𝜃2 facilitates a test of whether 
the treatment effect is heterogeneous with respect to different treatment levels. I experiment with 
1 kilometer and 2 kilometers as walking distance. 

 Table 6 summarizes the results of estimating equation (3). The coefficient of 𝑡𝑡𝑡𝑡𝑡𝑚𝑡𝑡𝑡, 
𝜏, is the estimate of out-in treatment effect. The coefficient of 𝑡𝑡𝑡𝑡𝑡𝑚𝑡𝑡𝑡 ×   𝐼 (𝑖𝑡 − 𝑖𝑡), 𝜃1, is 
the estimate of the difference between the out-in treatment effect and the in-in treatment effect; 
while the coefficient of 𝑡𝑡𝑡𝑡𝑡𝑚𝑡𝑡𝑡 ×  𝐼 (𝑜𝑜𝑡 − 𝑜𝑜𝑡) ,  𝜃2 , is the estimate of the difference 
between the out-in treatment effect and the out-out treatment effect. Most of the estimates of 𝜃 
are not statistically significant, except those in column (2). It shows that getting into a 1 
kilometer radius circle of a subway station after being located farther away increased average 
percent distance traveled by subway by 0.0404. Starting from within the 1 kilometer radius circle 
and ending up even closer increased average percent distance traveled by subway by 0.098. 
Getting closer to a subway but remaining beyond walking distance had little effect on subway 
usage.  
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 Given that the groups affected by these three treatment levels had very different subway 
usage before the treatment, I calculate the effects as percentage changes, defined as the change in 
mode usage divided by the mode usage before being treated. Results are listed in Table 7. 
Walking distance is defined as 2 kilometers in panel A. More than half of the treated TAZs ended 
up within walking distance after being beyond walking distance, 32% of them were already 
within walking distance before the treatment, and 14% remained beyond walking distance after 
the treatment. The subway usage in out-in treated TAZs almost tripled, which is much larger than 
the subway usage increase in other treated TAZs. The auto usage decreases in the out-in and in-in 
treated TAZs were larger than the decrease in the out-out treated TAZs. This indicates that the 
commuters who ended up within walking distance after previously living farther from the 
subway station are more likely to switch toward subway use than the commuters who remained 
beyond walking distance. I also experiment with defining walking distance as 1 kilometer. The 
results are similar, as shown in panel B of Table 7.  

Heterogeneous Treatment Effects across Demographics ---- I am also interested in 
investigating whether treatment effects vary systematically across individuals with different 
socioeconomic characteristics. In particular, I ask whether auto owners and commuters with 
higher income reacted similarly to the commuters without autos and those with lower incomes. I 
estimate the following regression: 

(4)                          𝑌𝑖𝑖𝑖𝑠𝑚 = 𝛼 + 𝜷′𝑿𝒊𝒊 + 𝜹′𝑿𝒊𝒊𝐷𝑖𝑠 + 𝜏𝐷𝑖𝑠 + 𝑐𝑖 + 𝜂𝑠 + 𝜑𝑖𝑠 + 𝜈𝑖𝑖𝑖𝑠 

The parameter vector 𝜹 facilitates a test of whether the treatment effect is heterogeneous 
with respect to demographics included in 𝑋. To investigate the effect heterogeneity across auto 
ownership, I include auto ownership, driver’s license, and their interaction term in 𝑋. I cannot 
directly identify individuals as auto owners because auto ownership is recorded as household 
information. So I define an auto owner as an individual who has a driver’s license and is a 
member of a household that has one or more autos. By including auto ownership, driver’s 
license, and the interaction term, I distinguish four types of auto users: (1) those having an auto 
and a driver’s license (usually the auto owners, who drive their own autos); (2) those having an 
auto but no driver’s license (usually the owner’s spouse or children, who ride in the auto); (3) 
those having a driver’s license but no auto (who drive borrowed autos or company autos); and 
(4) those having neither an auto nor a driver’s license (who ride company autos or take taxis).  

The results are listed in Table 8. The coefficient of 𝑡𝑡𝑡𝑡𝑡𝑚𝑡𝑡𝑡 ×  𝑡𝑜𝑡𝑜 𝑜𝑜𝑡𝑡𝑡𝑠ℎ𝑖𝑖  ×
 𝑑𝑡𝑖𝑑𝑡𝑡′𝑠 𝑙𝑖𝑐𝑡𝑡𝑠𝑡 is statistically significant in column (3) and (4), the estimations of the effect 
on auto usage. This indicates that auto usage of auto owners decreased more than that of 
commuters without an auto or a driver’s license. This is because auto owners have much greater 
auto usage to begin with. As show in panel A of Table 9, the average percent distance traveled by 
auto is 0.69 for auto owners, while it is 0.025 for commuters without an auto or a driver’s 
license. I measure the impacts as percent changes and report the results in panel A of Table 9. For 
commuters without an auto or a driver’s license, subway usage increased by 105.2%, and auto 
usage decreased by 262.8%. For auto owners, subway usage increased by 21.7%, and auto usage 
decreased by 13.8%. Compared to the commuters without an auto or a driver’s license, auto 
owners are much less likely to be diverted from autos toward the subway.  

To investigate the effect of heterogeneity across income levels, I also include household 
income in X. As shown in Table 8, the coefficient of treatment × income is not statistically 
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significant in any of the regressions. Again, the commuters with different income have different 
mode usage to begin with. As shown in panel B of Table 9, the percent distance traveled by auto 
is 0.19 for commuters with income level 2, while it is 0.41 for commuters with income level 5. I 
measure the impacts as percent changes and report the results in panel B of Table 9. The results 
show that commuters with higher income were less likely to switch from autos, compared to 
commuters with lower income. 

Treatment at Destination --- In all the analyses above, I focus on the treatment at origin, as I 
define the treatment as whether there is a change in the distance between home TAZ and the 
nearest subway station. Rail accessibility is also improved when the distance between the place 
of work and a subway station is decreased. In this section, I estimate the effect of the treatment at 
destination by the following regression: 

(5)                          𝑌𝑖𝑖𝑖𝑠𝑚 = 𝛼 + 𝜷′𝑿𝒊𝒊 + 𝜏𝐷𝑖𝑠 + 𝜏𝑖𝐷𝑖𝑠𝑖 + 𝑐𝑖 + 𝜂𝑠 + 𝜑𝑖𝑠 + 𝜈𝑖𝑖𝑖𝑠 

where 𝐷𝑖𝑠𝑖  is the indicator of treatment at destination, which equals 1 if the distance between the 
work TAZs and the nearest subway station is decreased at time 𝑡, 0 otherwise.  

Results are listed in Table 10. The treatment at destination does not have statistically 
significant effects on the usage of subway, autos, or buses. The effect on walking and bicycling is 
significant at the 10% significance level. The estimated impacts of the treatment at origin are not 
changed significantly by the additional treatment indicator. Compared to the treatment at origin, 
the impact of the treatment at destination on mode usage is minor. The possible reason is that the 
main business areas are covered by the old subway lines. The main function of the new lines 
(Line 5, 8, and 10) is to collect and bring commuters to those major destinations. Therefore the 
effect of treatment at origin is large, while the effect of treatment at destination is small. When 
the whole urban Beijing is covered by subway lines, as in the 2015 Plan, we expect to see the 
effect of the treatment at destination for the additional lines. 

1.4.4    Effect on the Number of Trips  
In this section, I ask whether the number of trips and the trip distance are increased by the 
subway expansion. As the expansion makes commuting more convenient and faster, commuters 
in the treatment group may respond to the convenience by taking more trips or going to farther 
away places. Table 11 summarizes the results of estimating equation (2) with different dependent 
variables. In column (1), the dependent variable is the number of work trips taken by a commuter 
in a week day. The estimate is small and not statistically significant. This indicates that 
commuters did not increase the frequency of work trips in response to the accessibility 
improvement. Column (2) to column (5) measure the effect of the expansion on trip distances. In 
column (2) and column (4), the trip distance is measured as the sum of reported distances of trip 
segments and the point to point distance calculated by ArcGIS, respectively. Column (3) and (5) 
take the natural logarithm of the reported distances and the GIS measured distances, respectively. 
The estimates are small and not statistically significant in columns (2) through (5). This indicates 
that commuters did not travel to a farther place to work when the rail transit accessibility was 
improved.  

In addition, as the subway system diverts commuters away from automobiles, ground 
travel congestion is reduced. Commuters in both the treatment group and the control group 
benefit from the congestion alleviation, and both of them may respond by traveling more. 
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Therefore, I investigate the trajectories of the number of trips and the trip distance. I compare the 
mean differences between 2007 and 2009. The t-statistic is -0.35 for the number of trips, -0.53 
for the reported trip distance, and 0.67 for the measured trip distance. There is no statistically 
significant evidence that commuters respond to the congestion alleviation by traveling further or 
more often to work. 

1.5    Conclusion 
The Beijing municipal government is spending over $30 billion on new urban rail transit lines to 
transform Beijing into a “public transportation city.”16 This investment is intended to reduce the 
air pollution and congestion caused by the rapid increase in auto usage. As in other mass transit 
investments, Beijing’s goals are best met if the new rail lines divert riders from travel modes that 
cause congestion and pollution, such as automobiles, rather than generating new riders from 
those who walked or rode bicycles. In this paper, I utilize the rapid rollout of new subway lines 
in urban Beijing to test whether the improvement of subway accessibility diverted commuters 
toward the subway, from which modes the diversion came, and how commuters with different 
socioeconomic characteristics reacted to the improvement. 

The results indicate that the new subway lines increased the percent distance traveled by 
subway by about 98.3% and decreased the percent distance traveled by autos by 19.8% in the 
treated areas, on average, relative to the untreated areas. The percent distance traveled by buses 
decreased by 5% and is not statistically significant. Along with the increase in subway usage, 
walking and bicycling distance increased by 11.8%, indicating that they are complements to 
subway use, rather than substitutes. The results are robust to specifications and alternative 
definitions of mode usage. I also find evidence that auto owners and commuters with higher 
income were less likely to switch from auto use toward subway use.  

What does the 19.8% decrease in auto usage mean to air quality in economic terms? The 
average work trip distance in the sample is 8 kilometers, and therefore 1.6 kilometers is diverted 
from auto per trip. When the 2015 Plan is completed, all the residents in urban Beijing will be 
within walking distance of at least one subway station. Supposing that two-thirds of them make 
one round trip per day for work (based on the sample statistics), the total distance saved in auto 
usage will be 17 million kilometers per day. According to Parry and Small (2009), the cost of 
local and global air polluting, congestion, and accidents varies from $0.46 per mile for 
Washington DC to $ 2.42 per mile for London. Using the same cost range, the cost saved by 
diverting commuters from autos will be $5 million to $26 million per day. Supposing that there 
are 250 week days per year, $1 billion to $6 billion will be saved in the first year of completion 
of the 2015 Plan. Regardless of the precise numbers used to interpret the magnitude of the air 
quality and congestion alleviation benefits, 17 the calculation indicates that the effects of rail 
transit infrastructure are economically substantial. 

 

                                                        
16 Source: “Rail Transit Plan of Beijing by 2015” (forthcoming), Beijing Municipal Commission of Urban Planning. 
17 Although the value of time and value of statistical life are possibly lower in urban Beijing than in Washington DC 
because of the lower average wage, the cost of air pollution is not necessarily lower, given the higher population 
density in urban Beijing. The population density is 5500 people per square kilometer in urban Beijing, while it is 
3400 people per square kilometer in Washington DC, and 5200 people per square kilometer in London. 
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Figure 2: Map of Beijing and Subway Line 5, 8, and 10 

 
Notes: The area studied in this paper is urban Beijing, including the eight administrative 
districts at the center of Beijing. Line 5, Line 8, and Line 10 cut the ring roads vertically and 
horizontally. The areas covered by the new lines are geographically and economically 
representative. 
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Figure 3: Traffic Analysis Zones Surveyed in All Three Years 

 
Notes: 71 TAZs are surveyed in all three years from 2007 to 2009. They are scattered mostly 
within the 5th ring road and are geographically representative. I restrict the sample to 
households from these 71 TAZs.  
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Figure 4: Treated TAZs  

 
Notes: A TAZ is defined to be treated if its distance to the nearest subway station is 
decreased in 2008 or 2009. In the sample, 31 TAZs are treated and 40 TAZs are not treated. 
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Figure 5: Distribution of Distances to the Nearest Subway Station 

 
Notes: In 2007 (pre-treatment period), the treatment group and the control group had the same 
range of distances to the nearest subway station. The average distance of the treatment group 
decreased by 1.39 kilometers (from 3.35 kilometers to 1.96 kilometers) from 2007 to 2008, and 
decreased by 0.57 kilometers (from 1.96 kilometers to 1.39 kilometers) from 2008 to 2009. 
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Figure 6: Mode Usage Trajectories: Treatment Group vs. Control Group 

  

  

Notes: The graphs compare the average percent distance traveled by subway, autos, buses, 
and walking and bicycling between the treatment group (31 TAZs) and the control group 
(40 TAZs). The two vertical lines are the treatments (the opening of line 5 in October 2007 
and the opening of line 8 and line 10 in July 2008).  
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Figure 7: Mode Usage Trajectories: Late Treatment Group vs. Control Group 

  

  

Notes: The graphs compare the average percent distance traveled by subway, autos, buses, 
and walking and bicycling between the late treatment group (12 TAZs) and the control 
group (40 TAZs). The late treatment group is referred to the 12 TAZs which are treated by 
the second treatment. The vertical line is the second treatment (the opening of line 8 and line 
10 in July 2008). The pre-treatment trajectories between the two groups are similar. 
Although the pre-treatment trajectories seem different for walking and bicycling, the mean 
test suggests that the difference is not statistically significant. 
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Table 1. Sample by District 

    2007   2008   2009 

District 
TAZ in 

total TAZ Household   TAZ Household   TAZ Household 
1 45 15 256 

 
12 219 

 
9 201 

2 31 18 354 
 

11 215 
 

8 160 
3 15 11 250 

 
8 163 

 
6 120 

4 21 11 276 
 

11 202 
 

9 180 
5 188 52 941 

 
35 859 

 
36 820 

6 209 54 1066 
 

49 1044 
 

43 918 
7 106 39 611 

 
26 564 

 
25 522 

8 22 11 294   8 158   7 140 
Total 637 211 4048   160 3424   143 3061 

 
Notes: Repeated cross-sectional data. In each of the eight districts in urban Beijing, 
households were randomly selected each year, stratified by Traffic Analysis Zone (TAZ). 
On average, one third of the TAZs were selected in each district, and about 25 households 
were drawn for interviews in each TAZ.  
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Table 3: Effect of Subway Expansion on Mode Usage 

Dep. Variable: percent distance traveled by a mode     

                        (= distance by a mode/trip distance)     

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

Panel A. subway 
    

 
0.0241*** 0.0176** 0.0248*** 0.0250*** 

 
(0.00892) (0.00834) (0.00909) (0.00905) 

Panel B. auto 
    

 
-0.0446** -0.0504** -0.0651** -0.0601*** 

 
(0.0204) (0.0234) (0.0250) (0.0221) 

Panel C. bus 
    

 
-0.0249 -0.0201 -0.0116 -0.0132 

 
(0.0230) (0.0228) (0.0244) (0.0229) 

Panel D. walking and bicycling 
    

 
0.0454 0.0528 0.0519** 0.0483** 

  (0.0345) (0.0339) (0.0224) (0.0224) 
group indicator x 

   year dummies x 
   TAZ dummies 

 
x x x 

survey date dummies  
 

x x x 
district by year dummies 

 
x x x 

income, gender, age, occupation 
 

x x 
auto ownership, driver license 

   
x 

number of observations 7,585 7,585 7,547 7,547 
Notes: Observations are at individual trip level. Only work trips are studied in this 
paper. Mode usage is measured as the percent distance traveled by a mode. Subway 
expansion is the treatment, which equals 1 if the distance to the nearest subway station 
is decreased in 2008 or 2009, 0 otherwise. Standard errors are clustered at the TAZ 
level. *, **, *** indicate 10%, 5%, and 1% significance level, respectively. 
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Table 5: Indirect Test of Unconfoundedness 

Dep. Variable: percent distance traveled by a mode  
                         (= distance by a mode/trip distance) 

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

Panel A. subway 
    

 
-0.000959 0.0185 0.0339** 0.0241** 

 
(0.0147) (0.0142) (0.0161) (0.0110) 

Panel B. auto 
    

 
0.0312 -0.0884*** -0.0428 -0.0459** 

 
(0.0262) (0.0298) (0.0281) (0.0224) 

Panel C. bus 
    

 
-0.0220 0.0302 -0.0271 -0.0216 

 
(0.0296) (0.0296) (0.0272) (0.0271) 

Panel D. walking and bicycling 
    

 
-0.00820 0.0398 0.0360 0.0434* 

  (0.0317) (0.0317) (0.0258) (0.0245) 
TAZ dummies x x x x 
survey data dummies  x x x x 
district by year dummies x x x x 
demographic variables x x x x 
number of observations 5,541 5,541 4667 5,494 

Notes: Column (1) tests whether the pre-treatment mode usage trajectories are similar 
between the late treatment group and the control group. Column (2) estimates the average 
treatment effects on the late treatment group. Column (3) and (4) test for the plausibility 
of the SUTVA assumption. In column (3), the control group is restricted to the TAZs that 
are within a 1 km radius circle of a subway station. In column (4), the control group is 
restricted to the TAZs in the four inner districts. Standard errors are clustered at the TAZ 
level. *, **, *** indicate 10%, 5%, and 1% significance level, respectively. 
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Table 7: Measuring Treatment Effect Heterogeneity in Percent 
Panel A. Walking distance is defined as 2 km 

  sample estimates effect 
percent 
distance 

% 
change   

subway 
       out - in 495 54.0% 0.0312 0.0312 0.0167 187.0% ** 

in - in 292 31.9% -0.0073 0.0239 0.0465 51.4% * 
out - out 129 14.1% -0.0273 0.0039 0.0113 34.5% 

 auto 
       out - in 495 54.0% -0.0718 -0.0718 0.3128 -23.0% ** 

in - in 292 31.9% -0.0094 -0.0812 0.2815 -28.8% *** 
out - out 129 14.1% 0.1000 0.0282 0.3145 9.0% 

 bus 
       out - in 495 54.0% -0.0311 -0.0311 0.2950 -10.5% 

 in - in 292 31.9% 0.0597 0.0286 0.2000 14.3% 
 out - out 129 14.1% -0.0044 -0.0355 0.2773 -12.8% 
 walking and bicycling 

       out - in 495 54.0% 0.0717 0.0717 0.3755 19.1% ** 
in - in 292 31.9% -0.0429 0.0288 0.4720 6.1% 

 out - out 129 14.1% -0.0687 0.0030 0.3969 0.8%   
Panel B. Walking distance is defined as 1 km 

  sample  estimates effect 
percent 
distance 

% 
change   

subway 
       out - in 486 53.1% 0.0404 0.0404 0.0207 195.6% *** 

in - in 66 7.2% 0.0576 0.0980 0.0943 104.0% *** 
out - out 364 39.7% -0.0426 -0.0022 0.0193 -11.4% 

 auto 
       out - in 486 53.1% -0.0798 -0.0798 0.3349 -23.8% *** 

in - in 66 7.2% 0.0259 -0.0539 0.3100 -17.4% 
 out - out 364 39.7% 0.0546 -0.0252 0.2594 -9.7% 
 bus 

       out - in 486 53.1% -0.0143 -0.0143 0.2819 -5.1% 
 in - in 66 7.2% -0.0582 -0.0725 0.1543 -47.0% * 

out - out 364 39.7% 0.0030 -0.0113 0.2555 -4.4% 
 walking and bicycling 

       out - in 486 53.1% 0.0537 0.0537 0.3626 14.8% ** 
in - in 66 7.2% -0.0252 0.0285 0.4414 6.5% 

 out - out 364 39.7% -0.0149 0.0388 0.4658 8.3%   
Notes: Treatment effects are calculated as percent changes, defined as the average change in 
the percent distance (“effect” column in the table) divided by the pre-treatment percent 
distance (“percent distance” column in the table). Standard errors are clustered at the TAZ 
level. *, **, *** indicate 10%, 5%, and 1% significance level, respectively. 
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Table 9: Measuring Treatment Effect Heterogeneity in Percent Change 
Panel A. auto 
ownership and driver 
license sample effect 

percent 
distance % change   

subway 
      no auto 289 31.6% 0.0219 0.0208 105.2% ** 

auto owner 288 31.4% 0.0326 0.1506 21.7% ** 
auto 

     no auto 289 31.6% -0.0659 0.0251 -262.8% *** 
auto owner 288 31.4% -0.0963 0.6971 -13.8% *** 

bus 
     no auto 289 31.6% -0.0087 0.3900 -2.2% 

 auto owner 288 31.4% -0.0097 0.0941 -10.3% 
 walking and bicycling 

      no auto 289 31.6% 0.0527 0.564066 9.3% * 
auto owner 288 31.4% 0.0735 0.193745 37.9% ** 

Panel B. income levels sample effect 
percent 
distance % change   

subway 
      income level 2 142 15.5% 0.0194 0.0114 170.1% 

 income level 3 203 22.2% 0.0208 0.0180 115.7% ** 
income level 4 324 35.4% 0.0222 0.0349 63.6% ** 
income level 5 181 19.8% 0.0237 0.0289 81.7% 

 auto 
      income level 2 142 15.5% -0.0558 0.1928 -29.0% * 

income level 3 203 22.2% -0.0613 0.2518 -24.3% ** 
income level 4 324 35.4% -0.0667 0.3061 -21.8% *** 
income level 5 181 19.8% -0.0721 0.4065 -17.7% *** 

bus 
      income level 2 142 15.5% -0.0107 0.2244 -4.8% 

 income level 3 203 22.2% -0.0096 0.2861 -3.4% 
 income level 4 324 35.4% -0.0085 0.2849 -3.0% 
 income level 5 181 19.8% -0.0074 0.2266 -3.3% 
 walking and bicycling 

      income level 2 142 15.5% 0.0474 0.5714 8.3% 
 income level 3 203 22.2% 0.0504 0.4440 11.3% * 

income level 4 324 35.4% 0.0534 0.3740 14.3% * 
income level 5 181 19.8% 0.0564 0.3380 16.7% * 

Notes: Standard errors are clustered at the TAZ level. *, **, *** indicate 10%, 5%, and 
1% significance level, respectively. See Table 7 for additional notes. 
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Table 10: Effects of the Treatment at Destination 

Dep. Variable:  
percent distance traveled by a mode (= distance by a mode/trip distance) 

 
subway auto bus 

walking and 
bicycling 

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

Treatment 0.0237** -0.0525** -0.0065 0.0354 

 
(0.00973) (0.0230) (0.0240) (0.0222) 

treatment at destination 0.00409 -0.0242 -0.0211 0.0412* 
  (0.00911) (0.0201) (0.0211) (0.0241) 
TAZ dummies x x x x 
survey data dummies  x x x x 
district by year dummies x x x x 
demographic variables x x x x 
number of observations 7,547 7,547 7,547 7,547 

Notes: treatment at destination equals 1 if the distance between the place of work and the 
nearest station decreased in 2008 or 2009, 0 otherwise. Standard errors are clustered at the 
TAZ level. *, **, *** indicate 10%, 5%, and 1% significance level, respectively. 
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Table 11: Effects of Subway Expansion on Number of Trips and Trip Distance 

Dep. Variable:  
number of 

trips 
trip 

distance  
log (trip 
distance) 

distance 
measured 
by GIS 

log 
(distance 
by GIS) 

 
(1) (2) (3) (4) (5) 

 
-0.00088 -0.238 -0.0824 -0.0632 -0.0110 

  (0.0161) (0.542) (0.0907) (0.238) (0.0517) 
TAZ dummies x x x x x 
survey data dummies  x x x x x 
district by year 
dummies x x x x x 
demographic variables x x x x x 
number of 
observations 7,152 7,547 7,547 7,547 6,255 

Notes: All columns have the same specification but different dependent variables. Standard 
errors are clustered at the TAZ level. *, **, *** indicate 10%, 5%, and 1% significance 
level, respectively. 
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Chapter 2 

The Effect on Forestation of the Collective Forest Tenure 
Reform in China  
 

2.1    Introduction 
Decentralizing forest management is a common approach to achieving sustainable forest 
management in the developing world ( (Little 1996, Klooster and Masera 2000, Fisher, et al. 
2000). The decentralization approach includes “joint forest management” or “social forestry” in 
India (Poffenberger 1990, Sarin 1995, Baker 1998), “collaborative forestry” in Uganda 
(Turyahabwe and Banana 2008, Hijweege 2008), “participatory forest management” in Tanzania 
(Robinson and Lokina 2011), and “community forestry” in Nepal, the Philippines, Zambia, and 
others (Lynch and Talbott 1995, Acharya 2002, Utting, et al. 2000, Meshack, et al. 2006). These 
approaches are characterized by a substantial degree of local decision making and benefit. While 
these reforms delegated control from a centralized entity to a more local entity, China’s recent 
forest management reform goes further. It delegates control directly to individual operators and 
creates individual tenure, whose security is seen by many economists as a prerequisite to 
successful forest investment (Mendelsohn 1994, R. T. Deacon 1994). This paper evaluates the 
effects of the Chinese Collective Forest Tenure Reform (State Council 2003) on forestation, 
measured as the annual area afforested and reforested, and on the timber harvesting.  

Unlike the forest reforms of the 1980s, the reform that started around 2000 devolved the 
user rights of collectively owned forest land to individual households and allowed households to 
transfer, inherit, and mortgage their forest rights (State Council 2003). Under the Forest Law 
(enacted in 1984, amended in 1998), households are responsible for and benefit from forest 
management. In the matter of management, Chinese rights holders are like non-industrial private 
forest owners in many developed countries, yet they do not have fee simple title. Their rights are 
in the form of a lease for up to 70 years. 18 To follow Lerman (1999), we call this transfer 
individualization, instead of privatization.  

 Despite the current worldwide trend toward devolution of forest lands to local 
communities (White and Martin 2002), previous research has produced mixed findings. As 
summarized by Behera and Engel (2006), the empirical evidence on the outcomes of joint forest 
management programs in India shows increased yield of both timber and non-timber forest 
products (Joshi 1999, Ballabh, Balooni and Dave 2002). However, this outcome is not consistent 
across states. It has been argued that the difference in outcomes is attributable to differences in 
the degree to which specific rights and benefits were granted (Damodaran and Engel 2003, Sarin, 
Singh, et al. 2009, Agrawal and Ostrom 2001). Kohlin and Amacher (2005) find that community 
forestry reduces time to collect firewood in Orissa, India. Bray et al. (2008) find that, in the 
Maya forest, long established collective management can be effective in delivering forest 

                                                        
18 Long term land leases are a common form of tenure for both minerals and developed real estate (Capozza and 
Sick 1991). 
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protection. Antinori and Rausser (2007) find that both community participation and technical 
expertise lead to better forest ecological conditions. Secure forest tenure and a stable policy 
environment are important for forestry success (Dalmacio, et al. 2000). Pagdee et al.’s (2006) 
meta-study identified 43 independent variables with significant influence on the success of 
community forestry. These include tenure security, clear ownership, effective enforcement of 
rules and regulations, monitoring, and the expectation of benefits. Taken together these studies 
imply that at least some of the methods of devolving forest management to local control are 
successful in creating better forest conditions. 

 In the case of China's forest reform, most previous empirical papers studied the forest 
reform of the 1980s. The papers find that the effects of the reform on forest conditions and 
management were mixed. Rozelle et al. (2003) found that forest coverage increased by 15% from 
1980 to 1993, although with a decrease in forest diversity. Albers et al. (1998) examined 
provincial level data, differentiated by ownership type. While they found that overall forest 
coverage had increased, they also found that there was substantial cutting, particularly of older 
trees, by both the state and non-state managers, with the result that volume grew very little from 
1980 to 1988. Many studies noticed the different regional performances -- rapid growth of forest 
resources in the north and stagnant or even decreasing forest cover and volume in the south19 
(Yin and Newman 1997, Albers, Rozelle and Guo 1998, Yin and Xu 2002, Yin, Xu and Li 2003, 
Hyde, Belcher and Xu 2003). Yin and Newman (1997) argued that the different impacts of 
reforms in the north and south reflected the different ways in which the general policy was 
implemented, and that the stability of a policy environment is critical to resource growth. Zhang 
et al. (2000) argued that the differences may not be limited to those between north and south 
China. They controlled for the regional differences by fixed effects, and found that de-
collectivization and market liberalization generally promote forest land expansion without 
having a significant effect on timber harvesting.  

 Studies on the renewed reform are limited by data availability. Some researchers rely on 
regional case studies (Sheng 2007, Qiu, et al. 2007), while others use fragmentary data on forest 
resources changes (Agriculture, Forest, and Water Conservancy Trade Union, 2005). Recently, 
Xu et al. (2008) used survey methods to find the changes from before to after the reform in 
several variables including forestation and timber harvest. Their paper presents summary 
statistics which show that forestation increased over the period on both individualized land and 
land in other ownerships, leading them to observe: “This indicates that other factors aside from 
tenure reform played a role in the recent afforestation boom.” Our study resolves the puzzle as to 
whether individualization by itself leads to greater forestation.  

 Using the data collected by Xu et al. (2008), we estimate the casual effect of reform on 
forestation and harvest. We control for factors other than reform and use an instrumental 
variables method to rule out the possibility that other factors, such as self-selection, market 
liberalization, other forest programs, and economic growth, caused the increases in forestation 
                                                        
19China’s forests are classified as Northeast/Southwest National Forest Region (NSNFR), Southern Collective Forest 
Region (SCFR), and Central/North/Northwest Farm Forest Region (CNNFFR). The rural reforms have affected 
SCFR and the eastern part of CNNFFR, which we refer as the south and the north separately. The SCFR covers 
Hubei, Hunan, Fujian, Zhejiang, Guangdong, Guangxi, Hainan, Guizhou, Jiangxi, and parts of Sichuan, Yunnan, 
Anhui and Jiangsu. The eastern CNNFFR covers Hebei, Liaoning, Henan, Shandong, Beijing, Tianjin, and parts of 
Anhui, Jiangsu, Shanxi and Shaanxi.  
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subsequent to the renewed reform. We find that reform increases forestation by 7.87%, at the 5% 
significance level. We also find that reform does not increase harvesting. 

 The remainder of the paper is organized as follows: Section 2 provides the history of the 
forest tenure reforms in China. Section 3 summarizes the data set. Section 4 describes the 
empirical strategy and presents results, and section 5 concludes. 

2.2    Forest Tenure Reform in China 
The forest reform is part of a larger story of evolving post-revolution Chinese property rights. In 
the 1950s, during the Great Leap Forward, China launched the collective movement. The 
compensation scheme in the large scale farms provided little reward for greater effort or higher 
productivity. As a result, productivity and living standards stagnated (Perkins and Yusuf 1984). 
The Great Chinese Famine from 1956 to 1961 halted collectivization and agricultural production 
was scaled down to village collectives. Thereafter, according to State Forestry Administration 
(SFA), agricultural and forest land ownership was gradually consolidated into state ownership 
and village collective ownership (State Forestry Administration 1999). In the early 1980s, 
agricultural land tenure reform and forest tenure reform were implemented across China. In 
1981, the State Council issued the “Resolution on Issues Concerning Forest Protection and 
Development,” also known as the Three Fixes policy. It sought to transfer responsibility for and 
benefits of forest planting and management to farmers by (1) clarifying forest rights, (2) 
delimiting private forest plots, and (3) establishing a forestry production responsibility system. 
Unlike the fast growth in agriculture (Lin 1992, Ministry of Agriculture 1989, Wen 1993), 
responses in the forest sector to the Three Fixes reform were mixed (Yin 1994, Lester 1988). 
According to the Ministry of Forestry (MOF), in the north, the average rate of forest coverage 
increased from less than 5% in 1977 to 11% in 1988 (MOF 1992). In the south, however, the 
stocking volume declined from 1.9 billion m3 in 1983 to 1.7 billion m3 in 1987 (MOF 1989), and 
the forest coverage declined by over 10 percent (Yin and Newman 1997, Hyde, Belcher and Xu 
2003). 

 By 1986, when the Three Fixes policy was fully implemented, a large part of the 
collective forest land was ostensibly transferred to individual management. In many places, 
however, the control was actually held by villages. In Fujian, only “paper shares” of collective 
forest land, instead of physical lands, were distributed to farmer households. Forestry's 
contribution to rural incomes was negligible; enforcing forest conservation became increasingly 
difficult due to a lack of farmer cooperation (Xu, et al. 2008). Reform of collective forest land 
tenure once again became an issue of high priority for the government. 

 In 2003, Document No. 9, The Resolution on the Development of Forestry (State Council 
2003), was issued. It permits the distribution of village owned forests to the villagers. 
Individualization was allowed, but not ordered, by the Resolution. It was the villagers' right to 
accept or reject the reform. If they accepted the reform, they received well defined rights to 
specific forest plots. It is the distribution of the long term leases to specific plots that makes the 
renewed wave of reform different from the 1980s reform.  

 To effect individualization, first a province must adopt an initiative to effect reform. 
Since the Resolution was issued, twenty provinces (SFA 2011) have announced initiatives aimed 
at forest tenure reform within village collectives. After the provincial government adopts the 
reform policy, it delivers the policy, step by step, through county governments, township 
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governments, and village leaders, by calling conferences and studying and discussing the reform. 
When the policy reaches a village, it is up to the village representative committee or assembly to 
vote for or against the reform on behalf of villagers. 20 Accepting the reform requires a 2/3 
majority vote. If the reform is accepted, collective-owned forest lands in the village are divided 
and redistributed to or contracted out to individuals. Redistribution of plots is accompanied by 
legal contracts and forest certificates.  

Once the land is individualized, the individual villagers are responsible for the 
management of the land. Their management is limited by the Forest Law, which is similar to 
forest practices acts in other places, for instance, California.21 The Law prohibits conversion of 
forest lands to non-forest lands (Article 15), and stipulates that timber harvesting shall be 
regulated (Article 29), reforestation is required within two years after harvesting (Article 31), 
and any logging must be permitted by the forest administration through a logging permit (Article 
32). The Law also divided forests into classes: shelter forests, timber forests, economic forests, 
fuel forests, and forests with special purposes (Article 4). Logging in shelter forests and forests 
with special purposes is prohibited or highly restricted (Article 31). 

With individualization, households will directly benefit from the work they do in planting 
trees. Therefore, we expect the reform to lead to more tree planting. However, because of the 
reversals of the 1980s reforms, households may come to a different conclusion. They may 
believe that the new reform is also temporary and that their forest tenure is temporary. If that is 
the case, they will seek short term gains by harvesting rather than planting trees. Therefore, 
villagers’ response to the renewed reform is an open question as to both harvesting and planting. 
We test the effect of the reform on both forestation and harvest.   

2.3    Data  
The survey data used in this paper were collected by the Environmental Economics Program in 
China (EEPC), Peking University. From March 2006 to August 2007, the EEPC members 
surveyed 49 counties in eight provinces: Fujian, Jiangxi, Zhejiang, Anhui, Hunan, Liaoning, 
Shandong and Yunnan. The eight provinces were randomly selected out of 25 provinces with 
forests, stratified by region. 22 Inside each province, five or six counties were randomly selected 
(again stratified by region within province), with Fujian being the exception (in Fujian, 12 
counties were selected). Forest maps were used to ensure that the selected counties are from 
those that have forests. Three townships in each county and two villages in each township were 
then selected based on random draws. 23 

                                                        
20 In the sample, the smallest population in a village is 145, and the largest is 4788. The average population in a 
village varies from 835 to 2088 in the eight surveyed provinces. 
21 For example, Z’Berg-Nejedly Forest Practice Act requires replanting to a specified density after cutting (Article 
5). Similarly, the Forest Law requires reforestation within two years after harvesting (Article 31). 
22 China's forests are distributed to the east of a 400 mm rainfall line, from Northeast to Southwest. There are about 
25 provinces in this half of China; 11 of them are identified as Collective Forest Provinces. The eight surveyed 
provinces include five among the 11 collective forest provinces (Hunan in the south, Fujian and Jiangxi in the 
southeast, Zhejiang in the east, and Anhui, in the middle); one, Yunnan, in the southwest (a state forest province 
with significant collective forest); one, Shandong, in the North China Plain, without much forest; and one, Liaoning, 
in the Northeast. 
23 Each township and a multi-digit number are paired up randomly. First, a one-digit number is drawn. The township 
corresponding to the smallest number ending up with the drawn number is selected. The next township is selected by 
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 Surveys of forestry agencies and village leaders are the source of data for this paper. The 
information about the village collective forest tenure reform process, forest activities (such as 
forestation and harvesting), land management, social, economic and demographic characteristics, 
etc., were gathered by personal interviews with village leaders. These interviews covered three of 
the years between 2000 and 2006. 24 The information about the reform process is provided in 
detail, including the year a village started to adopt the reform and requirements imposed by 
higher levels of government. If a village did not adopt the reform, the reasons are provided, such 
as not knowing about the reform policy or voting against the reform. The interviews were 
attended by local forest agency personnel, who had independent information on stocking from 
both program sources (they provided the seedlings) and from their sample plots. Further 
information on the state of the forests (from 1985 to 2006) was provided by local forestry 
agencies.25 The agency data was used for timber prices, stocking rates, and ecological and public 
interest forest cover. 

The timing of the exposure to and adoption of the reform is critical to the identification of 
the causal effect. In Table 1, we list the number of sample villages, by province, which were 
exposed to or adopted the reform in 2000, 2003, and 2005/6. By 2000, only 15% of the villages 
had been offered the reform. The percent increased to 42% in 2003 and by 2006, almost all 
villages had been exposed, except those in Zhejiang and Anhui. Among the villages which had 
been exposed by 2006, almost all villages had adopted the reform, with the exception of those in 
Zhejiang and Shandong. These variations in adoption are due to the process of delivering 
information about the reform policy, as well as the villages’ voting decisions, which are based on 
different pre-existing individualization and the needs of the provinces and villages. For example, 
the 1980’s reform in Zhejiang already allocated much of the collective forest land to individuals, 
which explains why it was not an early adopter of the renewed reform. 

 As depicted in Figure 1, the distribution of the log percent forestation26 shifts rightward 
during the period 2000-2006. Kolmogorov-Smirnov tests show that the differences between the 
distributions of forestation in 2000, 2003 and 2005/6 are significant. (For the difference between 
2000 and 2003, the p-value = 0.006; for the difference between 2000 and 2005/6, the p-value = 
0.000). Table 2 compares the percent forestation, by year, for reform adopting and non-adopting 
villages. It shows that villages adopting reform have a higher percent of forestation in year 2000 
and year 2003, but lower in year 2005/6. It is worth noting that the average percent forestation is 
decreasing over time in villages adopting reform, whereas it is increasing in villages not adopting 
reform. This could be explained by self-selection. As time goes by, fewer villages remain 
unaffected by reform, and these could be the villages whose collective forest management is 
better than others. Therefore, we need to control for fixed effects and use an instrumental 
variables technique to estimate the effect of the reform. 
                                                                                                                                                                                   
equal-distance approach. The “distance” here means the difference between numbers, not physical distance between 
townships. The same approach was adopted to select villages within each township.  
24 For Fujian, Jiangxi, and Zhejiang, 2000, 2003, and 2005 are covered in the survey; for Anhui, Hunan, Liaoning, 
Shandong, and Yunnan, 2000, 2003, and 2006 are covered in the survey. 
25 Five-year intervals for the period from 1985 to 2000, then annually from 2000 to 2005/2006. 
26 To avoid the influence of villages with a large amount of forest land, we estimate the effect of percent forestation. 
By taking the natural logarithm of percent forestation, we see that percent forestation is distributed nearly log 
normally. However, taking the natural logarithm requires excluding villages with zero forestation. The number of 
villages with zero forestation in 2000, 2003 and 2005/6 are 93, 77 and 66, respectively, which is decreasing each 
year. 
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 Figure 2 depicts the percent forestation per village of each province in each year 
surveyed. It shows that percent forestation in 2005/6 is larger than in 2000 in every province 
except Anhui. When compared to 2003, however, the percent forestation in 2005/6 decreased for 
Jiangxi, Zhejiang, Anhui, and Liaoning. Of these, only Liaoning adopted the reform before 2005. 
This shows that there are factors other than reform driving the percent forestation, and that the 
effects of these factors differ across provinces and years. For example, the provinces differ in 
predominant forest species and in climate. When the price of one species increases more rapidly 
than that of other species, forests will expand more rapidly in the area suitable for that species 
than in other areas. We cannot list all such factors, so we include province-by-year fixed effects, 
village fixed effects, and year dummies to capture their effects on forestation. 

 Timber revenue per cubic meter27 is provided for each village. We also have information 
on income and physical characteristics, including land area, forest cover, stocking, and distance 
to the county center. Summary statistics are provided in Table 3.  

2.4    Estimation and Results 
Our goal is to measure the causal effect of reform on forestation. We write the relationship 
between reform and forestation as 

(1)                                𝑓𝑡𝑖𝑐𝑝𝑠 = 𝛼 + 𝛽 ∗ 𝑡𝑡𝑓𝑜𝑡𝑚𝑖𝑠 + 𝑐𝑖 + 𝜂𝑠 + 𝜒𝑝𝑠 + 𝜀𝑖𝑐𝑝𝑠 

where 𝑓𝑡𝑖𝑐𝑝𝑠 denotes the newly forested area in percentage of village forest land in village 𝑖 in 
county 𝑐 of province 𝑖 at year 𝑡, 𝑡𝑡𝑓𝑜𝑡𝑚𝑖𝑠 equals 1 if the reform has been adopted by village 𝑖 
in or before year 𝑡, 𝑐𝑖 are village fixed effects, 𝜂𝑠 are time fixed effects, 𝜒𝑝𝑠 are province-by-year 
fixed effects, and 𝜀𝑖𝑐𝑝𝑠 is the residual. 

 Because it is up to the villages to decide whether to adopt the reform, 𝑡𝑡𝑓𝑜𝑡𝑚𝑖𝑠 is an 
endogenous variable. Estimating Equation (1) using OLS would suffer from selection bias, 
because the villages that adopt the reform are the ones most likely to benefit from it. To produce 
a consistent estimate, we use an instrumental variable (IV) approach. Our instrument, 
𝑡𝑥𝑖𝑜𝑠𝑜𝑡𝑡𝑖𝑐𝑠, exploits the exposure to reform as a natural experiment. The variable 𝑡𝑥𝑖𝑜𝑠𝑜𝑡𝑡𝑖𝑐𝑠 
equals 1 if county 𝑐 that village 𝑖 belongs to has been exposed to reform at time 𝑡 or before, and 
0 otherwise. To be a valid instrument, 𝑡𝑥𝑖𝑜𝑠𝑜𝑡𝑡𝑖𝑐𝑠 must satisfy two conditions (Wooldridge 
2002). First, 𝑐𝑜𝑑(𝑡𝑥𝑖𝑜𝑠𝑜𝑡𝑡𝑖𝑐𝑠, 𝑡𝑡𝑓𝑜𝑡𝑚𝑖𝑠) ≠ 0. This condition is satisfied because only exposed 
villages have the choice of adopting the reform; unexposed villages, by definition, do not adopt 
the reform. Indeed, this correlation is observed in the data. The second condition is the exclusion 
restriction, that 𝑐𝑜𝑑�𝑡𝑥𝑖𝑜𝑠𝑜𝑡𝑡𝑖𝑐𝑠, 𝜀𝑖𝑐𝑝𝑠� = 0. This restriction is explored in the following two 
subsections.  

2.4.1    IV Justification  
Exposure to information about the reform is not a village’s decision. It reached villages through a 
long series of steps: provincial governments, county governments, township governments, and 
finally village leaders. How quickly a province adopted the reform depended on the particular 
                                                        
27 Revenue per cubic meter is defined as the average price of the main species in a county. The main species and 
prices vary greatly across provinces. In general, most villages provided the prices of the dominant species in their 
village. If price information for two or more species is provided, we use the average prices of those species. This 
variable therefore includes the difference in price by species, as well as the difference in price over time. 
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needs of that province. The differences in the general conditions and the starting points of 
provinces, which depend on the completeness of the previous reform, will be captured in the 
province fixed effects; we use a finer level of fixed effects (village fixed effects) in the main 
regression. The efficiency of governments and how they interpret the importance of the policy 
also affect how quickly information about the reform is delivered. Although it is possible that a 
government would deliver the information based on the needs of individual villages, it is more 
likely that the government would be concerned with the overall characteristics of the villages in 
its jurisdiction instead of each particular village’s need, due to the large number of villages.28 As 
such, we would not expect the county-wide decision to correlate with the village level residual.  

Below we show that we cannot predict the timing of the exposure to reform by the 
average village characteristics in a county. We use an ordered logit, and regress the date of the 
county’s exposure to reform (minus the year 2000, so the alternatives are numbered 0 to 6) on 
possible determinants of exposure, which include household income (Income), distance from a 
village to the county seat (Distance to County), percent forest land (Forest / Land), percent 
individual forest land (Individual Forest / Forest), percent ecological and public interest forest 
land (Ecoforest / Forest), timber revenue per cubic meter (Revenue per m3), and timber volume 
(Volume / Forest). In a model with province dummies, we find that no other variables beyond the 
dummies are significant in predicting exposure. Table 4 presents these regressions with all the 
variables included. Because the number of counties with complete information is much smaller 
than the total sample, we also run these regressions with one variable at a time (which gives 40 
degrees of freedom) and get the same results. From this we conclude that, beyond the province 
dummies, there is no predictability in the timing of exposure.  

2.4.2    Linear Reduced-form Regressions 
Next, we show that the estimated coefficient of exposure in the reduced-form regressions is not 
sensitive to the choice of exogenous covariates. 

(2)                               𝑓𝑡𝑖𝑐𝑝𝑠 = 𝜃 + 𝛾 ∗ 𝑡𝑥𝑖𝑜𝑠𝑜𝑡𝑡𝑖𝑐𝑠 + 𝑐𝑖 + 𝜂𝑠 + 𝜒𝑝𝑠 + 𝜐𝑖𝑐𝑝𝑠 

These least squares regressions include village fixed effects, 𝑐𝑖 , year dummies,  𝜂𝑠 , 
province-by year-fixed effects, 𝜒𝑝𝑠 , and an error term, 𝜐𝑖𝑐𝑝𝑠 . Table 5 shows the effects of adding 
other variables to the estimation. Column (1) has no other covariates. Column (2) is the original 
regression, except that the sample size has been reduced to make columns (2)，(3) and (4) differ 
only on specification and not on sample. The change of sample size is due to the missing timber 
revenue (Revenue per m3) data and land area (Land) data, which columns (3) and (4) add in one 
by one. The estimated coefficients are 4.34%, 4.32% and 4.32% on exposure (significant at 10%) 
in the last three specifications. Clearly, adding Land and Revenue per m3 has no effect on the 
coefficient of the variable of interest, 𝑡𝑥𝑖𝑜𝑠𝑜𝑡𝑡𝑖𝑐𝑠. From this we conclude that the effect of other 
potential covariates is orthogonal to that of exposure. 

After controlling for village fixed effects (thus accounting for any factors that are time 
invariant) and showing the conditional randomness of the instrumental variable, 𝑡𝑥𝑖𝑜𝑠𝑜𝑡𝑡𝑖𝑐𝑠, we 

                                                        
28 In China, there are in total 2858 counties and 32 provinces excluding Hong Kong, Macao and Taiwan (China 
Statistical Yearbook 2010). On average, that is 90 counties per province. In each county, there are hundreds of 
villages. 
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consider changes in other factors that might occur in a village at the same time as reform and 
increase forestation. If such factors exist, the rank of a county’s exposure date should be 
positively correlated with the change in forestation. In our case, both Spearman’s and Kendall’s 
rank correlation coefficients are low in general (below 0.3, and not significant at the 10% 
significant level), except for Jiangxi (around 0.8, and not significant at the 5% significant level). 
This gives us further confidence that 𝑡𝑥𝑖𝑜𝑠𝑜𝑡𝑡𝑖𝑐𝑡 is “as good as random” and therefore is a 
valid instrumental variable. 

2.4.3    Instrumental Variable Regressions 
We now return to the central problem of finding a consistent estimate of 𝛽, the effect of reform 
from equation (1). Our IV estimator is realized in three steps. First, we use ordered logit to 
estimate a reduced form. We regress timing of reform (again, the year, if any, that reform was 
adopted, minus 2000, which gives a coding of 0 to 6, and 7 if the reform was never adopted) on 
the timing of exposure and province fixed effects. (The 𝑧 statistic on 𝑡𝑥𝑖𝑜𝑠𝑜𝑡𝑡𝑖𝑐𝑠 is 2.71 and the 
𝜒2(6) statistic for all but the constant term being zero is 6.0*105, both significant at 1%). 
Second, we use this reduced form to produce the predicted probability of reform on year 𝑡. 
𝑔ℎ𝑡𝑡𝑖𝑐𝑠 is defined as the sum of the probabilities that village 𝑖 adopts the reform on and before 
year 𝑡. 𝑔ℎ𝑡𝑡𝑖𝑐𝑠−1 is the sum of probabilities that village 𝑖 adopts the reform on and before year 
𝑡 − 1. Finally, we use 𝑔ℎ𝑡𝑡𝑖𝑐𝑠 and 𝑔ℎ𝑡𝑡𝑖𝑐𝑠−1 in an instrumental variables regression of percent 
forestation on reform. 

 The main results are presented in Table 6. This is an instrumental variables regression of 
percent forestation on reform, village fixed effects, year dummies, and province-by-year fixed 
effects. The instruments were 𝑔ℎ𝑡𝑡𝑖𝑐𝑠  and 𝑔ℎ𝑡𝑡𝑖𝑐𝑠−1 for the endogenous variables reform 
(𝑡𝑡𝑓𝑜𝑡𝑚𝑖𝑠) and reform lag (𝑡𝑡𝑓𝑜𝑡𝑚𝑖𝑠−1, which equals 1 if village 𝑖 adopts the reform at year 
𝑡 − 1 or before, and otherwise equals 0). For comparison, the first two columns are the OLS 
results. Columns (3) and (4) show the effects of using reform (𝑡𝑡𝑓𝑜𝑡𝑚𝑖𝑠) and reform lag ( 
𝑡𝑡𝑓𝑜𝑡𝑚𝑖𝑠−1). Compared to the OLS result, the IV results are much larger. This likely reflects the 
effect of unmeasured time varying variables that affect both forestation and the likelihood of 
adopting the reform. For villages with lower income, timber harvest is a more attractive income 
source than for other villages; hence, those villages are more likely to demand reform. Most poor 
villages are in mountains or deserts where the soil and weather conditions are not good for the 
growth of trees. Therefore, the forestation level is lower in poorer villages; this will bias the OLS 
results downwards. On the other hand, villages with lower forestation costs and higher 
forestation profits would also be more likely to demand reform. Low cost and high profit are 
associated with high forestation levels. Therefore, the villages that choose to adopt the reform are 
those that are likely to increase forestation more after the reform, which will bias the OLS results 
upwards. These opposite biases make the overall bias ambiguous. In our case, the downward bias 
dominates and we have a smaller OLS estimate than IV estimate. In columns (5) - (8), we 
experiment with adding other variables, such as Land and Revenue per m3, to the regressions. 
Using these variables requires a large decrease in sample size. In columns (5) and (7), we restrict 
the sample size to be the same as in columns (6) and (8), respectively. By comparing column (5) 
to (6) and comparing column (7) to (8), we see that the coefficients remain stable to additional 
control variables. The change of coefficients in columns (7) and (8) comes from the missing data 
of Revenue per m3, instead of the additional control variables. Kolmogorov-Smirnov tests show 
that the distribution of percent forestation in villages with missing revenue data is different from 
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those for which we have the data (the p-value = 0.02), while this difference is not observed for 
missing land data (the p-value = 0.12). Because the additional control variables do not change 
the estimate but bring in the missing data problem, we use column (4) as the final result. 

 Looking at column (4), we see that forestation increases by 7.87% in the year in which 
the reform is adopted (significant at 5%). The average annual percent forestation is 3.15% before 
the reform. That is, the area of newly planted land for a typical village is 3.15% of the village’s 
forest land before the reform; 11.02% (which equals 3.15% + 7.87 %) of the forest land after the 
reform. In subsequent years, the effect is 7.87% - 6.93% = 0.94% (not statistically significant). 
Thus the major effect of reform on forestation is immediate and large.   

We also examined the harvesting behavior of villages to see if the reform had any effect 
on harvesting. Individualization presents the owners with the opportunity to increase their 
immediate harvest and income. However, this tendency is limited by logging permits. When 
analyzed in an instrumental variables regression, the same as the ones above, we do not find any 
significant effect of reform on harvest per mu. Results are shown in Table 7. An interesting 
finding is that, in the OLS regression, the coefficient of reform is negative and significant at the 
5% significance level; this means that, after the reform, harvesting is decreased. It may be 
explained by self-selection. The villages that want the reform most are likely to be those with 
very poor forest management. In those villages, when the reform was adopted, there were few 
mature trees left, so the harvest level was low. The coefficient of reform by IV is negative but 
not significant. The sum of the coefficient of reform and reform lag is also negative but not 
significant. This indicates that the reform did not increase harvesting29.  

2.5    Conclusion 
Forest tenure was reformed unevenly in the 1980’s, leading to excess forest fires and a stagnating 
forest cover despite attempts at forestation in the southern collective forests region (Xu, et al. 
2008). The collective forest tenure reform analyzed in this paper was announced by the State 
Council in 2003, and reached villages through various levels of governments over a period of 
years. We utilize this variation in the delivery of reform to investigate the causal effects of the 
reform on villagers’ forest related behaviors. 

Our results indicate that reform caused villages to increase forestation in the year of the 
reform. This immediate effect was large and significant. The effect of the reform in later years is 
still positive, but much smaller and not statistically significant. This pattern of the reform effect 
can be explained by the additional finding that the reform did not increase harvest activities. 
Little increase in harvesting implies little potential increase in reforestation. Therefore, we can 
infer that most of the increase in forestation comes from the increase in afforestation. 
Afforestation is limited by the amount of bare land. When the bare land left over from the 
previous management regime was promptly planted to forest, it need not be replanted until 

                                                        
29 Xu et al. (2008) found increased harvesting in Fujian, Liaoning, Shandong and Yunnan, but no change or 
decreased harvesting in other provinces. The increase of harvesting could be explained by the relaxation of 
harvesting regulation and other confounding factors. Our paper includes year fixed effects to control for such 
factors, and uses IV method to identify the causal effect. Therefore, it is not surprising that the two papers find 
different results as to harvesting. 
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harvest, many years after our sample. Therefore, we see a large increase in forestation in the year 
of the reform and little increase in subsequent years.  

If the change of forestation and harvest continue at the current rates in reformed villages, 
we expect to see an increase in forest cover and standing volume. That is, the individualization of 
the village forest lands is on track to meet the societal goals concerning forest conditions. Based 
on this analysis alone, however, we cannot conclude that long run forest conditions will be 
improved by the reform. We cannot test forest conditions given the short time span of the data 
we have so far. Forest cover, standing volume, and age structure also depend on how and when 
harvests are made, and on thinning, fertilization, and a host of other future management 
decisions. Whether management of these new stands is effective is yet to be seen. 
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Figure 1: Density of Log Percent Forestation by Year 

 
Notes: Percent forestation includes afforestation and reforestation, which is 
measured as newly planted land divided by total prior forest land. The x-axe is 
log percent forestation and the numbers above are corresponding percent 
forestation.  
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Figure 2: Average Percent Forestation per Village of Each Province in Each Year 
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Table 1: Sample of Villages by Reform Status 

  Villages offered the policy   Villages that have taken the reform 

 
/villages observed   

 
/villages offered   

  Year00 Year03 Year05/6   Year00 Year03 Year05/6 
Total 42/288 120/288 222/288 

 
16/42 52/120 183/222 

Fujian 12/72 72/72 72/72 
 

6/12 34/72 70/72 
Jiangxi 0/30 0/30 30/30 

 
0/0 0/0 30/30 

Zhejiang 0/36 0/36 6/36 
 

0/0 0/0 1/6 
Anhui  0/30 0/30 6/30 

 
0/0 0/0 6/6 

Hunan 6/30 18/30 24/30 
 

3/6 7/18 16/24 
Liaoning 6/30 6/30 30/30 

 
3/6 3/6 28/30 

Shandong 18/30 24/30 24/30 
 

4/18 8/24 8/24 
Yunnan 0/30 0/30 30/30   0/0 0/0 24/30 
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Table 2: Percent Forestation With and Without Reform (unit: %) 

  Reform = 1       
  Mean Std. Dev. Min Max N 
Total 3.8778 10.3178 0 93.9063 241 
Year=2000 7.2956 23.2375 0 93.9063 16 
Year=2003 3.8476 8.8393 0 46.1788 52 
Year=2005/6 3.5708 8.7808 0 77.0247 173 
  Reform = 0       
  Mean Std. Dev. Min Max N 
Total 3.1485 9.4936 0 100 604 
Year=2000 2.1212 8.3388 0 100 270 
Year=2003 3.1698 7.2227 0 54.2532 234 
Year=2005/6 5.8723 15.0622 0 83.8710 100 
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Table 3: Summary Statistics 

  Mean Std. Dev. Min Max Obs 
Year2000           
Percent Forestation (%) 2.411 9.771 0 100 286 
Harvest (m3) 216.379 486.751 0 4000 198 
Harvest-Forest Ratio 0.071 0.194 0 1.325 198 
Land (mu) 15573.430 19937.640 350 235000 276 
Forest Land (mu) 12338.780 16378.550 0 154481 288 
Individual Forest Land (mu) 6773.614 8682.249 0 57457 285 
Ecoforest Land (mu) 1759.138 4415.170 0 31988 276 
Forest Volume (m3) 25057.460 43229.400 8 292437 201 
Timber Revenue (Yuan/m3) 408.922 116.576 141.559 641.667 219 
Income (Yuan/year) 2272.222 1178.438 290 8200 257 
Forest-Land Ratio 0.625 0.291 0 0.998 276 
Individual Forest-Forest Ratio 0.631 0.351 0 1 284 
Volume-Forest Ratio 2.525 4.282 0.005 35.300 201 
Ecoforest-Forest Ratio 0.129 0.231 0 0.991 271 
Year2003           
Percent Forestation (%) 3.293 7.530 0 54.253 286 
Harvest (m3) 453.956 3189.615 0 44200 200 
Harvest-Forest Ratio 0.070 0.206 0 1.667 200 
Individual Forest Land (mu) 7191.540 9231.844 0 57273 276 
Ecoforest Land (mu) 2411.625 5433.447 0 34592 276 
Forest Volume (m3) 28624.330 48588.250 9.500 295170 150 
Timber Revenue (Yuan/m3) 448.966 106.734 250 835.714 209 
Income (Yuan/year) 2446.209 1025.711 480 5030 170 
Forest-Land Ratio 0.625 0.289 0 0.993 241 
Individual Forest-Forest Ratio 0.658 0.334 0 1 275 
Volume-Forest Ratio 3.016 4.126 0.007 28.231 150 
Ecoforest-Forest Ratio 0.172 0.260 0 1 273 
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Table 3: Summary Statistics (Continued) 

Year2005/6           
Percent Forestation (%) 4.414 11.514 0 83.871 273 
Harvest (m3) 333.037 956.598 0 11100 206 
Harvest-Forest Ratio 0.073 0.214 0 1.669 206 
Individual Forest Land (mu) 8741.109 10756.130 0 53296.240 284 
Ecoforest Land (mu) 2719.636 5732.799 0 34591.500 276 
Forest Volume (m3) 31025.280 52908.280 10.200 310890 144 
Timber Revenue (Yuan/m3) 552.016 148.833 300 957.143 215 
Income (Yuan/year) 3121.672 1625.552 260 9200 265 
Forest-Land Ratio 0.639 0.288 0 0.999 277 
Individual Forest-Forest Ratio 0.734 0.295 0 1 283 
Volume-Forest Ratio 3.388 4.574 0.020 29.692 144 
Ecoforest-Forest Ratio 0.195 0.260 0 1 276 
Geographic           
Distance to County Center (km) 30.621 20.634 0 96 288 
Timing of Exposure 

      (years from 2000) 3.548 2.200 0 6 252 
Change of Forest Volume  

     from 1995 to 2000 (m3) -5020.426 44005.260 -507532 36424 151 
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Table 5: Reduced Form: Effect of Exposure on Forestation 

  1 2 3 4 
Exposure 2.1206 4.3385* 4.3235* 4.3157* 

 
(1.4422) (2.5126) (2.5065) (2.4602) 

Land 
  

-2.7112 -2.3182 

   
(22.2549) (23.6011) 

Revenue per m3 
   

-0.0025 

    
(0.0105) 

Village Fixed Effect Y Y Y Y 
Year Dummies Y Y Y Y 
Province-by-year FEs Y Y Y Y 
Number of Observations 845 581 581 581 

Notes: OLS. Dependent variable is forestation as a percent of forest area. Standard 
errors are clustered at village level. Land is in units of ten thousand mu.  
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Table 7: Effect of Reform on Harvesting 

  OLS OLS IV 
Reform -0.0663** 

 
-0.0035 

 
(0.0326) 

 
(0.054) 

Reform lag 0.0240 
 

-0.0814 

 
(0.0239) 

 
(0.1077) 

ghat 
 

-0.0183 
 

  
(0.0366) 

 ghat-lag 
 

-0.0251 
 

  
(0.0454) 

 
    Village FE Y Y Y 
Year Dummies Y Y Y 
Province-by-year FEs Y Y Y 
Number of Observations 604 604 604 

Notes: OLS for reform, OLS for ghat, and IV for reform. Dependent 
variable is harvest in unit of cubic meters per mu of forest land. 
Standard errors are clustered at village level. 
 
 



54 
 

 

Chapter 3 

Crop Adaptation to Climate Change 
 
3.1    Introduction 
Crop yields are forecasted to decrease by 30-46% before the end of the century even under 
the slowest (B1) warming scenario (Schlenker and Roberts 2009). Farmers may adapt to 
weather-caused expected yield changes by growing crops more suited to the new climate. 
Predicting adaptation, the change in cropping patterns, is therefore an important part of 
evaluating the effect of climate change on food and fiber production. In this paper, we look at 
the potential adaptation to climate change, using currently grown crops, for a group of US 
states situated in a north-south transect along the Mississippi-Missouri river system. Together 
the states comprise a major agricultural region with a considerable diversity of weather and 
soil. The selected states are also among the few for which more than 10 years of fine scale 
satellite-based crop coverage data are available.  

Along the Mississippi River, the dominant crop types are corn, soy, cotton and rice in 
the south and corn and soy in the colder north. Based on temperature alone, adaptation to 
higher temperature should result in the northward spread of cotton and rice and substitution 
of shorter-season crops (e.g., soy) for longer-season crops (e.g., corn). However, agricultural 
crop coverage is not determined by temperature alone, or even rainfall and temperature taken 
together. Soil properties are a major determinant of which crops can be grown and what the 
crop’s ultimate yield is. It is very plausible that, even in the face of the same level of 
warming, crop shifting patterns will be very different across soils of different qualities. The 
purpose of this paper is to show how weather and soil determine crop location and how, in 
the face of warmer weather, crop adaptation varies across quality levels of soil. 

Modern econometric studies of crop land coverage began with Nerlove’s (1956) 
examination of crop share response to crop prices. His estimating equations are of the form 
that coverage is a function of lagged coverage, crop price, input prices and other variables. 
There are many ways to elaborate on this basic model. (1) In many countries (e.g., the United 
States and European Union), the incentive to grow crops in addition to the price is 
government payments. As these programs change year to year and have different marginal 
effects for different farmers, it is not possible to have a fully satisfactory treatment of the 
price variable. If the focus, as was Nerlove’s focus, is on price response, parsing the true 
incentive effects is a serious problem. If the focus is on climate, the standard solution is to 
use year fixed effects to account for both prices and government programs. The year fixed 
effects also would account for differences in input prices. (2) Many authors (Just 1974, 
Chavas and Holt 1990, Lin and Dismukes 2007) think that the risk of growing a crop, perhaps 
the variance or lower semi-variance, is an important determinant of crop choices. So long as 
the risk of growing a crop is taken as constant, which is a good approximation in a short time 
series, crop fixed effects account for this factor. (3) Crop coverages are proportions and 
therefore should sum to one. Indeed there are authors (Lichtenberg 1989, Wu and Segerson 
1995) who use discrete choice models for crop share decisions. Berry’s logit (1994) is an 
appealing discrete choice model for shares that are not zero or one, because it is linear in the 
parameters and errors. However, our crop coverage data has many data points with zero 
coverage. To deal with a great number of zero shares, we use a transformation function that is 
not in the logit family. (4) Land use can be correlated across space, either as a spatial lag or 
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spatial error process. A spatial lag process is natural in housing developments (think of 
houses as a permanent crop) where the land use on the next plot does influence that on the 
subject plot. A spatial error process corresponds to unmeasured factors that influence yield 
(or otherwise influence profitability) that vary slowly over space. For instance, the 
persistence of summer fog along a coast might not be captured by measured low temperature, 
since the fog also produced moisture. All adjacent coastal areas would be similarly affected. 
We use a local regression framework so that all parameters can vary across the landscape and 
account for unmeasured place specific phenomenon. (5) Crop coverage in cross section is 
determined by climate and soil. Studies interested in price response use place fixed effects to 
account for these factors. Because these are the factors that interest us, we use measured 
climate and soil variables. We also include the interaction terms of moisture and heat, 
because a dry warming is likely to be more harmful than warming with moisture. 

Recent literature, particularly Schlenker and Roberts (2009), working at the county 
level, quantify the effects of weather on yield. Their work is noteworthy for the use of a great 
deal of spatial and temporal detail in their weather data. In their studies, the effects of soil are 
subsumed in the place fixed effects. The general tenor of their results is that high 
temperatures are very harmful to yields and so climate change projections for the United 
States result in large yield deficits in response to an increase in the number of hours of 29°c 
plus temperatures for corn, 30°c for soybeans, and 32°c for cotton. Lobel et al. (2011) do a 
very similar analysis for Africa, though they emphasize the interaction of moisture and heat. 
These studies find that warmer climates negatively affect yield.  

One potential response of farmers to climate change is to shift the location of crops, in 
turn planting crops with characteristics better matching the new landscape characteristics. 
This type of adaptation is evident on crop landscape maps. One sees cotton in the warmer, 
wetter south, wheat in drier regions, corn in the wetter parts of the Midwest, and so on. The 
choice of crops to fit climate may offset the negative effects of increasing temperature, but it 
may be limited by soil conditions. Where crops of a certain type can be grown and what their 
maximum potential yields may be are determined not only by weather but also by soils. If all 
crops suitable to local soils are negatively affected by warming, it is possible that farmers are 
left with no better crop to substitute to. That is, adaptation happens only when the substitution 
crop fits in the local soils and the current crop is harmed so much that it is less profitable than 
the substitution crop. In this paper, we show that, due to soil restriction, adaptation makes 
some difference, but that it does not undo the negative effects of higher temperature.  

The remainder of the paper is organized as follows. Section 2 summarizes the data on 
land use, soil conditions, weather, and climate change scenarios for the states along the 
Mississippi-Missouri river corridor. Section 3 describes estimation issues and establishes the 
econometric system. Section 4 presents the estimation results. Section 5 simulates crop 
adaptation to climate change. Section 6 concludes. 

3.2    Data 
Four sets of data are matched on a 4km by 4km grid to create our data set. The data include 
land cover, soil characteristics, weather, and a projection of future weather. The states 
included in the data set are those for which there are at least 10 years of land cover data: 
Iowa, Illinois, Mississippi, and part of Wisconsin, Missouri, and Arkansas, which compose 
the Mississippi-Missouri river corridor. Summary statistics are provided in Table 1. Each 
variable in the table is described in detail below. 

Dependent Variable 
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Land cover data was derived from the Cropland Data Layer – CDL available annually from 
2000 to 2010 (USDA NASS) for the six states. CDL was generated based on Resourcesat-
1 AWiFS, Landsat 5 TM, and Landsat 7 ETM+ satellites and has a ground resolution of 56 or 
30 meters, depending on the year and sensors used (Mueller and Seffrin 2006).  

We divide land cover into major crops and other land use. The major crops include 
corn and soybean for Iowa, Wisconsin, and Illinois; and corn, soybean, rice, and cotton for 
Missouri, Arkansas, and Mississippi. The category of other land use includes minor crops, 
pasture, forest, improved pasture, developed areas, water bodies, etc. The data have relatively 
low error for the major crops, but are not sufficient to tell apart the minor uses, particularly 
non-crop land from pasture. Hence we have combined all the non-major crop land use into 
one category.  

Figure 1 shows the shares of corn, soybean, rice, and cotton along the corridor. Corn 
grows mainly in the colder north, while soy is more widely distributed. Rice and cotton 
concentrate along the river in Missouri and Arkansas. For corn, the average percent coverage 
from 2002 to 2010 is 31.3% in the north, while it is only 2.5% in the south. For soy, the 
coverage is 24.2% and 12.9% in the north and the south, respectively. There is little cotton 
and rice in the north, while in the south, cotton share is 4.2% and rice share is 4.6%. 

Soil Characteristics 
For soil data, we focus on two types of variables, both derived from the USDA’s U.S. 
General Soil Map (STATSGO2). First, the underlying soil data include percent clay, sand, 
and silt, water holding capacity, pH value, electrical conductivity, slope, frost-free days, 
depth to water table, and depth to restrictive layer. Soil variables’ averages are spatially 
weighted from irregular polygons for each grid cell.  

Second, we use a classification system generated by the USDA. Land Capability 
Class (LCC) 1 is the best soil, which has the fewest limitations, and progressively lower 
classifications lead to more limited uses for the land. The LCC integer scores decline 
incrementally to 8, where soil conditions are such that agricultural planting is nearly 
impossible. The use of LCC codes add explanatory power to the raw soil characteristics 
because these codes were assigned with knowledge of past yields that depend on 
characteristics not in our data set. The distribution of LCC levels is shown in Figure 2. 
Together with Figure 1, we can see that prime agricultural soils are absent in southern Iowa 
and so largely is the corn-soy complex. Similarly, more optimal soils hug the river in 
Missouri and Arkansas, and so do rice and cotton.  

Weather Variables 
The weather data is the PRISM data processed by Schlenker and Roberts (2009) to the 4km 
by 4km, daily, level of resolution. It includes both temperature (highs and lows) and 
precipitation. Degree days are calculated from daily highs and lows, using a sine curve fitted 
to these highs and lows to approximate the amount of hours the temperature is at or above a 
given threshold (Baskerville and Emin 1969).  

Because this study has so many cross-sectional data cells, we are able to use a great 
deal of detail from the weather data. Two time periods of weather data are used for each crop 
year. (1) The planting season data, which farmers know before they actually plant. A cold wet 
spring, for instance, would delay planting and make a shorter season crop more desirable than 
a longer season crop. Compared to corn, soy is more tolerant of being planted late and more 
dependent on daylight hours, so it can make up time easily. When the planting season is late, 
farmers are more inclined to plant soy. (2) Past weather is used as a proxy for expected 

http://www.isro.org/
http://landsat.usgs.gov/
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weather. We do not find much gain from including past weather beyond one season, though, 
in terms of predicting current weather, quite a few lags of past weather are statistically 
significant. For parsimony, we limit the lags of past weather to one.  

As in Schlenker and Roberts (2009), we bin the weather data into degree days at a 
given temperature and above. We draw on their work and other literature to reduce the 
number of bins to just those at critical thresholds. However, we expand the number of 
classifications of temperature to account for the month in which it occurs. We expect, for 
instance, that hot temperatures are not as harmful as they are in the middle of the growing 
season. By including the monthly type data, we allow the data to determine the effects of 
temperature by month.  

Climate Change Scenarios 
Climate change scenarios are taken from Climate Wizard. 30 Two models are considered: (1) 
Ensemble average, SRES emission scenario: A1B; and (2) Ensemble average, SRES 
emission scenario: A2. Both models predict temperature and precipitation in change and in 
level for the end of the century (2080s). The comparison baseline is the average temperature 
and precipitation between 1961 and 1990. Future degree days are processed in two steps: 
first, future temperature highs and lows are generated by adding changes to original highs and 
lows; then the degree days are calculated based on the future highs and lows.  

 Figure 3 shows climate change scenarios, along with the observed weather condition 
in the growing season in 2009 and the planting season in 2010. The observed temperatures 
are warmer in the south and the precipitation levels are appreciably so. Average temperature 
in a growing season ranges from 12° to 25°c from the top of Iowa to the bottom of 
Mississippi, a distance of 1600 km. Total rainfall in a growing season is also variable across 
this landscape with a high of 130 cm and a low of 30 cm, highest in the southeast and lowest 
in the northwest. The A1B model predicts a 4°c increase in temperature on average in the 
north, and a 3.5°c increase in the south. The A2 model predicts a similar warming pattern, but 
0.5°c warmer than A1B’s prediction. The A1B model also predicts an 18 cm decrease in total 
precipitation in a growing season in the north, and a 5 cm decrease in the south. The A2 
model predicts a similar drying pattern with a very similar magnitude. 

3.3    The Econometric System 
Within each of our 4km squares, 𝑡 , we observe the fraction of land in year 𝑡  that was 
allocated to crop (or other use) 𝑖: 𝑆𝑖𝑖𝑠 . There are 𝑀 crops. If we imagine that each hectare of 
our squares has a crop choice, then on that hectare the crop with the highest revenue will be 
chosen. As a result, the fraction of the crop chosen in a square will be a proportion type 
model. 

(1)                                       𝑆𝑖𝑖𝑠 = 𝜙�(𝜷𝟏′𝑿𝟏𝒏𝒊 + 𝑑1𝑖𝑠), … , (𝜷𝑴′𝑿𝑴𝒏𝒊 + 𝑑𝑀𝑖𝑠)� 

where 𝑿𝒊𝒏𝒊 is a vector of determinate factors of revenue from planting crop 𝑖 on plot 𝑡 at year 
𝑡, 𝜷𝒊 is a vector of coefficients and 𝑑𝑖𝑖𝑠 is an error term. 𝜙() is a suitable transformation with 
its domain on the unit interval. When all of the shares are strictly within the unit interval, 
using logit as the transformation and rearranging terms gives a linear estimation equation 
(Berry 1994): 𝑙𝑜𝑔(𝑆𝑖𝑖𝑠) − 𝑙𝑜𝑔(𝑆0𝑖𝑠) = 𝜷𝒊′𝑿𝒊𝒏𝒊 + 𝑑𝑖𝑖𝑠. To deal with the fact that many plots 
do not have a certain crop (i.e., many 𝑆𝑖𝑖𝑠 are zeros), we use a ratio transformation and we get 

                                                        
30 Source: http://www.climatewizard.org/ 
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(2)                                         𝑆𝑖𝑛𝑡
𝑆0𝑛𝑡

= 𝜷𝒊′𝑿𝒊𝒏𝒊 + 𝑑𝑖𝑖𝑠 

In order to predict shares as a function of the independent variables, we sum the share 
ratio over 𝑆𝑖  (recall that the shares sum to one) and solve for 𝑆0𝑖𝑠 

(3)                                          𝑆0𝑖𝑠 = 1
1+∑ �𝜷𝒋′𝑿𝒋𝒏𝒊+𝑖𝑗𝑛𝑡�𝑀

𝑗=1
 

Substituting (3) into (2), we get 

(4)                                          𝑆𝑖𝑖𝑠 = 𝜷𝒊′𝑿𝒊𝒏𝒊+𝑖𝑖𝑛𝑡
1+∑ �𝜷𝒋′𝑿𝒋𝒏𝒊+𝑖𝑗𝑛𝑡�𝑀

𝑗=1
 

The estimation strategy is that first we estimate equation (2) by Tobit, accounting for 
the zero shares. To produce the predictions with climate change, we then plug the relative 
predicted shares from the Tobit, 𝑆𝚤𝑛𝑡

𝑆0𝑛𝑡

�  , into equation (4) to calculate the predicted shares 𝑆𝚤𝑖𝑠�  
with the original and with the new climate. We find the difference in these shares and that is 
our estimate of the effect of changed climate on crop patterns. 

 The remaining problem in estimation is that the unobserved determinants of crop 
coverage are highly correlated across the landscapes. This spatial correlation can induce 
heteroscedasticity, which would make straightforward Tobit estimation inconsistent. We 
know of two feasible estimation strategies. One strategy is to estimate a linear probability 
model with a Spatial Error Model (SEM) correction for the errors. In the linear probability 
model, OLS would be consistent and the SEM would serve to produce the correct standard 
errors and a more efficient estimate of the coefficients. The limitation is that the prediction is 
not guaranteed to be between 0 and 1. The other solution is to estimate local Tobit models, 
each for only one county and its neighbors. The spatial correlation is taken care of because 
the coefficients, including the constant, are free to vary across the landscape. Neighbors of 
county 𝑖 are defined to be counties whose centroids are within 70 km distance of the centroid 
of county 𝑖 . 70 km is chosen based on Moran’s I tests. The tests show that the spatial 
correlation in error decrease exponentially and beyond 70 km it is lower than 10−3. Within 
70 km, a county has 8 neighbors on average and each county has about 100 4km squares. 
Therefore, each regression has about 900 observations.  

 Next, we consider what explanatory variables should be included. The Nerlovian 
adaptive price expectations model (Nerlove 1956) assumed that farmers have rational price 
expectations based on their information set, and described it in three equations. Braulke 
(1982) derived a reduced form from the three equations by removing the unobserved 
variables. Choi and Helmberger (1993) combined this reduced form and farmer’s demand 
functions, and based on their work, Huang and Khanna (2010) described the crop share as a 
function of the lagged share, climate variables, economic variables, risk variables, population 
density, and time trend. Hausman (2012) included most of these explanatory variables, and 
also futures prices, substitute crop share and crop yield. To follow the literature,31 we include 
lagged crop share, lagged substitute crop share, weather in the current planting season and the 
last growing season, and soil conditions as explanatory variables. We include the interaction 
term of heat and moisture to account for the possibility that dry warming is much more 
harmful than warming with moisture (Lobell, et al. 2011) include year fixed effects to 
account for both output and input prices and government programs. This leads to the 
following specification: 
                                                        
31 For reviews of share response literature, see Askari and Cummings (1977) and Nerlove and Bessler 
(2001) . 
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(5)                              𝑆𝑖𝑛𝑡
𝑆0𝑛𝑡

= 𝛼𝑖 + 𝛽𝑖𝑆𝑖𝑖𝑠−1 + 𝜸𝒊′𝑺𝑺𝑖𝑖𝑠−1 + 𝝋𝑖
′𝑺𝒐𝒊𝒍𝑖 + 𝜽𝟏𝒊′ 𝑮𝑫𝑫𝑖𝑠−1 + 𝜽𝟐𝒊′ 𝑷𝑫𝑫𝑖𝑠 +

                                                        𝜽𝟑𝒊′𝑮𝑷𝑖𝑠−1 + 𝜽𝟒𝒊′ 𝑷𝑷𝑖𝑠 + 𝜽𝟓𝒊′ 𝑷𝒓𝒆𝑫𝑫𝑖𝑠+ 𝜽𝟔𝒊′ 𝑷𝒓𝒆𝑫𝑫𝑖𝑠−1 + 𝜇𝑠 + 𝜀𝑖𝑖𝑠 

where 𝑆𝑖𝑖𝑠 is the share of crop 𝑖 planted at square 𝑡 in year 𝑡. 𝑺𝑺𝑖𝑖𝑠−1 is a vector of substitute 
crop shares planted in year 𝑡 − 1. 𝑺𝒐𝒊𝒍𝑖 is a vector of soil conditions, including all the soil 
characteristics described in the data section. 𝑮𝑫𝑫𝑖𝑠−1 is a vector of degree days by month in 
the last growing season (March through November in year 𝑡 − 1). 𝑷𝑫𝑫𝑖𝑠  is a vector of 
degree days by month in the current planting season (April through July in year 𝑡). The 
critical temperatures in a planting season include 10 oc and 15 oc. 10 oc is the base temperature 
limit of rice, corn, and soybean development, while 15 oc is the base temperature limit of 
cotton development. The critical temperatures in a growing season include 10 oc, 15 oc, 20 oc, 
25 oc, 29 oc, and 32 oc. Temperatures higher than 29 oc are harmful to corn, 30 oc to soybean, 
and 32 oc to rice and cotton (Schlenker and Roberts 2009). 𝑮𝑷𝑖𝑠−1 is a vector of precipitation 
by month in the last growing season. 𝑷𝑷𝑖𝑠 is a vector of precipitation by month in the current 
planting season. 𝑷𝒓𝒆𝑫𝑫  are vectors of interactions of degree days above 30 oc and 
precipitation levels in the same month. All months in the current planting season and the last 
growing season are included. 

3.4    Estimation Results 
We run separate regressions for each crop and each county. Therefore, we have 1022 sets of 
estimates (368 counties; 2 main crops for the northern states and 4 main crops for the 
southern states). We test the significance of soil, precipitation, and degree days. The F-test 
results are shown in Table 2. Soil, precipitation and temperature are significant at the 1% 
significance level in most of the regressions for corn, soy, and cotton, while they are 
significant in half of the regressions for rice. Rice only covers about 4% of the land in the 
southern states, while the land for other use takes about 80% of the land. It’s not surprising 
that the coefficients for rice are not statistically significant, given that the dependent variable 
is the ratio of rice share and the share of other land use. (In a linear probability model, using 
just rice share, all coefficient groups are significant, so the lack of significance is likely 
because of the inability to predict the “other” category.) Cotton covers a small portion of land 
as well. But cotton is a stronger responder to weather than rice. Therefore, the coefficients are 
significant in the regressions for cotton, while they are not in the regressions for rice. 

 Based on the estimates, we predict crop share changes for two scenarios. In one 
scenario, daily temperature increases by one degree for all months in 2009 and 2010. In the 
other scenario, monthly precipitation decreases by one centimeter in all the months, and 
temperature increases as above. The predicted crop share changes are summarized in Table 3, 
Panel A. It shows that one-degree warming increases corn share by 0.0004, which means 0.04% 
more land is covered by corn (a 0.13% increase in the north, and a 1.7% increase in the south, 
given that the average corn share is much larger in the north) and decreases soy share by 
0.0067 (a 2.8% decrease for the south, and a 5.2% decrease for the north). It also increases 
rice share by 0.026 (a 62% increase in the south) and cotton share by 0.0128 (a 28% increase 
in the south). Compared to warming alone, dry warming decreases soy share more and 
increases rice share less. In addition, less land is converted into major crop land. This is 
expected, because dry warming is likely to do more damage to crop yields than warming with 
moisture. Although the averages are different, the difference is small and the share change 
patterns are similar in the two scenarios, as shown in Figure 4. This indicates that a one 
centimeter change in precipitation is not large enough to have significant effects on crop 
adaptation. 
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To illustrate how crop adaptation varies across landscapes, we map out the share 
changes in Figure 5 and Figure 6 for the one-degree-warmer scenario and the one-degree-
warmer-and-one-centimeter-drier scenario, respectively. The findings are as follows. First, 
the two scenarios have similar land cover shifting patterns, which confirms the findings in 
Figure 4. Second, rice and cotton in the south spread toward the north, which is expected, 
because the north becomes more suitable for rice and cotton. Third, the main crops take land 
from minor crops and other uses. This suggests that a one-degree increase from current 
temperature is good for the main crops. By comparing the changing pattern of other land 
cover to the spatial distribution of LCC levels (Figure 2), we also find that land with lower 
quality soils is more likely to be converted into major crop land. 

To further investigate how soil affects crop adaptation, a counterfactual crop share 
change map is constructed for selected counties in Iowa. Five counties in middle Iowa and 
another five counties in bottom Iowa are chosen based on their similarity in weather and their 
discrepancy in soil. As shown in Figure 7, Panel A, in the growing season in 2009, the two 
sets of counties have similar average temperatures, which are around 14°c (14.1°c for middle 
Iowa and 14.9°c for bottom Iowa) and similar precipitation levels, which are around 77 cm 
(76.2 cm and 77.2 cm, respectively), while soils differ significantly (LCC level 2 vs. LCC 
level 3). Despite the similar weather conditions and the same temperature increases, crop 
adaptations in the two places are different. Changes in shares of corn, soybean, and other land 
use due to a one degree increase in temperature are mapped out in the first and second row in 
Figure 7, Panel B, for the middle Iowa counties and the bottom Iowa counties, respectively. 
On average, both corn and soy shares decrease by 0.02 in the middle Iowa counties, while 
corn shares decrease by 0.03 and soy shares increase by 0.025 at the bottom of Iowa. The 
hypothesis is that, if bottom Iowa had the same soil as middle Iowa, they would have similar 
crop adaptation. To test this hypothesis, we predict the crop adaptation for the bottom Iowa 
counties assuming that they had the same soil as the middle Iowa counties. First, we create 
the counterfactual for the bottom Iowa counties. We take the average soil properties (average 
LCC, average percent of silt land, and averages of all other soil characteristics) of the middle 
Iowa counties, and the actual temperatures and precipitation levels of the bottom Iowa 
counties. Together they form the weather and soil conditions of the counterfactual land. 
Second, we predict the crop shares for the counterfactual land. Two things are different from 
the prediction for the actual bottom Iowa counties – soils, and coefficients. Remember that 
coefficients are changing across landscapes, because we run local regressions. The changing 
coefficients reflect the fact that crops on landscapes with different soils are affected 
differently by weather and soil. For example, precipitation on silt soil and sandy soil has 
different effects on crop yields, because silt soil holds water more effectively than sandy soil. 
The counterfactual has similar weather and soil to middle Iowa counties, so we use the 
coefficients estimated from a typical middle Iowa county to predict crop shares on the 
counterfactual land. Next, we assume the temperature is one degree higher in all months in 
the current planting season and the last growing season, and again predict the crop shares for 
the counterfactual land. At last, we find the difference in the shares predicted from the last 
two steps, and that is our predicted share change due to the one degree increase in 
temperature. The results are shown in the last row of Figure 7, Panel B. Compared to the first 
row of the same panel, it shows that the counterfactual land of the bottom Iowa counties has 
similar crop share change patterns as middle Iowa counties. Figure 8 shows the distributions 
of crop share changes for the middle Iowa counties, the bottom Iowa counties, and the 
counterfactual land. This confirms the hypothesis above. The middle Iowa counties and the 
bottom Iowa counties have different crop share change patterns. However, if the soils in the 
bottom Iowa counties were the same as those in the middle Iowa counties, the crop share 
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changes would be similar to the changes in middle Iowa. This also shows that, compared to 
the bottom Iowa counties, crop share changes on its counterfactual (same weather but better 
soil) have tighter distributions and the average is smaller. It suggests that crop adaptation on 
good soils is not as sensitive to weather changes as that on lower quality soils.  

3.5    Climate Change Impacts 
Crop adaptations under climate change are summarized in Table 3, Panels B and C. Four 
climate change scenarios are compared: (1) A warmer scenario predicted by the A1B model 
(only temperature changes are considered), (2) A warmer-and-drier scenario predicted by the 
A1B model (both temperature and precipitation changes are considered), (3) A warmer 
scenario predicted by the A2 model, and (4) A warmer-and-drier scenario predicted by the 
A2 model. As shown in Table 3, the four scenarios have similar effects on crop shares. The 
average changes range from -0.0197 to -0.0237 for corn, from -0.0487 to -0.0501 for soy, 
from 0.0438 to 0.0527 for rice, from 0.0317 to 0.04 for cotton, and from 0.0404 to 0.0449 for 
other land use. Compared to Panel A, this shows that, when temperature increase is mild 
(such as a one degree increase), corn share increases and other land use share decreases on 
average; when temperature increase is more dramatic (such as the four degree increase 
predicted by the A1B model), corn share decreases and other land use share increases. This 
finding suggests that slightly warmer weather is suitable for corn, but much warmer weather 
is harmful. In addition, increases in rice and cotton shares are larger with a larger increase in 
temperature, which suggests that warmer weather within the predicted magnitude is better for 
the growth of rice and cotton. 

 The distributions of predicted crop share changes are depicted in Figure 9. Compared 
to Figure 4, Figure 9 has wider distributions, which is expected, because the A1B scenario 
has larger increases in temperature than a one-unit increase. Spatial variations of crop 
adaptation under the four scenarios are mapped out in Figures 10 through 13. Figure 10 
considers temperature changes only, predicted by the A1B model, while Figure 11 considers 
both temperature and precipitation changes. They show similar land use shifting patterns, 
which suggests that drying climate within the predicted magnitude does not significantly 
worsen the growth condition for crops. Therefore, we conclude that, for the Mississippi-
Missouri river system, the major concern about climate change is warming, not drying. 
Figure 12 and Figure 13 consider the scenarios predicted by the A2 model. They are similar 
to Figure 10 and Figure 11, because the A2 model predicts the same patterns in temperature 
and precipitation changes as the A1B model does, only with slightly larger magnitudes. 

3.6    Conclusion 
This paper examines crop adaptation to climate change in the context of the six states along 
the Mississippi-Missouri river corridor. We consider the entire distribution of temperatures 
within each day and each 4km square. We also consider the soil conditions at the 4km square 
level. Based on the estimates of crop choices, we predict future crop share maps under 
several climate change scenarios. We find that rice and cotton spread toward the north, while 
soy share decreases. We also find that the crop shifting pattern is not determined by 
temperature alone. Soil plays an important role as well. There is less crop adaptation on good 
soils than on lower quality soils. Therefore, due to the crop adaption variation on soil 
qualities, a makeover of the crop map is not going to happen. 
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Figures 1: Observed Crop Coverage along the Mississippi-Missouri River System 
 

 
Notes: Graphs display observed coverage shares for corn, soy, rice, cotton, and other land 
use, in the six states along the Mississipppi-Missouri river corridor. They are average shares 
over 2002-2010. 
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Figure 2: Distribution of Land Capabilty Classification (LCC) Levels 

 
Notes: Land Capability Class (LCC) 1 is the best soil, which has the fewest limitations. 
Progressively lower classifications lead to more limited uses for the land. LCC 8 means soil 
conditions are such that agricultural planting is nearly impossible. 
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Figure 3: Observed Weather Conditions and Predicted Climate Change Scenarios 
 
Panel A. Temperature  
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Panel B. Precipitation 
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Figure 4: Distribution of Crop Share Changes with Unit Change in Temperature and 
Precipitation 

 

  

  
 
Notes: x-axes are crop share changes. For example, 0.2 in the first panel means corn share 
increases from 𝑡 to 𝑡+0.2. 
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Figure 5: Crop Share Changes with Unit Increase in Temperature 
 

 
Notes: a 20% change reported here means corn (for example) share increases from 𝑡 to 𝑡+0.2. 
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Figure 6: Crop Share Changes with Unit Increase in Temperature and Unit Decrease in  

Precipitation 

 
Notes: a 20% change reported here means corn (for example) share increases from 𝑡 to 𝑡+0.2. 
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Figure 7: Counterfactual Analysis 

 
Panel A. Similar in Weather and Different in Soil 
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Panel B. Crop Share Changes if Better Soil 
 

 
 

Notes: a 5% change reported here means corn (for example) share increases from 𝑡 to 𝑡+0.05. 
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Figure 8: Distributions of Crop Share Changes if Better Soil  

 

 

 
Notes: x-axes are crop shares changes. For example, -0.1 in the first panel means corn share 
decreases from 𝑡 to 𝑡-0.1. 
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Figure 9: Distribution of Predicted Crop Share Changes under Climate Change Scenarios 

 

  

  
 

Notes: x-axes are crop share changes. For example, -0.5 in the first panel means corn share 
decreases from 𝑡 to 𝑡-0.5. 
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Figure 10: Predicted Crop Share Changes under the A1B Scenario (Temperature Changes Only) 

 
Notes: a 20% change reported here means corn (for example) share increases from 𝑡 to 𝑡+0.2. 
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Figure 11: Predicted Crop Share Changes under the A1B Scenario (Temperature and 

Precipitation Changes) 

 
Notes: a 20% change reported here means corn (for example) share increases from 𝑡 to 𝑡+0.2. 
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Figure 12: Predicted Crop Share Changes under the A2 Scenario (Temperature Changes Only) 

 
Notes: a 20% change reported here means corn (for example) share increases from 𝑡 to 𝑡+0.2. 
 
.
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Figure 13: Predicted Crop Share Changes under the A2 Scenario (Temperature and Precipitation 

Changes) 

 
Notes: a 20% change reported here means corn (for example) share increases from 𝑡 to 𝑡+0.2. 
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Appendices 
 

A. Effect of Subway Expansion on Auto Ownership 

To test whether auto demand is decreased by rail accessibility improvement in the 

treatment group, relative to the control group, the auto ownership trajectories for both groups are 

depicted in Figure A1. Both groups have an upward trajectory in auto ownership. There is no 

obvious difference between the two groups. This finding is confirmed by formal regression 

results, as shown in Table A1. The observations are households, since auto ownership is 

observed at the household level. Column (1) is the basic specification. Column (2) includes TAZ 

dummies, instead of the group indicator. Column (3) includes household income and district by 

year dummies. None of the specifications show a statistically significant effect of the subway 

expansion on auto ownership.  

Figure A1. Auto Ownership Trajectories in the Treatment Group and the Control Group 
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Table A1: Effect of Subway Expansion on Auto Ownership 
Dep. Variable:  
auto ownership, which equals 1 if a household has one or more autos, 0 otherwise. 

 
(1) (2) (3) 

treatment -0.0226 -0.0233 0.0190 

 
(0.0256) (0.0332) (0.0370) 

income 
  

0.168*** 
      (0.00913) 
treatment indicator x 

  year dummies x x x 
TAZ dummies 

 
x x 

district by year dummies     x 
Observations 4,180 4,180 4,166 
Notes: Standard errors are clustered at the TAZ level. *,**, *** indicate 10%, 5%, and 1% 
significance level, respectively. 
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B. Effects of the Early Treatment and the Late Treatment on Mode Usage 
 I test whether the early treatment and the late treatment have similar effects on mode 

usage. I define a binary variable I (late treatment group), and interact it with treatment. If the two 

treatment groups have similar effects, the coefficients of the interaction term should estimate 

zero. As shown in Table B1, the estimates are small and not statistically significant, except for 

bus usage. The effect of the early treatment on bus usage is negative (-0.0541), while the effect 

of the late treatment is positive (0.0208 = -0.0541+0.0759). However, neither of them is 

significant at the 5% significance level.  

 

Table A2. Effects of the Early Treatment and the Late Treatment 

  1 2 3 4 

    
walking and  

  subway auto bus bicycling 
Treatment 0.0356** -0.0503* -0.0541* 0.0688** 

 
(0.0139) (0.0299) (0.0282) (0.0277) 

treatment  -0.0198 -0.0181 0.0759** -0.0380 
x I (late treatment group) (0.0193) (0.0391) (0.0376) (0.0350) 
          
TAZ dummies x x x x 
survey data dummies  x x x x 
district by year dummies x x x x 
demographic variables x x x x 
Observations 7,547 7,547 7,547 7,547 
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