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Abstract 

Land quality and productivity are fundamental to agricultural development, yet urban expansion poses 

a growing challenge by reallocating high-quality land away from agriculture for urban development. Focus-

ing on China, a country that features both agricultural land protection and growth-oriented political incen-

tives, this paper examines how land-based urbanization affects agricultural land productivity. Using high-

resolution satellite data, we document a significant decline in both the quantity and quality of agricultural 

land due to urban expansion. To understand the mechanisms behind this decline, we develop a theoretical 

model that extends the monocentric city framework by incorporating local political incentives and land qual-

ity considerations into land allocation decisions. The model predicts that strict farmland protection policies 

focusing on land quantity, such as China’s Agricultural Land Protection Policy (ALPP) introduced in 2010, 

may inadvertently reduce land quality when local leaders prioritize economic growth. Empirical evidence 

supports this prediction: we find that ALPP enforcement leads to a decline in agricultural land quality, par-

ticularly in regions where political incentives for urban expansion are stronger. Additionally, urban expan-

sion reduces agricultural productivity by decreasing the use of modern agricultural technologies and increas-

ing reliance on fertilizers. These findings underscore the need for policies that balance land conservation 

with quality considerations to ensure long-term agricultural sustainability.  
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1. Introduction  

Land quality and productivity constitute the bedrock of agricultural development, a proposition tracing 

back to the classical political economy (Petty, 1662; Ricardo, 1817). However, the inelasticity of land supply 

creates an inevitable conflict: urban-industrial demand for prime locations collides with agricultural preser-

vation needs (Brueckner, 2000; Brueckner and Largey, 2008; Burchfield et al., 2006; Irwin and Bockstael, 

2007; Nechyba and Walsh, 2004). This tension is particularly acute in developing economies balancing food 

security with growth imperatives (Suri, 2011). Typically, as land quality is unevenly distributed across space, 

emphasis on developing the urban sector may “cherry-pick” lands with higher quality (e.g., land of lower 

ruggedness, better geographic location, and infrastructure coverage), which could come at the cost of lower 

land quality in the agricultural sector and eventually decrease agricultural productivity. Despite its im-

portance, however, there is scant evidence of the effects of urban expansion on agricultural land productivity 
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and its implication for agricultural development.  

In this paper, we study how urban expansion leads to changes in agricultural land productivity in China. 

China presents an ideal case for investigating the tension, with two important institutional features standing 

out. First, as one of the largest developing countries, China has approximately 20% of the global population 

but only 9% of arable land. To ensure domestic food supply, China underscores the protection of agricultural 

land and has instituted the world's strictest farmland protection regime since 2006.1 Second, China has also 

prioritized economic growth and a primary source of this growth wheel is decentralized land finance and 

political competition (Li and Zhou 2005; Xu 2011; Han and Kung 2015; Yao and Zhang 2015; Chen and 

Kung 2016; Xi, Yao, and Zhang 2018). The merit-based political selection creates sufficient incentives for 

local governments to leverage land finance to achieve targeted economic growth (Yao and Zhang 2015; Xi, 

Yao, and Zhang 2018; Li et al. 2019). However, such political competitions also result in the over-exploita-

tion of land expropriation as a tool for accelerating economic growth and lead to the over-expansion in the 

urban size (Deng et al., 2008; Lichtenberg and Ding, 2009; Wang et al., 2020). As both food production and 

urban development require high-quality land, these features together lead to tensions on how the government 

allocates productive land between urban and agricultural sectors, creating a relevant and interesting setting 

for our investigation.  

Our investigation comprises three parts. In the first part, we present the general relationship between 

urban expansion and agricultural land productivity. To measure agricultural land quality, we rely on high-

resolution land cover datasets and detailed topographic information to calculate the time-varying terrain 

ruggedness of agricultural land within each county due to changes in land use types. Higher ruggedness in 

agricultural land topography thus represents lower quality in agricultural land. Our findings reveal strong 

evidence that urban outward expansion is associated with agricultural land declines in terms of both quantity 

and quality. To bolster a causal interpretation, we leverage a shift-share IV design that combines each 

county’s pre-determined economic importance (share) and exogenous national-level infrastructure invest-

ment (shift). Examining the potential mechanisms, we show that the expropriation of high-quality agricul-

tural land for industrial and commercial construction is the key driver of the observed correlation .  

Next, we exploit a policy change, the Agricultural Land Protection Policy (ALPP) in 2010 that sets 

clear targets for how much agricultural land each municipality must preserve (see more detailed descriptions 

of the policy in Section 2), and explore the policy effects on agricultural land productivity. To guide our 

empirical analysis, we develop a simple theoretical model that extends the traditional monocentric city model 

by incorporating city leaders’ political incentives and land quality into the decision on land allocation be-

tween urban and agricultural sectors. In the model, the city leader decides where to construct the new urban 

suburb (either on agricultural land or undeveloped land) to maximize his/her utility, which we assume is 

partially altruistic, i.e., taking into account both the city’s industrial growth and citizens welfare (the former 

measures the performance of the city leader while the latter reflects the emphasis on food security). Since 

land quality is less observable, the model shows that the enforcement of land quantity protection could re-

duce agricultural land quality if the local leader has higher promotion incentives.2 We derive several testable 

predictions and bring the model derivations to data for investigation. Empirically, we show that, the ALPP 

leads to significant declines in agricultural land quality, and we find consistent evidence that the effects are 

 
1 As a prominent example, China has established the “1.8 billion mu (120 million hectares) red line” policy in 2006, 

reiterating the requirement that the country's total area of arable land must never fall below 1.8 billion mu, which is roughly 

equivalent to two France.  
2 This is in line with the multitasking moral hazard theory proposed in Holmström and Milgrom (1991), that is, when 

an agent (local government) is faced with an observable quantitative objective (preservation of arable agricultural land) ver-
sus an unobservable qualitative objective (land quality), it will strategically reduce qualitative inputs.  
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much stronger for political leaders with higher political incentives. Heterogenous analysis suggests that the 

decrease in land quality is more pronounced if (1) the agricultural productivity is higher; (2) the industrial 

productivity is lower; (3) the construction costs in other undeveloped land are higher; and (4) the enforce-

ment of the ALPP is weaker; all aligns with the model prediction.  

Lastly, we investigate the potential consequences of urban expansion. Our findings reveal that urban 

expansion leads to significant declines in agricultural output per unit of land, suggesting a decrease in agri-

cultural productivity. Moreover, due to the occupation of high-quality agricultural land, urban expansion also 

decreases the usage of agricultural machinery power and increases fertilizer usage, implying that urban ex-

pansion may hinder the adoption of modern agricultural technologies and the sustainability of agricultural 

development.  

Our paper makes three contributions to the literature. First, we speak to studies on urban spatial expan-

sion (Brueckner, 2000; Brueckner and Largey, 2008; Burchfield et al., 2006; Fallah et al., 2011; Glaeser and 

Kahn, 2004; Irwin and Bockstael, 2007; Nechyba and Walsh, 2004; Oueslati et al., 2019; Song and Zenou, 

2006). While most of the existing studies focus on the causes and consequences of urban expansion in de-

veloped countries, there is little evidence on the potential costs of urban expansion in developing countries. 

We contribute to this strand of literature by providing the first empirical evidence on how urban expansion 

impacts agricultural productivity for one of the largest developing countries. By exploiting the policy change 

in land use regulation to examine its potential impacts on agricultural land quality, we also contribute to the 

burgeoning literature that studies the impacts of China’s recent land use supervision (Cai et al., 2017; Fan et 

al., 2023; Tan et al., 2020; Tian et al., 2024).  

Second, we contribute to the broad literature on the determinants of land productivity and soil quality 

(Besley 1995; Bridges and Oldeman 1999; Dubois 2002; Deininger and Jin 2006; Abdulai, Owusu, and 

Goetz 2011; Amundson et al. 2015; Borrelli et al. 2017; Huntington and Shenoy 2021; Hou, Liu, and Tian 

2023; Li and Zhu 2024). Much of the previous research has focused on micro determinants of land quality, 

e.g., how land property rights affect the farmers’ investment in land and the effects on land fertility, and the 

macro determinants of agricultural land fertility are far less explored. We fill in this gap by studying how the 

expansion of the urban sector affects agricultural land productivity. In a similar vein, we also contribute to 

the nascent but growing literature on the consequences of land expropriation (Cheng et al., 2022; Huang et 

al., 2024; Ma and Mu, 2020; Sha, 2023; Zhao and Xie, 2022). Most of this literature discussed how land 

expropriation affects individual behaviors (e.g., political trust or social conflicts). None of these studies, 

however, evaluates the interactions between land expropriation and the quality of land resources themselves. 

Our paper extends this literature by assessing an important yet largely ignored effect of land expropriation 

on land productivity.  

Finally, our paper adds to the broad literature that studies the behavioral consequences of multitasking 

agents. Theoretically, multitasking agents tend to exert extra efforts in tasks that are easily observed by their 

superiors and exert reduced efforts in tasks that are poorly measured (Alesina and Tabellini, 2008, 2007; 

Baker, 1992; Dewatripont et al., 2000, 1999; Holmstrom and Milgrom, 1991). We contribute to the literature 

by presenting new evidence on how multitasking local officials sacrifice agricultural land quality for eco-

nomic growth under the protection mandates of land quantity. In doing so, we join the vast empirical works 

that explore how local governments respond to multiple tasks and how career concerns further distort the 

effort allocation of agents (Kung and Chen 2011; Chen, Li, and Lu 2018; Xi, Yao, and Zhang 2018; Li et al. 

2019; Wang, Zhang, and Zhou 2020; Hong and Huang 2025).  

The remainder of this paper proceeds as follows: Section 2 introduces the data and some related back-

ground of the Agricultural Land Protection Policy. Section 3 presents the empirical pattern between urban 
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expansion and agricultural land quality. Section 4 lays out the theoretical model, and Section 5 empirically 

exploits the policy change to test model predictions. Section 6 discusses the potential consequences of urban 

expansion. Finally, Section 7 concludes.  

2. Background and Data 

2.1 Background 

As one of the largest and fastest-growing developing countries, China has long faced trade-offs between 

agricultural land protection and urban expansion. Official statistics indicate that approximately 70% of newly 

developed urban land is converted from agricultural land. However, agricultural land resources in China are 

limited. According to the 2005 National Land Use Change Survey conducted by the (former) Ministry of 

Land and Resources, China’s per capita arable land area was only 1.4 mu, 40% of the world average.  

To address concerns over agricultural land loss amid rapid urbanization, the Chinese government intro-

duced the concept of the Favorable Balance of Agricultural Land (FBAL) in 1997 through the Circular of 

the State Council of the Central Committee of the Communist Party of China on Further Strengthening Land 

Management and Effectively Protecting Agricultural Land . The FBAL policy mandates that local govern-

ments ensure a dynamic balance in the total amount of agricultural land. In 1998, the National People's 

Congress formalized this requirement by incorporating it into the Land Management Law of the People's 

Republic of China. The core principle of the FBAL policy is that any agricultural land converted for non-

agricultural purposes (e.g., urban development) must be compensated with an equivalent amount and quality 

of land through reclamation or new cultivation.  

Despite its legal elevation, the overall decline in agricultural land has persisted. This trend is primarily 

driven by misaligned incentives: while local governments are responsible for enforcing land protection pol-

icies, they also have strong motivations to promote urban expansion, and the latter is more important for 

their promotion. Recognizing that the neglect of agricultural land protection could pose risks to national food 

security, the central government further reinforced protection measures in 2006. At the end of that year, the 

State Council suspended the approval of the Land Use Master Plan (hereafter, the Master Plan) and tasked 

the Ministry of Land and Resources with drafting a "historical, crisis-oriented, and strategic land use master 

plan" to ensure that the red line of 1.8 billion mu of agricultural land would not be breached. The Master 

Plan, approved by the State Council in 2008, set binding targets to maintain at least 1.813 billion mu of 

agricultural land by 2010 and 1.805 billion mu by 2020. These targets were further disaggregated at the 

provincial level, with provincial governments allocating specific quotas to municipalities, thus establishing 

a top-down, multi-tiered management system for agricultural land retention.  

Once approved, the Master Plan became a regulatory framework with enforceable constraints. The 

central government incorporated agricultural land conservation targets into the performance evaluations of 

local officials, and violations of land protection requirements triggered official accountability measures. 

Given that urban construction land primarily comes from the conversion of agricultural land, the Master 

Plan imposed a significant constraint on future urban expansion. However, despite its strict provisions, vio-

lations have been widespread. According to the Ministry of Natural Resources, in 2019 alone, unauthorized 

occupation of agricultural land nationwide totaled approximately 1,142,600 acres, with most violations oc-

curring in urban development projects such as real estate, industrial parks, and landscaping. Some local 

governments even misreported land protection targets to gain access to additional agricultural land for de-

velopment—contravening the objectives of the Master Plan.  
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At its core, these violations stem from the fact that local governments continue to prioritize urban ex-

pansion while largely neglecting agricultural development. Additionally, local governments often exploit the 

compensation mechanism by converting high-quality agricultural land for urban use while offsetting it with 

lower-quality land.3 For instance, data from the second and third National Land Surveys indicate that more 

than 8.8 million acres of forested land with slopes exceeding 25 degrees have been cleared to compensate 

for agricultural land losses. However, much of this newly designated agricultural land is more fragmented 

and characterized by poorer farming conditions, undermining the effectiveness of land conservation efforts.  

In our subsequent analysis, we empirically examine the effectiveness of the Master Plan with a focus on 

how it may potentially affect the quality of agricultural land.  

2.2 Data 

To investigate how urban expansion affects the quality and quantity of agricultural land, we derive a 

series of variables from satellite observation, government documents, and statistical yearbooks. Our unit of 

analysis is at the county level, as the county governments face both the pressure of pursuing economic growth 

and ensuring food production. This subsection briefly introduces the main datasets used in subsequent em-

pirical analysis. The summary statistics are reported in Table 1.  

2.2.1 Urban expansion 

The key explanatory variable in our paper is the extent of urban expansion at the county level. To meas-

ure urban expansion, we need detailed data on counties’ built-up areas, which is lacking in existing statistical 

yearbooks. We therefore rely on data from He et al. (2022), who developed the raster file of built-up areas 

covering the entire territory of China from 1992 to 2020. The resolution of the dataset is 1km×1km. The 

construction of urban built-up areas is analogous to Harari (2020), who uses nighttime light luminosity to 

identify the built-up areas for Indian cities. He et al. (2022) advance by additionally considering the Normal-

ized Difference Vegetation Index (NDVI) and surface temperature.4 Based on the raster file, we calculate 

the built-up areas for each county from 2001 to 2020.  

2.2.2 Agricultural land 

Our dependent variable of interest is the quality of agricultural land. There are two main challenges 

when measuring land quality. First, quality itself is hard to observe, making it difficult to find a valid proxy. 

Second, quality may be affected by other confounders (e.g., farmers’ investment decisions), which could 

introduce additional endogeneity into our estimation. To overcome these challenges, we exploit exogenous 

agricultural land terrain ruggedness as an indirect measure of land quality. This metric is motivated by two 

considerations. First, the development of modern agriculture relies on large-scale farming, which is hindered 

by rugged terrain. This makes terrain ruggedness a relevant measure of land quality and productivity. Second, 

terrain ruggedness is geographically exogenous and unaffected by farmers’ decisions on policy changes. 

More importantly, since terrain ruggedness is time-invariant, the only time-varying variation in agricultural 

land quality is from changes in the spatial distribution of agricultural land. As we illustrate further below, 

the implementation of the ALPP requires the local governments to compensate the same amount of agricul-

tural land if the land is occupied for urban construction. Under ALPP, the expansion of urban built-up areas 

only involves the location change in agricultural land, and using terrain ruggedness as a measure of land 

 
3 See http://paper.people.com.cn/rmlt/html/2024-05/31/content_26076362.htm.  
4 For more detailed information on the construction and description of the dataset, see https://www.tpdc.ac.cn/zh-

hans/data/3100de5c-ac8d-4091-9bbf-6a02de100c88/.  

http://paper.people.com.cn/rmlt/html/2024-05/31/content_26076362.htm
https://www.tpdc.ac.cn/zh-hans/data/3100de5c-ac8d-4091-9bbf-6a02de100c88/
https://www.tpdc.ac.cn/zh-hans/data/3100de5c-ac8d-4091-9bbf-6a02de100c88/
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quality is thus more suitable in our context.  

Specifically, to construct the terrain ruggedness of agricultural land, we first create a 30m×30m grid 

covering the entire territory of China, and for each grid, we calculate its terrain ruggedness using the Digital 

Elevation Model (DEM) raster file, which has the same resolution as our grid data. We calculate the terrain 

ruggedness following Nunn & Puga (2012). We then overlay the gridded terrain ruggedness to the land cover 

raster from the China Land Cover Dataset (CLCD), a remotely sensed product providing nationwide land 

type classifications at 30-meter resolution from 1990 to 2020 (Yang and Huang, 2021).5 Finally, we calcu-

late the terrain ruggedness for grids that are identified to be agricultural land by CLCD and average it to the 

county level for each year between 2001 and 2020. To avoid potential measurement error, when calculating 

the average terrain ruggedness, we exclude grids that are covered by urban built-up areas in the last year. 

Similarly, we calculate ruggedness for non-agricultural land outside urban built-up regions to capture the 

potential urban development costs on non-agricultural land. Using the CLCD, we also calculate the area of 

agricultural land for each county-year cell to investigate how urban expansion affects the quantity of agri-

cultural land. We also calculate the area of lands other than agricultural land and built-up land in each county 

(e.g., forest, grassland, wetland, etc.).6  

2.2.3 Agricultural land protection target 

To assess the impact of the Agricultural Land Protection Policy (ALPP), we collect agricultural land 

preservation targets from the Land Use Master Plans—or the Master Plan for short—published by China’s 

Ministry of Natural Resources and provincial governments in 2010. The Master Plan disaggregates the na-

tional goal of maintaining 1.8 billion mu (120 million hectares) of agricultural land by 2020 into specific 

targets for each municipality, requiring them to retain no less than their assigned quota.  To strengthen en-

forcement and supervision, the Master Plan is implemented in two phases. In the first phase, it sets agricul-

tural land protection quotas for 2010, mandating that each municipality meet and maintain its assigned target 

from 2010 onward. In the second phase, the Master Plan establishes updated quotas for 2020, requiring 

municipalities to reach their respective targets by that year.  

We construct our measure of agricultural land protection intensity based on the sharp and exogenous 

changes in protection quotas mandated by the Master Plan. Specifically, we first obtained data on each 

municipality’s actual agricultural land area in 2005 from the Ministry of Natural Resources and calculated 

the differences between mandated and actual agricultural land levels. The first difference is between the 2010 

target and the 2005 baseline, and the second is between the 2020 target and the 2010 target. These differences 

capture variations in agricultural land protection pressures before and after 2010, allowing us to quantify 

municipalities’ exposure to the policy shift. To further refine our identification strategy, we subtract the pre-

2010 target difference from the post-2010 target difference. This normalization sets the pre-2010 difference 

to zero, effectively creating a design analogous to a continuous Difference-in-Differences (DiD) framework, 

where the period before 2010 serves as the pre-policy period and the period after 2010 as the post-policy 

period. The treatment intensity is thus captured by the change in agricultural land quotas induced by the 

policy.  

 
5 The dataset provides coverage not only for agricultural land but also for other land types such as woodland, grassland, 

water bodies, etc. For more detailed information on the construction and description of the dataset, see https://essd.coperni-
cus.org/articles/13/3907/2021/.  

6 One potential caveat with our measure of the quality and quantity of agricultural land is that we cannot distinguish 
whether changes in land quality or quantity are caused by urban expansion, and our dependent variables may thus be meas-

ured with error. However, measurement errors in dependent variables only lead to imprecise estimation but are less likely to 
affect the unbiasedness of the coefficients.  

https://essd.copernicus.org/articles/13/3907/2021/
https://essd.copernicus.org/articles/13/3907/2021/
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2.2.4 County variables 

We obtain a set of socio-economic variables from the County Statistical Yearbooks. Specifically, we 

include agricultural GDP, rural per capita income, industrial structure (measured as the ratio of secondary to 

tertiary industries), and the urban-rural income gap (measured as the ratio of urban to rural income). To 

mitigate potential endogeneity concerns related to “bad control”, we use only their values from the year 

2000—the starting point of our sample period—and interact them with time fixed effects to flexibly account 

for their time-varying impacts. Additionally, we incorporate a set of geographic variables, including a 

county’s straight-line distance to the provincial capital, the coastline, and the nearest railway and highway.7 

Since these geographic factors are time-invariant, we interact each variable with a full set of time dummies 

to allow for differential effects across years. Lastly, we calculate the weighted average of industrial firm TFP, 

with the weight being the firm’s size. The firm data is derived from the National Tax Survey Dataset 

(NTSD).8  

Table 1 Summary Statistics 

Variable Description Obs Mean SD 

Agricultural Land Quality Land quality measured by terrain ruggedness1.2 57540 96.56 118.3 

Other Land Quality Land quality measured by terrain ruggedness1,2 57540 179.1 150.3 

Agricultural Land County agricultural land areas2 57540 440.4 732.5 

Urban Expansion County built-up area 2 57540 53.95 97.74 

Target (Normalized) Municipal level agricultural land protection target3 46700 0.740 0.0400 

Agricultural GDP County agricultural GDP (2000)3 53580 14.03 314.1 

Rural Income County rural income per capita (2000)3 53580 2753 3405 

Industry Structure The ratio of secondary to tertiary industries (2000)3 53560 61.90 1017 

Income Disparity 2000 The ratio of urban to rural income (2000)3 53580 4.990 6.420 

Dist. Railway Nearest distance to railway (2010)4 53240 55.93 151.2 

Dist. Highway Nearest distance to the highway (2010)4  53240 4.990 14.63 

Dist. Coast Nearest distance to coastline5 53240 605.5 623.6 

Dist. province Nearest distance to the provincial capital5 53540 132.7 77.40 

County TFP Weighted average of industrial TFP6 51440 4.040 1.100 

Notes: This table presents the summary statistics for the main variables used in the empirical analysis. The superscript 
denotes data sources from which we construct these variables. 1. China Digital Elevation Model (DEM) Map. 2. China Land 
Cover Dataset. 3. County Statistical Yearbooks. 4. Open Street Map. 5. County Shapefile. 6. National Tax Survey Dataset 
(NTSD).  

3. Empirical Patterns  

3.1 Specification 

This section presents some empirical patterns between urban expansion and the quality and quantity of 

agricultural land. Our baseline specification exploits the following two-way fixed effects (TWFE) model:  

𝑦𝑖𝑡 =𝛼 +𝛽𝑈𝐸𝑖𝑡 +𝛾𝑋𝑖 × 𝑇+ 𝛿𝑖 + 𝜁𝑡 + 𝜖𝑖𝑡 (1) 

Where 𝑦𝑖𝑡 is either the quality or quantity measure of agricultural land in county 𝑖 at year 𝑡. 𝑈𝐸𝑖𝑡 

is our main explanatory variable, which represents the built-up city area for each county during different 

years, i.e., the extent of urban expansion. The coefficient 𝛽 measures how additional expansion in the urban 

 
7 We obtain the 2010 road map from Open Street Map (OSM).  
8 The National Tax Survey Dataset (NTSD) is jointly collected by the State Administration of Taxation and the Minis-

try of Finance, spanning from 2007 to 2016. We use data from 2007 and follow Levinsohn and Petrin (2003) to calculate 
each firm’s TFP. See Appendix B for more detailed descriptions of the NTSD.  
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region predicts the quality/quantity of agricultural land. 𝑋𝑖 is a set of socio-economic and geographic con-

trol variables detailed in Section 2.2. We interact each covariate in 𝑋𝑖 with a full set of year dummies to 

avoid potential endogeneity and issues related to “bad controls” (Angrist & Pischke, 2008). 𝛿𝑖 and 𝜁𝑡 are 

county and time fixed effects, respectively. Finally, standard error is clustered at the county level to control 

for any arbitrary serial correlations within the county.  

Coefficients from Equation (1) deliver a casual interpretation only if the unobserved confounder is time-

invariant within each county or is a common shock varying across different periods. However, our identifi-

cation assumption would be violated if there are time-varying omitted variables or the presence of reverse 

causality. For instance, the observed correlation between urban expansion and the decline in agricultural land 

quantity may be driven by rural-urban migration. With more rural migrants moving to the urban region, the 

urban size increases, and rural migrants may abandon their agricultural land. This, however, does not neces-

sarily imply that urban expansion directly leads to the occupation of agricultural land. Another example is 

that urban expansion may be less/more likely to occur in counties with lower agricultural land quality, as the 

agricultural land quality itself may affect the decision of direction and speed of urban expansion, resulting 

in the reverse causality, which could either overestimate or underestimate the true parameter. Finally, since 

our measure of urban expansion is derived from satellite observations, measurement error could introduce a 

downward bias in our estimation.  

To aid these potential endogeneity concerns, we exploit an instrumental variable approach. Our instru-

ment is akin to a shift-share design (Borusyak et al., 2022; Goldsmith-Pinkham et al., 2020), which combines 

exogenous shocks in national infrastructure investment with each county’s initial contribution to the national 

GDP. The key insight here is that counties with higher initial GDP should be more exposed to national in-

frastructure investment, which is a prerequisite for urbanization (Fretz et al., 2022). Specifically, our first 

stage takes the following form:  

𝑈𝐸𝑖𝑡 = 𝛾0+ 𝛾1𝐺𝐷𝑃𝑖 × 𝐼𝑛𝑓𝑟𝑎𝑠𝑡−1 +𝑋𝑖 ×𝑇+ 𝛿𝑖 + 𝜁𝑡 + 𝜖𝑖𝑡 (2) 

The second stage is then:  

𝑦𝑖𝑡 = 𝛼2+ 𝛽2𝑈�̂�𝑖𝑡 +𝑋𝑖 ×𝑇+ 𝛿𝑖 + 𝜁𝑡 + 𝜖𝑖𝑡 (3) 

Where 𝐺𝐷𝑃𝑖 is the GDP for each county in the year 2000, and 𝐼𝑛𝑓𝑟𝑎𝑠𝑡−1  is the national road length 

in the period 𝑡 − 1. We use the lagged term for infrastructure investment to avoid issues related to simulta-

neity. 𝑈�̂�𝑖𝑡 is the predicted urban expansion from the first stage. Other variables follow the same definition 

as in Equation (1).  

The validity of our instrument variable hinges crucially on two assumptions. The first is that infrastruc-

ture investment should strongly predict subsequent urban expansion, i.e., the relevance assumption. The 

second is that, conditional on covariates and fixed effects, our instrument is uncorrelated with the error term, 

i.e., the exclusion restriction. We first provide evidence that our instrument strongly predicts urban expansion 

and discuss the sensitivity of the exclusion restriction assumption after presenting our main results.  

To begin with, in Figure 1, we display a binscatter plot between the residualized value of the urban 

expansion and the instrument, partialling out the county and year fixed effects. The figure reveals a strong 

positive correlation between the instrument and our endogenous variable, and the correlation can be well-

predicted by a straight line, suggesting that our instrument is a good linear predictor of urban expansion.  
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Figure 1 Binscatter Plot 

Notes: This figure presents the binscatter plot for urban expansion versus the instrumental variable, with a fitted line 
colored in red. The shaded area is the 95% confidence interval.  

Formally, Table 2 presents the estimated results from the first-stage regression. In column (1), we per-

form the most parsimonious specification that only includes county and year fixed effects. We find strong 

correlations between the instrument and urban expansion. The F-statistic is 33.86, which is higher than the 

rule-of-thumb value suggested in the literature (Stock and Yogo, 2002), alleviating concerns of weak IV. In 

column (2), we add our control variables and continue to find the significant predictive power of our instru-

ment. In column (3), we perform a simple placebo test by additionally controlling for the leading term of our 

instrument. If the observed relationship is caused by spurious correlations, then using the leading term should 

also have sizeable predictive power on urbanization.9 However, results from column (3) suggest the opposite. 

We find no systematic correlations between the leading term of the instrument and urbanization.  

Next, in columns (4) and (5), we split our sample into before-2013 and post-2013 subsamples and esti-

mate the specification (1) separately. We do so because much of the road investment at the county level 

(especially the national roads) occurred after 2013.10 If our first-stage estimates reflect the impacts of dif-

ferential exposure to road construction, then we should find larger effects in the post-2013 sample. In line 

with our expectations, we find a larger coefficient in periods after 2013, suggesting that our instrument ef-

fectively captures the variation in changes in national-level road investment.  

Our shift-share IV design is essentially analogous to a generalized Difference-in-Difference (DiD) 

framework. In a nutshell, our IV compares urbanization between counties with higher and lower initial GDP 

in years when counties receive different infrastructure investment shocks (Borusyak et al., 2025; Goldsmith-

Pinkham et al., 2020). To ensure that variations in urbanization are indeed driven by counties’ differential 

 
9 The correlation between our instrument and its leading term is 0.99.  
10 Although the construction of national highway networks was primarily completed before 2013, the highway system 

is designed to connect major metropolitans, and by 2013, there are still more than half of the counties that are not connected 

by highway and do not have constructed national roads. See the National Plan for Road Network (2013-2030) at 
https://zfxxgk.ndrc.gov.cn/web/iteminfo.jsp?id=285. Specifically, the goal National Plan for Road Network is to form a na-
tional trunk highway network that is “reasonably arranged, functionally perfect, widely covered, safe and reliable”, realizing 

the radiation of the capital city to the provincial capitals, inter-provincial multi-road connectivity, high-speed access to cities 
and counties and national highway coverage in counties and counties; within 1,000 kilometers of the provincial capitals can 

be reached on the same day, and from provincial capitals to cities in the eastern and central regions can be reached on the 
same day.  
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exposure to infrastructure investment, we perform three additional tests. First, in column (6) of Table 2, we 

refine our instrument into a DiD term that interacts with two dummies; the first is whether the county’s GDP 

is above the national average (denoted by 1(𝐻𝑖𝑔ℎ𝐺𝐷𝑃)𝑖), and the second is whether the period is post-2013 

(denoted by 1(𝑃𝑜𝑠𝑡2013)𝑡).11 To avoid concerns that our results may be driven by the co-evolution be-

tween urbanization and national infrastructure investment growth, we include in our regression the differen-

tial linear time trends for counties in the high and low GDP groups. Consistent with our interpretation, we 

find that the effects of road investment on urbanization are primarily driven by counties with higher GDP 

and in periods when the large road investment programs begin.  

Table 2 First Stage Regression 

 (1) (2) (3) (4) (5) (6) 

Dep. Var.  Urban Expansion 

𝐺𝐷𝑃𝑖 ×𝐼𝑛𝑓𝑟𝑎𝑠𝑡−1 0.050*** 0.037*** 0.032** 0.029*** 0.074***  

 (0.009) (0.010) (0.016) (0.008) (0.018)  

𝐺𝐷𝑃𝑖 ×𝐼𝑛𝑓𝑟𝑎𝑠𝑡    0.006    

   (0.015)    

1(𝐻𝑖𝑔ℎ𝐺𝐷𝑃)𝑖 × 1(𝑃𝑜𝑠𝑡2013)𝑡      0.319** 

      (0.129) 

Control Variables No Yes Yes Yes Yes Yes 

County FE Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 

Period Full Full Full Before 2013 After 2013 Full 

Observations 53540 53560 53560 32136 21424 53560 

F-statistic 33.86 15.04 10.10 16.00 15.26 34.65 

Notes: This table presents the results from the first stage regression. The dependent variable is the urban built-up area. 
The observation is at the county-year level. Control variables include the agricultural GDP, rural income, industry structure, 
and income disparity, all measured at their 2000 values, the distance to the provincial capital, the distance to the coastline, and 
the distance to the nearest highway and railway in 2010. All controls are time-invariant and are interacted with time fixed 
effects. Standard error is clustered at the county level. * denotes significance at the 10% level. ** denotes significance at the 
5% level. *** denotes significance at the 1% level.  

To further support the validity of our first-stage specifications, we conduct an event-study analysis to 

examine whether there are differential trends between high-versus-low initial GDP counties. The idea is that 

if the large-scale road construction plan does not begin before 2013, then we should find no statistically 

significant treatment effects heterogeneity between high-versus-low initial GDP counties before 2013. The 

event study specification is:  

𝑈𝐸𝑖𝑡 = 𝛾0+∑  𝛾𝜏1(𝐻𝑖𝑔ℎ𝐺𝐷𝑃)𝑖 ×1(𝑡 = 𝜏)
2020
𝑡=2005,𝑡≠2009 +𝑋𝑖 ×𝑇 + 𝛿𝑖 + 𝜁𝑡 + 𝜖𝑖𝑡, (4)

where we combine periods before 2008 and periods after 2018 into single periods separately to improve the 

estimation efficiency. The absence of pre-trends provides additional support to our identification assumption. 

Figure 2 visualizes the estimated coefficients and the corresponding 95% confidence intervals. Reassuringly, 

we find insignificant pre-trends before 2013, and the estimated effects are significant only in post-2013 pe-

riods.  

 
11 Formally, the specification takes the following form:  

𝑈𝐸𝑖𝑡 = 𝛾0+ 𝛾11(𝐻𝑖𝑔ℎ𝐺𝐷𝑃)𝑖 × 1(𝑃𝑜𝑠𝑡2013)𝑡 +𝑋𝑖 × 𝑇+𝛿𝑖 +𝜁𝑡+ 𝜖𝑖𝑡  (𝐹1) 
Where 1(𝐻𝑖𝑔ℎ𝐺𝐷𝑃)𝑖 denotes whether the county’s initial GDP is above the national average, and 1(𝑃𝑜𝑠𝑡2013)𝑡 

denotes whether the period is post-2013. Other variables follow the same definition as in other specifications.  
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Figure 2 Event Study Estimates for DiD Instrument 

Notes: This figure presents the event study coefficients. Regression specification is presented in Equation (4). The year 
2013 is omitted as the reference year. The specification includes county fixed effects and year fixed effects. Control variables 
include the agricultural GDP, rural income, industry structure, and income disparity, all measured at their 2000 values, the 
distance to the provincial capital, the distance to the coastline, and the distance to the nearest highway and railway in 2010. 
All controls are time-invariant and are interacted with time fixed effects. Standard error is clustered at the county level. Coef-
ficient estimates and 95% confidence intervals are shown in the figure.  

Lastly, we conduct two randomized inferences by randomly assigning the initial GDP values to each 

county and by randomly assigning road investment to each year. We then construct the placebo instruments 

by either interacting the placebo initial GDP with the actual road investment or the placebo road investment 

with the actual initial GDP.12 Finally, we estimate the placebo coefficients by regressing urban expansion 

on placebo instruments. We perform both exercises 500 times and visualize the distribution of the estimated 

coefficients in Appendix Figure A1. We find that the placebo coefficients are very small in magnitude and 

are far from the true coefficient estimated in Table 2, suggesting that our identified effects are unlikely to be 

driven by concurrent confounders. Again, this piece of evidence reinforces the validity of our instrument 

construction.  

3.2 Main Results 

3.2.1 Baseline estimates 

We now present the estimated effects of urban expansion on the quality and quantity of agricultural 

land, with Panel A presenting the OLS estimates and Panel B the IV estimates. In columns (1) and (3), we 

report the coefficients on agricultural land quantity, while in columns (2) and (4), we report the coefficients 

on agricultural land quality.  

Focusing on the effects on the quantity of agricultural land in Panel A, we find that urban expansion 

leads to significant declines in agricultural land coverage. The estimated coefficients are stable when we 

include control variables or alternatively use IV estimation in Panel B, suggesting less concern about omitted 

variable bias. Our coefficient from column (3) in Panel B suggests that a one standard deviation increase in 

urban built-up area induced by road investment leads to a 0.17 standard deviation decrease in agricultural 

 
12 The random draw of the initial GDP and road investment follows the same mean and standard deviation as in the 

actual data.  
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land area. In columns (1) to (6) of Appendix Table A1, we report the estimated results analogous to Table 3, 

with the dependent variable replaced by other land cover types (e.g., grassland, forest, and wetland). We find 

no significant effect of urban expansion on the coverage of these land types. This implies that China’s land-

based urbanization is primarily through the occupation of agricultural land.  

Turning to the estimated effects of urbanization on agricultural land quality, we find that urban expan-

sion leads to significant increases in the terrain ruggedness of agricultural land, suggesting a worsened land 

quality. The IV estimates are 4 to 5 times larger than the OLS estimates, suggesting a downward bias in OLS 

regression. Specifically, the coefficient in column (4) of Panel B implies that a one standard deviation in-

crease in urban built-up area leads to a 0.12 standard deviation rise in agricultural land terrain ruggedness, 

which is equivalent to a 15.1% decrease in land quality relative to the mean. In columns (7) and (8) of 

Appendix Table A1, we perform the same estimates with the terrain ruggedness of other land (excluding 

urban and agricultural land) serving as the dependent variable. We find stark contrasts that urban expansion 

has no significant impact on the quality of other land.  

Taken together, our results from Table 3 reveal the significant yet unintended costs of urban expansion 

on both the quality and quantity of agricultural land, and additional results from Appendix Table A1 further 

confirm that the costs are exclusively borne by agricultural land. This result is not surprising, as agricultural 

land tends to be of higher quality than other land (e.g., forests that tend to cover mountainous areas), which 

makes it more profitable for local governments to occupy agricultural land for urban development. 13  

Table 3 The Effects of Urban Expansion on Agricultural Land 

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

Dep. Var.  Land Quantity Land Quality Land Quantity Land Quality 

Panel A. OLS estimates     

Urban Expansion -0.929*** 0.048*** -1.131*** 0.037** 

 (0.145) (0.015) (0.168) (0.015) 

Control Variables No No Yes Yes 

County FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Observations 57540 57540 53560 53560 

Panel B. IV estimates     

Urban Expansion -0.786*** 0.228*** -1.372** 0.149** 

 (0.266) (0.062) (0.536) (0.076) 

Control Variables No No Yes Yes 

County FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Observations 53580 53580 53560 53560 

KP-F statistics 33.856 33.856 15.038 15.038 

Notes: This table presents the results on the effects of urban expansion on the quality/quantity of agricultural land, with 
Panel A presenting the OLS estimates and Panel B the IV estimates. The endogenous variable is the urban built-up area, 
instrumented by the interaction between initial county GDP and national road investment. The observation is at the county-
year level. Control variables include the agricultural GDP, rural income, industry structure, and income disparity, all measured 
at their 2000 values, the distance to the provincial capital, the distance to the coastline, and the distance to the nearest highway 
and railway in 2010. All controls are time-invariant and are interacted with time fixed effects. Standard error is clustered at the 
county level. * denotes significance at the 10% level. ** denotes significance at the 5% level. *** denotes significance at the 
1% level.  

3.2.2 Robustness  

We now briefly discuss the robustness of our baseline results. Specifically, we show that our results are 

 
13 Our theoretical model presented in the next section rationalizes this result.  
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robust to exploit an alternative instrument, which additionally allows us to examine the exogeneity assump-

tion by using an event study specification to test the parallel trend assumption (Borusyak et al., 2025). We 

also examine the sensitivity of the exclusion restriction and provide evidence that our estimated effects suffer 

less concern of the exclusion restriction assumption. Lastly, we show that our results are robust to alternative 

model specifications (e.g., controlling for alternative fixed effects and adjusting the clustering levels).  

Alternative Instrument. We first exploit an alternative instrument described in Section 3.1, i.e., the 

interaction between two dummies indicating whether the county’s GDP is above the national average and 

whether the time period is post-2013. As shown in Figure 2, the effects of large-scale road construction on 

urban expansion are insignificant prior to 2013. If our instrument indeed captures the variations in aggregate 

infrastructure investment changes and the shares (initial GDP) are as good as randomly assigned, then we 

should find only small effects in reduced-form analyses before 2013 as well. Figure 3 presents the reduced 

form of event study regressions using the specification outlined in Equation (4), with the dependent variables 

replaced by agricultural land quantity (Panel A) and quality (Panel B). Aligning with our expectations, we 

find statistically insignificant estimates prior to 2013 and larger effects on agricultural land quantity/quality 

after 2013. This piece of evidence again confirms that our shift-share design can effectively identify the 

causal impacts of urban expansion on the quantity and quality changes of agricultural land. In Appendix 

Table A2, we report the estimated coefficients from the reduced-form and IV regressions with the DiD term 

1(𝐻𝑖𝑔ℎ𝐺𝐷𝑃)𝑖 × 1(𝑃𝑜𝑠𝑡2013)𝑡 serving as the alternative instrument. Again, we find strong evidence that 

urban expansion leads to significant decreases in both the quality and quantity of agricultural land.  

 

Exclusion Restriction. We then examine the sensitivity of the exclusion restriction assumption. The 

exclusion restriction assumption requires that our IV should affect agricultural land only through urban ex-

pansion but not through other channels. To provide support, we first perform a simple exercise by directly 

controlling for the instrument in the OLS specification. If the exclusion restriction assumption holds, then 

the effects of the instrument on dependent variables should be muted, conditional on the level of urban 

expansion. Results from Appendix Table A3 show that, additionally controlling for the instrument does not 

have independent effects on the quantity/quality of agricultural land, supporting the exclusion restriction 

assumption. We should note that, however, one caveat of such specification is that including the instrument 

in the OLS specification could exacerbate the potential endogeneity. Therefore, the estimated results from 

Table A3 should be interpreted with caution.  

 

Panel A Land Quantity 

 

Panel B Land Quality 

Figure 3 Event Study Estimates for Agricultural Land Quantity/Quality  

Notes: This figure presents the event study coefficients. Regression specification is presented in Equation (4), with the 
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dependent variables replaced by agricultural land quantity (Panel A) and quality (Panel B). The year 2013 is omitted as the 
reference year. The specification includes county and year fixed effects. Control variables include the agricultural GDP, rural 
income, industry structure, and income disparity, all measured at their 2000 values, the distance to the provincial capital, the 
distance to the coastline, and the distance to the nearest highway and railway in 2010. All controls are time-invariant and are 
interacted with time fixed effects. Standard error is clustered at the county level. Coefficient estimates and 95% confidence 
intervals are shown in the figure.  

To lend further credit to the exclusion restriction assumption, we next directly investigate whether our 

instrument would affect other potential channels that are correlated with agricultural land. One concern is 

that our instrument could operate through changes in rural-urban migration and employment, as the con-

struction of roads could stimulate local employment (Chatterjee et al., 2025; Chaurey and Le, 2022). In 

Appendix Table A4, we regress a set of population and employment indicators on the instrument to examine 

whether they are affected by road investment. Reassuringly, we find that the instrument is not correlated with 

any of the employment or population changes (e.g., agricultural and industrial employment, rural and urban 

population), which suggests that our instrument is unlikely to affect the quantity/quality of agricultural land 

through population changes.  

Another concern is that the instrument may directly affect agricultural land quantity and quality. For 

instance, the investment in road infrastructure could also directly affect agricultural activities by, for example, 

improving the market access of agricultural goods (Adamopoulos, 2025; Chan, 2022; Sotelo, 2020), which 

could have an impact on agricultural land. Relatedly, a county’s initial GDP could also be correlated with 

historical agricultural or geographic endowment (Dall Schmidt et al., 2018; Litina, 2016), which may also 

indirectly affect current land quality and quantity. To ensure that our IV estimates are not driven by the 

violation of exclusion restriction, in Appendix Table A5, we additionally control for a set of variables through 

which our instrument could affect agricultural land. Typically, we consider time-varying agricultural output, 

agricultural firm entry,14 and exogenous predetermined agricultural productivity (measured by the Global 

Agro-Ecological Zones (GAEZ) model).15 The last variable is interacted with full sets of year dummies to 

allow for time-varying effects. Our estimated effects remain significant and qualitatively the same after the 

inclusion of these additional controls, again suggesting that the instrument is not likely to affect changes in 

agricultural land through channels other than urban expansion.  

Our final approach to examine the exclusion restriction assumption is to use the "Plausibly Exogenous" 

estimation developed by Conley, Hansen, and Rossi (2012), which allows for an IV estimation with a certain 

degree of violation of the exclusion restriction. That is, we allow the IV to enter the second stage linearly 

with coefficient 𝛾.16 In conventional IV estimates, the exclusion restriction assumption explicitly assumes 

that 𝛾. is zero in the second stage, but by assigning different values to 𝛾, we are able to evaluate how the 

2SLS coefficient is affected, which allows for an inspection of the sensitivity of our estimates to the potential 

violation of exclusion restriction. To choose suitable values of 𝛾, we rely on estimates from Appendix Table 

A3, where we directly include the instrument in the OLS regression. Specifically, point estimates in Table 

A3 suggest that the direct effect of the instrument should be no larger than 0.004 and no smaller than -0.009. 

We therefore set the maximum and the minimum of possible 𝛾 values to be 0.01 and -0.01, respectively. 

Figure 4 visualizes the coefficients from the 2SLS estimations by allowing 𝛾  to take different values 

 
14 The data on the county-level agricultural firm entry is calculated using the Business Enterprise Registration Dataset, 

which is derived from the National Enterprise Credit Information Publicity System, https://www.gsxt.gov.cn/index.html8.  
15 The data is available at https://www.resdc.cn/data.aspx?DATAID=261.  
16 Following Conley, Hansen, and Rossi (2012), the specification here is:  

𝑦𝑖𝑡 = 𝛽𝑈𝐸𝑖𝑡 +𝛾𝐺𝐷𝑃𝑖 × 𝐼𝑛𝑓𝑟𝑎𝑠𝑡−1+𝜃𝑋𝑖 × 𝑇+𝛿𝑖 +𝜁𝑡+ 𝜖𝑖𝑡 . 
Where the interaction between the county’s initial GDP and national road investment, as the instrument, enters in the 

second stage linearly with coefficient 𝛾. All other variables share the same definition as in Equation (1).  

https://www.gsxt.gov.cn/index.html8
https://www.resdc.cn/data.aspx?DATAID=261


 

15 
 

between -0.01 and 0.01, where the estimates colored with red represent the conventional 2SLS coefficients.17 

Our results in Figure 4 indicate that even allowing for a certain degree of violation of the exclusion restriction, 

the 2SLS regression can still confirm the negative effects of urban expansion on the quantity and quality of 

agricultural land.  

 

Panel A Land Quantity 

 

Panel B Land Quality 

Figure 4 2SLS Estimates for Plausibly Exogenous IV 

Notes: This figure presents the coefficients from the 2SLS estimation by allowing for plausibly exogenous IV, with the 
dependent variables being agricultural land quantity (Panel A) and quality (Panel B). We allow for the coefficient 𝛾 to take 
different values between -0.1 and 0.1, which covers the point estimates from Appendix Table A3. The estimates colored with 
red are the conventional 2SLS regression coefficients (𝛾 = 0). The specification includes county and year fixed effects. Control 
variables include the agricultural GDP, rural income, industry structure, and income disparity, all measured at their 2000 values, 
the distance to the provincial capital, the distance to the coastline, and the distance to the nearest highway and railway in 2010. 
All controls are time-invariant and are interacted with time fixed effects. Standard error is clustered at the county level. Coef-
ficient estimates and 95% confidence intervals are shown in the figure.  

Alternative Model Specifications. We also provide supportive evidence that our baseline estimates 

are robust to alternative model specifications. Typically, in Appendix Table A6, we augment our baseline 

specification by additionally including province-specific year trends and province-year fixed effects to ac-

count for unobserved aggregate shocks specific to each province. Though the inclusion of these additional 

trends and fixed effects absorb substantial variations in the first-stage regressions (as the KP-F Statistics 

reduce), the estimated effects remain significant at the conventional level, and the magnitude is still compa-

rable to the baseline coefficients. This alleviates concerns that our results may be confounded by unobserved 

provincial heterogeneities.  

Since the variation of our outcome variables is primarily driven by changes in land use patterns, which 

may have inter-temporal correlations (for instance, the conversion of agricultural land for urban construction 

may take years to complete, while the decision could be made years ago), the quantity/quality of agricultural 

land and urban expansion may be affected by past outcomes. Although the exploitation of an instrumental 

strategy can largely alleviate such concerns, it is still possible that past outcomes could be correlated with 

the county’s initial economic development. To ensure that this is not the case, in columns (1) and (2) of 

Appendix Table A7, we additionally control for the lagged quantity/quality of agricultural land as a control 

variable. Again, we find that our results are robust to the inclusion of the lagged dependent variable .18  

Our instrument exploits variations in lagged national-level road investment for identification, as the 

 
17 The analyses are conducted with the Stata command “plausexog”, based on the approach of the “union of confidence 

interval.”  
18 The results, however, should be interpreted with caution, as the inclusion of lagged dependent variable in panel re-

gressions can lead to the so-called “Nickell Bias” (Nickell, 1981).  
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effects of road investment on urban expansion may also have inter-temporal correlations. Therefore, the 

instrument may affect future urban expansion, which could be correlated with past agricultural land conver-

sion. To alleviate such concerns, in columns (3) and (4) of Appendix Table A7, we use the lagged term of 

the instrument as an alternative IV and re-estimate the 2SLS regression. We find that the estimated effects 

are similar to the baseline estimates in terms of both magnitude and significance, again providing valid 

support to our identification strategy.  

Finally, we explore whether our estimates are sensitive to different clustering levels. Specifically, in 

columns (1) and (2) of Appendix Table A8, we two-way cluster the standard errors at the county and prov-

ince-year level that account for both within-county temporal correlations and within-province cross-sectional 

correlations of the error term, whereas in columns (3) and (4), we cluster the standard errors at the city level 

to allow for any arbitrary correlations within the city, as the land use pattern may be correlated within the 

same city. As expected, the estimates become more imprecise when allowing for more dimensions of corre-

lations in the error term, but the coefficients remain significant at the 10% level.  

3.2.3 Mechanism 

After establishing the robust causal relations between urban expansion and declines in agricultural land 

quality/quantity, we now investigate the potential mechanisms. Since we have shown that urban expansion 

is primarily through the occupation of agricultural land but not through other types of land, there is no need 

to discuss how urban expansion decreases agricultural land coverage. We thus exclusively focus on the 

mechanism of the decline in agricultural land quality. Intuitively, as the supply of high-quality land is ine-

lastic, to decrease agricultural land quality, urban expansion must occupy much of the high-quality agricul-

tural land. To verify this channel, we leverage data from land transactions, which record detailed information 

on the transacted land parcels, including the exact location of the parcel, transaction price, and the industry 

to which it was transacted (see Appendix B for more detailed descriptions).19  

We first geocode all land parcels to acquire their longitude and latitude based on their detailed location. 

Secondly, we match all parcels to our 30m terrain ruggedness grid cells and assign the terrain ruggedness of 

the grid cells to each parcel. Next, we combine the land cover dataset to determine whether the land parcel 

was agricultural land before being transacted. Finally, we distinguish whether the land is transacted for in-

dustrial, residential/commercial, or other usage and calculate the ratio of the weighted average terrain rug-

gedness between agricultural land and non-agricultural land, within each county-year cell for all different 

usages.20 A lower terrain ruggedness ratio implies that the transacted agricultural land is more flattened than 

non-agricultural land and that the transacted agricultural land is of higher quality.  

Column (1) of Table 4 reports the OLS and IV estimates with the dependent variable replaced by the 

ratio of terrain ruggedness. We find strong evidence that urban expansion leads to more occupation of high-

quality agricultural land relative to non-agricultural land. This suggests that quality-biased land occupation 

amid urbanization is a key contributor to the declining quality of agricultural land. In columns (2) to (4), we 

investigate the potential heterogeneity in land occupation across different land use types. We show that the 

quality-biased agricultural land occupation is more pronounced for industrial land parcels and residen-

tial/commercial land parcels. The effects are much smaller if the land parcel is occupied for other uses (e.g., 

public infrastructure). These patterns further suggest that the occupation of high-quality agricultural land is 

for promoting the growth of the urban economy.  

 
19 The data is derived from the China Land Market Website at https://www.landchina.com/#/. The data is widely used 

for analyzing China’s land market; see, for example, Han and Kung (2015) and Chen and Kung (2016; 2019).  
20 We use the land area of the transacted parcel as the weight.  

https://www.landchina.com/#/
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Table 4 Urban Expansion and Land Transaction 

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

Dep. Var. The Ratio of Terrain Ruggedness between Agricultural and Non-agricultural Land 

 All Industrial Residential/Commercial  Other 

Panel A. OLS estimates     

Urban Expansion -0.767*** -0.346*** -0.333*** -0.088*** 

 (0.112) (0.054) (0.058) (0.018) 

Adjusted R-squared 0.508 0.418 0.499 0.442 

Panel B. IV estimates     

Urban Expansion -3.094*** -1.235*** -1.684*** -0.175*** 

 (0.722) (0.252) (0.468) (0.063) 

Control Variables Yes Yes Yes Yes 

County FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Observations 53560 53560 53500 53500 

F-statistic (first stage) 15.038 15.038 15.038 15.038 

Notes: This table presents the results on the effects of urban expansion on the occupation pattern of agricultural land, with 
Panel A presenting the OLS estimates and Panel B the IV estimates. The dependent variable is the ratio of terrain ruggedness 
between agricultural and non-agricultural land, calculated from the land transaction data. Column (1) focuses on all transacted 
land parcels, while in the remaining three columns, we focus on parcels that are transacted for industrial, residential/commer-
cial, and other usages. The endogenous variable is the urban built-up area, instrumented by the interaction between initial 
county GDP and national road investment. The observation is at the county-year level. Control variables include the agricul-
tural GDP, rural income, industry structure, and income disparity, all measured at their 2000 values, the distance to the provin-
cial capital, the distance to the coastline, and the distance to the nearest highway and railway in 2010. All controls are time-
invariant and are interacted with time fixed effects. Standard error is clustered at the county level. * denotes significance at the 
10% level. ** denotes significance at the 5% level. *** denotes significance at the 1% level.   

4. Theoretical Model  

Given that urban expansion can lead to substantial declines in agricultural land productivity (measured 

by both quality and quantity), we now explore whether the implementation of the Agricultural Land Protec-

tion Policy (ALPP) can mitigate such adverse effects. To guide our empirical analysis, we first develop a 

simple theoretical model that incorporates the policy constraints into the urban expansion decision of local 

government. We then derive several comparative statics, focusing on the role of political incentives, for 

empirical tests.  

4.1 Set up 

Our theoretical model is a simple two-sector model that characterizes the effects of urban expansion on 

agricultural land productivity. We discuss the issue under the scenario that the central government requires 

a balance between occupying and compensating for agricultural land. Our model assumes a monocentric city 

with the linear form as in Duranton and Puga (2015) and Wang, Zhang, and Zhou (2020), where we extend 

the model by considering the land quality (both urban land and agricultural land) in our model and consider 

how the decision of outward expansion made by the local leader would result in differential productivity and 

welfare consequences.  

Specifically, we divide the real line into three parts: urban, rural, and undeveloped regions. Within the 

urban and rural regions, land productivity decreases as the distance to the city center increases (for the urban 

region) or the rural-urban fringe (for the rural region, as in Oueslati, Salanié, and Wu (2019). Figure 5 de-

livers a visual representation, where S0  and S1  are the boundaries of urban and rural areas, respectively. 

The urban region lies in the line between 0 and S0 , and the rural region lies in the line between S0  and S1 . 
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Beyond S1 , it's undeveloped land.  

 

Figure 5 Graphical Illustration of Land Productivity Distribution 

Notes: This figure presents a graphical illustration of land productivity distribution within the monocentric city structure, 
featuring both urban and rural areas, where S0 and S1 are the boundaries of urban and rural areas.  

Given the city structure, the city leader now wants to expand the urban region by ΔS and decides where 

the newly constructed urban area should take place (i.e., on agricultural land or undeveloped land). Under 

the case where the occupation of agricultural land is strictly compensated, if the city leader decides to occupy 

the agricultural land, then it has to compensate for the same amount of land created in undeveloped land. 

Otherwise, the city leader occupies undeveloped land to construct new urban areas and keep agricultural 

land intact. This can be visualized in Figure 6. In Panel A, we plot the case when occupying agricultural land. 

Outward expansion by ΔS requires the local government to compensate another ΔS amount of agricultural 

land from undeveloped land. This leads to higher urban land productivity but potentially reduces agricultural 

land productivity. In another case, the local government instead decides to occupy the undeveloped land and 

keep the amount of agricultural land unchanged, which is shown in panel B of Figure 6. In this case, the 

outward expansion leads to lower urban land productivity but maintains high agricultural land productivity. 

This introduces trade-offs between occupying agricultural land and undeveloped land in the decision of out-

ward expansion. We now present the formal model to characterize such trade-offs and explore how changes 

in key parameters (e.g., enforcement stringency and political incentives) can alter the behavioral change of 

local officials and how these changes affect agricultural land quantity and quality.  
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Panel A Occupy Agricultural Land 

 

Panel B Occupy Undeveloped Land 

Figure 6 Urban Expansion Under APPL 

Notes: This figure presents how urban and agricultural land productivity changes under different occupation schemes. 
Panel A illustrates the scenario where the local leader decides to occupy agricultural land, whereas Panel B illustrates the 
scenario where the local leader decides to occupy undeveloped land.  

4.1.1 Preference 

The representative agent consumes agricultural goods, 𝑌𝑎, and manufacturing goods, Ym, with the fol-

lowing Cobb-Douglas utility function:  

𝑈𝑐 = α
−α(1− α)1−α𝑌𝑎(φ)

α𝑌𝑚(φ)
1−α , 

with the budget constraint given by  

𝑤 = 𝑃𝑎𝑌𝑎(φ)+ 𝑃𝑚𝑌𝑚(φ) 

where the price of agricultural goods and manufacturing goods are given by Pa and Pm, respectively. 

The term α−α(1− α)1−α is a convenient normalization. We assume both rural and urban regions are en-

dowed with one unit of immobile labor, and labor supply is inelastic. Solving the consumer problem, we can 

derive the indirect utility 𝑉 as  

𝑉 =
𝑤

𝑃𝑎
α𝑃𝑚

1−α
 

4.1.2 Production 

The production function of manufacturing goods is given by  

𝑌𝑚 = 𝑧𝑚(𝜑)𝐿𝑚 , 

where zm is the productivity, which is jointly decided by the amount of land and quality of land sup-

plied to the manufacturing firms. We assume 𝑧𝑚 = ∫ 𝜑𝑓𝑚(𝜑)𝑑𝜑
𝑆0

0 , where 𝑓𝑚(𝜑) is the probability density 

function of the Pareto distribution with the following form:  

𝑓𝑚(𝜑) = 𝜃𝐴𝑚
𝜃 𝜑−𝜃−1 ,   𝜑 ≥ 𝐴𝑚 

Similarly, the production function of agricultural goods is given by  
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𝑌𝑎 = 𝑧𝑎(𝜑)𝐿𝑎, 

where za is the agricultural productivity, which we write as 𝑧𝑎 = ∫ 𝜑𝑓𝑎(𝜑)𝑑𝜑
𝑆1

𝑆0
, and we have  

𝑓𝑎(𝜑) = 𝜃𝐴𝑎
𝜃𝜑−𝜃−1 ,   𝜑≥ 𝐴𝑎 

For simplicity, we assume the shape parameter, 𝜃, is the same for 𝑓𝑎(𝜑) and 𝑓𝑚(𝜑).21 By construc-

tion, we have S0 = Aa , and we denote S1  as Au in our subsequent analyses for the ease of exposition.  

Given the distribution of land productivity, we can derive zm and za as functions of boundaries, that 

is,  

𝑧𝑚 = ∫ 𝜑𝜃𝐴𝑚
𝜃 𝜑−𝜃−1𝑑𝜑

𝐴𝑎

𝐴𝑚

=
𝜃

𝜃 − 1
𝐴𝑚 [1− (

𝐴𝑚
𝐴𝑎
)
𝜃−1

] . (5) 

And 

𝑧𝑎 = ∫ 𝜑𝜃𝐴𝑎
𝜃𝜑−𝜃−1𝑑𝜑

𝐴𝑢

𝐴𝑎

=
𝜃

𝜃 − 1
𝐴𝑎 [1− (

𝐴𝑎
𝐴𝑢
)
𝜃−1

] . (6) 

Combining (5) and (6), we have the relative productivity as  

𝑧𝑎
𝑧𝑚
= (

𝐴𝑎
𝐴𝑚
)

(

 
1 − (

𝐴𝑎
𝐴𝑢
)
θ−1

1 − (
𝐴𝑚
𝐴𝑎
)
θ−1

)

 . 

We assume za/zm < 1 as the productivity of urban land is generally higher than that of agricultural 

land. Finally, under perfect competition, we can write the price of goods with respect to wage and produc-

tivity 

𝑃𝑎 =
𝑤

𝑧𝑎(𝜑)
  𝑃𝑚 =

𝑤

𝑧𝑚(𝜑)
 

Substituting into the indirect utility function, we derive  

𝑉 = 𝑧𝑎(𝜑)
𝛼𝑧𝑚(𝜑)

1−𝛼 . 

4.1.3 Local government 

The utility of local government, 𝐺 is comprised of two parts: the growth of urban economy 𝑌𝑚 and 

the utility of residents 𝑉, where the relative weight on urban economic growth is γ, that is, 𝐺 = 𝛾𝑌𝑚+

(1− 𝛾)𝑉. Given the above city structure, the local government now decides to expand the urban region by 

𝛥𝑆. The occupation of agricultural land and undeveloped land involves occupation cost, which we denote as 

ca and cu, respectively.22 Since productivity is generally higher in cropland than in undeveloped land, we 

assume 𝑐𝑢 > 𝑐𝑎. That is, the cost of transforming undeveloped land into urban land is higher than the cost 

of converting agricultural land. We analyze how the decision of whether to occupy agricultural land or un-

developed land changes with the incentive of promoting economic growth (γ) and the relative cost of occu-

pying different types of land.  

We first consider the case of occupying cropland. Note that in equilibrium, the change in manufacturing 

output and agricultural output is solely decided by the change in productivity (i.e., 𝛥𝑌𝑚 = 𝛥𝑧𝑚 and 𝛥𝑌𝑎 =

𝛥𝑧𝑎). We therefore have  

𝛥𝑧𝑚 = ∫ 𝜑𝜃𝐴𝑚
𝜃 𝜑−𝜃−1𝑑𝜑

𝑆0+𝛥𝑆

𝑆0

=
𝜃

𝜃 − 1
𝐴𝑚
𝜃 𝑆0

1−𝜃 [1− (1 +
𝛥𝑆

𝑆0
)
1−𝜃

] (7) 

Under the Agricultural Land Protection Policy, the change in agricultural productivity is given by  

 
21 Although allowing for different shape parameters will essentially have little impact on our theoretical derivation but 

only increase the complexity of the model.  
22 We assume 𝑐𝑎 contains both the cost of occupying agricultural land and the cost of compensating cropland.  
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𝛥𝑧𝑎 = ∫ 𝜑𝜃𝐴𝑎
𝜃𝜑−𝜃−1𝑑𝜑

𝑆1+𝛥𝑆

𝑆1

−∫ 𝜑𝜃𝐴𝑎
𝜃𝜑−𝜃−1𝑑𝜑,

𝑆0+𝛥𝑆

𝑆0

 

which we can simplify and write this as  

𝛥𝑧𝑎 =
𝜃

𝜃 − 1
𝐴𝑎
𝜃𝑆1

1−𝜃 [1− (1 +
𝛥𝑆

𝑆1
)
1−𝜃

] −
𝜃

𝜃 − 1
𝐴𝑎
𝜃𝑆0

1−𝜃 [1− (1+
𝛥𝑆

𝑆0
)
1−𝜃

] (8) 

Applying Taylor's first-order approximation to (7) and (8), we can simplify the change in land produc-

tivity as  

𝛥𝑧𝑚 = 𝜃𝐴𝑚
𝜃 𝑆0

−𝜃𝛥𝑆  𝛥𝑧𝑎 = 𝜃𝐴𝑎
𝜃(𝛿𝑆1

−𝜃 −𝑆0
−𝜃)𝛥𝑆 

The change in the utility of residents can be expressed as 

𝛥𝑉 = 𝛼(
𝑧𝑎
𝑧𝑚
)
𝛼−1

𝛥𝑧𝑎 + (1 −𝛼)(
𝑧𝑎
𝑧𝑚
)
𝛼

𝛥𝑧𝑚  

Under ALPP, the change in the utility of local government is 

𝛥𝐺 =  𝛾𝛥𝑧𝑚  + (1− 𝛾) 𝛥𝑉 − 𝑐𝑎 

Which can be written as  

𝛥𝐺 = 𝜃𝐴𝑚
𝜃 [𝛾𝑆0

−𝜃 + (1− 𝛾)𝛼(
𝑧𝑎
𝑧𝑚
)
𝛼−1

(𝑆1
−𝜃 −𝑆0

−𝜃) + (1− 𝛾)(1 − 𝛼) (
𝑧𝑎
𝑧𝑚
)
𝛼

𝑆0
−𝜃]𝛥𝑆 − 𝑐𝑎. 

Now, consider the case when the local government instead chooses to occupy undeveloped land. Under 

such circumstances, we have 𝛥𝑧𝑎 = 0, and the change in utility is thus  

𝛥𝐺′ = 𝛾𝛥𝑧𝑚 + (1 − 𝛾)𝛥𝑉 − 𝑐𝑢 = 𝜃𝐴𝑚
𝜃 [𝛾𝑆1

−𝜃 + (1− 𝛾)(1− 𝛼) (
𝑧𝑎
𝑧𝑚
)
𝛼

𝑆1
−𝜃] 𝛥𝑆 − 𝑐𝑢 

Subtract these two terms, we have  

𝛥�̂� ≡ 𝛥𝐺 −𝛥𝐺′ = 𝜃𝐴𝑚
𝜃 [𝛾 − (1− 𝛾)𝛼(

𝑧𝑎
𝑧𝑚
)
𝛼−1

+ (1− 𝛾)(1 − 𝛼) (
𝑧𝑎
𝑧𝑚
)
𝛼

] (𝑆0
−𝜃 − 𝑆1

−𝜃)𝛥𝑆 − (𝑐𝑎 − 𝑐𝑢) 

The choice of whether to occupy cropland or undeveloped land is thus decided by the sign of 𝛥�̂�. An 

immediate conclusion from the above expression is that, when the cost of occupying undeveloped land is 

higher, for instance, undeveloped land is more rugged and more distant from the city center, then the local 

government is more likely to occupy agricultural land.  

4.2 Comparative Statics 

We now consider how the change in political incentives affects the decision of the city leader. Take the 

partial derivative of 𝛥�̂� with respect to γ, we have  

𝜕𝛥�̂�

𝜕𝛾
= 𝜃𝐴𝑚

𝜃 [1+ 𝛼 (
𝑧𝑎
𝑧𝑚
)
𝛼−1

− (1 −𝛼)(
𝑧𝑎
𝑧𝑚
)
𝛼

] (𝑆0
−𝜃 −𝑆1

−𝜃)𝛥𝑆 > 0 

This implies that, as the incentives for promoting economic growth increase, local leaders are more 

willing to occupy agricultural land, which may further decrease its productivity. We can also consider how 

an increase in agricultural productivity (i.e., 𝑧𝑎) can alter the choice of local government. Take the partial 

derivative with respect to 𝑧𝑎, we have  

𝜕𝛥�̂�

𝜕𝑧𝑎
= 𝜃𝛼(1 − 𝛾)(1− 𝛼)𝐴𝑚

𝜃 (𝑧𝑎
𝛼−2𝑧𝑚

1−𝛼 + 𝑧𝑎
𝛼−1𝑧𝑚

−𝛼)(𝑆0
−𝜃 −𝑆1

−𝜃)𝛥𝑆 > 0 

We find that higher agricultural productivity results in a higher probability of occupying agricultural 

land. Since occupying agricultural land with higher productivity later translates into higher industrial produc-

tivity, it provides sufficient incentives for local government to occupy high-productivity cropland and com-

pensate for land with relatively low productivity.  

An analogous expression can be derived for the industrial productivity, which is  
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𝜕𝛥�̂�

𝜕𝑧𝑚
= −𝜃𝛼(1− 𝛾)(1 − 𝛼)𝐴𝑚

𝜃 (𝑧𝑎
𝛼−1𝑧𝑚

−𝛼 + 𝑧𝑎
𝛼𝑧𝑚

−𝛼−1)(𝑆0
−𝜃 −𝑆1

−𝜃)𝛥𝑆 < 0 

This implies that cities with higher industrial productivity are less likely to occupy agricultural land for 

urban construction. The intuition behind this is that the local government needs to balance between urban 

development and citizens’ welfare, as higher industrial productivity guarantees the local government to 

achieve urban economic growth, which in turn leads to more emphasis on promoting citizens’ welfare, 

through which the local government can optimize their utility level.  

5. The Effects of Agricultural Land Protection Policy  

5.1 Specification 

We now empirically investigate whether the implementation of the ALPP can effectively prevent the 

further decline in agricultural land quantity and quality. Specifically, we exploit the difference in agricultural 

land protection targets before and after 2010 to construct each city’s exposure intensity to the ALPP. Our 

specification takes the following form:  

𝑦𝑖𝑐𝑡 = 𝛼+𝛽𝐴𝐿𝑃𝑃𝑇𝑎𝑟𝑔𝑒𝑡𝑐𝑡 +𝛾𝑋𝑖 ×𝑇 + 𝛿𝑖 + 𝜁𝑡 + 𝜖𝑖𝑐𝑡 (9) 

Where 𝑦𝑖𝑐𝑡 is the measure of either agricultural land quality or quantity. 𝐴𝐿𝑃𝑃𝑇𝑎𝑟𝑔𝑒𝑡𝑐𝑡  is our key 

independent variable, which represents the differences in agricultural land protection targets and initial ag-

ricultural land quantity across cities in different years. Typically, we compute two policy-driven variations: 

(1) between the mandated 2010 agricultural land quotas and observed 2005 levels, and (2) between the 2020 

target quotas and their 2010 counterparts. These sequential differentials serve as time-varying variations in 

agricultural land preservation pressures, enabling quantification of municipal-level policy exposure intensity 

across distinct regulatory phases (pre-2010 vs. post-2010).23 Other variables share the same definition as in 

Equation (1). Since our exposure is city-specific, we cluster the standard error at the city level to allow for 

arbitrary correlations within the city.  

To further operationalize our identification framework, we implement a normalization procedure 

whereby we calculate the net policy effect by subtracting the pre-2010 target differential from the post-2010 

differential. This adjustment achieves two analytical objectives: first, it establishes the pre-2010 period as 

the counterfactual baseline (normalized to zero), and second, it generates a continuous treatment intensity 

metric reflecting quota adjustments attributable to the policy intervention.24 The resultant empirical design 

nests in a generalized Difference-in-Differences (DiD) framework, with policy shocks in the year 2010, and 

the treatment intensity is parameterized as the policy-induced variation in agricultural land allocation target. 

Formally, the DiD specification is:  

𝑦𝑖𝑐𝑡 = 𝛼+𝛽𝑇𝑎𝑟𝑔𝑒𝑡𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑐 ×𝑃𝑜𝑠𝑡2010𝑡 +𝛾𝑋𝑖 ×𝑇 + 𝛿𝑖 + 𝜁𝑡 + 𝜖𝑖𝑐𝑡 (10) 

Where 𝑇𝑎𝑟𝑔𝑒𝑡𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑐 is the normalized treatment intensity calculated through the procedures de-

scribed above. 𝑃𝑜𝑠𝑡2010𝑡 is a dummy variable indicating whether the period is after 2010. One additional 

benefit of using Equation (10) for estimation is that we can perform the event study analysis that examines 

the treatment effects dynamics and the presence of potential pre-trends, which can provide further support 

 
23 Since the central government's requirements for agricultural land protection vary from place to place, for example, 

some cities can continue to occupy agricultural land after 2010, while others need to replenish agricultural land after 2010 in 
order to fulfill the assessment target. For the convenience of coefficient interpretation, we normalize the explanatory variable 
by scaling it to a variable that takes values between 0 and 1. The exact formula for normalization is:   

𝑥 ′=
𝑥 −𝑚𝑖𝑛(𝑥)

𝑚𝑎𝑥(𝑥) −𝑚𝑖𝑛(𝑥)
(𝐹2) 

24 Similarly, we normalize the treatment intensity following Equation (F2).  
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to our identification assumption. The event study is specified as follows: 

𝑦𝑖𝑐𝑡 = 𝛼+𝛽𝑡 ∑ 𝑇𝑎𝑟𝑔𝑒𝑡𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑐

𝑡=2020

𝑡=2005,𝑡≠2009 

×𝐼𝑡 +𝛾𝑋𝑖 × 𝑇+ 𝛿𝑖 + 𝜁𝑡 + 𝜖𝑖𝑐𝑡 (11) 

Where we replace the single dummy 𝑃𝑜𝑠𝑡2010𝑡 with a set of year dummies 𝐼𝑡, and estimate the co-

efficients of the treatment intensity at different years. If the parallel trends assumption holds, then we should 

estimate insignificant effects for 𝛽𝑡s where 𝑡 is prior to 2010. Following Marcus and Sant’Anna (2021), 

the period 2009 and periods before 2005 are set to be the reference periods.  

5.2 Main results 

5.2.1 Baseline estimates 

Table 5 reports the estimated effects of the ALPP on agricultural land quality, with Panel A reports the 

coefficients estimated from Equation (9) whereas Panel B reports the coefficients estimated from Equation 

(10). Column (1) presents the estimated coefficients from the parsimonious specification that only includes 

county and year fixed effects, whereas in column (2) we include the set of controls to examine the stability 

and sensitivity of the main coefficients (Oster, 2019). Since the protection quota is mandated by the provin-

cial government, it may result in correlations in protection quotas within the same province. In column (3), 

we further control for the province-year fixed effects to absorb for any time-varying effects at the province 

level. Through different specifications, we consistently estimate positive coefficients which are statistically 

significant at least at the 5% level, indicating that the ALPP leads to a substantial decline in agricultural land 

quality. Specifically, our estimate in column (3), Panel B of Table 5 suggests that a one unit increase in 

treatment intensity of the ALPP would result in 11.472 units increase in terrain ruggedness of agricultural 

land, which corresponds to an 11.9% increase relative to the mean.  

Table 5 The Effects of ALPP on Agricultural Land Quality  

Dep. Var. Agricultural Land Quality (1) (2) (3) 

Panel A: OLS specification    

ALPPTarget 12.830*** 11.106** 18.221*** 

 (3.819) (4.753) (4.987) 

    

Observations 46,700 46,380 46,360 

Adjusted R-squared 0.998 0.998 0.998 

Panel B: DiD specification    

TargetIntensity×Post2010 7.744*** 6.643** 11.472*** 

 (2.366) (2.977) (3.127) 

    

County FE Yes Yes Yes 

Year FE Yes Yes No 

Province by Year FE No No Yes 

Controls No Yes Yes 

Observations 46,700 46,380 46,360 

Adjusted R-squared 0.998 0.998 0.998 

Notes: This table presents the results on the effects of the ALPP on the quality of agricultural land, with Panel A presenting 
the OLS specification (Equation (9)) and Panel B the DiD specification (Equation (10)). The observation is at the county-year 
level. Control variables include the agricultural GDP, rural income, industry structure, and income disparity, all measured at 
their 2000 values, the distance to the provincial capital, the distance to the coastline, and the distance to the nearest highway 
and railway in 2010. All controls are time-invariant and are interacted with time fixed effects. Standard error is clustered at the 
city level. * denotes significance at the 10% level. ** denotes significance at the 5% level. *** denotes significance at the 1% 
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level.  

The causal interpretation of the estimated coefficients requires the parallel trends assumption of the 

continuous DiD design (Callaway et al., 2024a). Specifically, the underlying identifying assumption of Equa-

tion (10) requires that, in the absence of changes in treatment intensity, counties with higher treatment inten-

sity and counties with lower treatment intensity should have similar or parallel trends in agricultural land 

quality (Callaway et al., 2024b). To provide partial support for the identification assumption, we leverage 

Equation (11) to examine the presence of pre-trends. To estimated coefficients are presented in Figure 7.  

 

Figure 7 Event Study Estimates on the Effects of ALPP on Agricultural Land Quality 

Notes: This figure presents the event study coefficients. Regression specification is presented in Equation (11), with the 
dependent variables replaced by agricultural land quality. The year 2009 and years before 2005 are omitted as the reference 
year (period -1 and periods before -5 in the figure). The specification includes county and year fixed effects. Control variables 
include the agricultural GDP, rural income, industry structure, and income disparity, all measured at their 2000 values, the 
distance to the provincial capital, the distance to the coastline, and the distance to the nearest highway and railway in 2010. 
All controls are time-invariant and are interacted with time fixed effects. Standard error is clustered at the city level. Coefficient 
estimates and 95% confidence intervals are shown in the figure.  

We observe two salient features from Figure 7. First, prior to the intensification of agricultural land 

protection in 2010, counties with higher and lower treatment intensities did not show different trends in 

agricultural land quality, and none of the estimated coefficients prior to 2010 were significantly different 

from zero, indicating that there were no significant pre-trends. Second, after the implementation of the ALPP, 

we see a substantial decline in agricultural land quality, measured by heightened terrain ruggedness. More-

over, the policy effects are observed across the sample periods, suggesting that our estimated effects are not 

driven by shortened adjustments in agricultural land location, but rather the persistent deterioration of the 

land quality. Although the decline in land quality is observable throughout the entire post-policy period, we 

note that the estimated magnitude shows an upward and then a downward trend (an inverted U shape). This 

may be due to the fact that the central government has strengthened the regulation of agricultural land quality 

protection after 2015. However, compared to quantity, quality regulation is more difficult to implement and 

measure, so even with the emphasis on regulating the quality of arable land, we find that the quality of 

agricultural land still declines.  

5.2.2 Robustness 

This subsection briefly discusses the robustness of our estimation of the effects of the ALPP, with 
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Appendix Table A9 summarizing the results of our robustness checks.  

Alternative Dependent Variable. The terrain ruggedness of agricultural land is only one dimension 

that reflects the quality of the land. To argue that the ALPP has indeed led to a decline in agricultural land 

quality, we further use the agricultural potential yield (APY) as another measure of land quality. The con-

struction of the measure of APY on agricultural land is similar to the measure of terrain ruggedness. Specif-

ically, we match the land cover dataset with the APY raster data to calculate the average APY on agricultural 

land for each county.25 We then re-estimate Equations (9) and (10) with the dependent variable replaced by 

the APY measure.  

The corresponding estimated results are reported in Column (1) of Appendix Table A9, where Panel A 

reports the coefficients of Equation (9), and Panel B reports the coefficients of Equation (10). It can be seen 

that the average APY shows a significant decrease after the implementation of ALPP. In particular, our esti-

mated coefficients indicate that for every unit increase in treatment intensity of the ALPP, the average APY 

of agricultural land decreases by 0.17-0.28 tons per hectare approximately, which implies a 4-7% decrease 

in APY relative to the mean. This result further confirms our above findings that the strengthening of the 

regulation of the quantity of agricultural land unexpectedly leads to a decline in land quality.  

Adjusting the Clustering Level. In our baseline estimation, we cluster the standard error at the city 

level to control for the within-city correlations in both spatial and temporal dimensions. However, as the 

protection quotas are specified by the provincial government, there may be concerns that the protection 

quotas are correlated within the province. To control for such correlation structure in the error term, in col-

umn (2) of Appendix Table A9, we adopt the two-way clustering that clusters the standard error at both the 

city and province-year level. This additionally accounts for the spatial correlations within each province-

year cell. In column (3), we further cluster the standard error at the provincial level. To overcome issues 

related to small clustering size, we adopt the Wild Cluster Bootstrap method (Cameron et al., 2008). Reas-

suringly, we find no significant changes in the statistical significance of our estimated coefficients.  

Control for Additional Trends/Fixed Effects. Another concern related to our econometric design is 

that our estimated effects may be confounded by the differential trends at the city level. Although we have 

included a set of pre-determined county controls that interacted with year fixed effects in our regression, 

there could still be cases where our results may be driven by city-level unobserved variations that potentially 

correlate with the intensity of ALPP. To ensure that this is not the case, in column (4) of Table A9, we further 

control for city-specific year trends to absorb any time-varying city-level unobservables that follow a linear 

time trend. The estimated coefficients remain statistically significant, though the estimated magnitude de-

clines to some extent, as the inclusion of city-specific trends absorbs a large fraction of variations in the 

explanatory variable.  

Although our event-study estimates in Figure 7 detect no significant pre-trends, this could also be the 

case that event-study estimates are of low statistical power, and may not be able to detect differential pre-

trends (Roth, 2022). Recent econometric studies on the continuous DiD model find that the model is essen-

tially comparing the difference between groups with above-mean treatment intensity (high treatment group) 

and groups with below-mean treatment intensity (low treatment group), before and after the policy shock 

(Callaway et al., 2024a). This provides a basic idea for empirical studies to address the issue of potential 

undetected pre-trends. Specifically, we categorize the sample into high and low-treatment-intensity groups 

based on treatment intensity and include the group-year fixed effects to control for possible trend deviation 

 
25 The data on the agricultural potential yield raster is from the Resource and Environment Science Data Platform, see 

more detailed description of the dataset at https://www.resdc.cn/DOI/doi.aspx?DOIid=43. The dataset measures the agricul-

tural potential yield for years from 1970 through 2010, at a ten-year interval. To avoid potential endogeneity concerns, we 
use the agricultural potential yield measured in 2000.  

https://www.resdc.cn/DOI/doi.aspx?DOIid=43
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across different groups. The corresponding results are reported in columns (5) of Table A9. We see that the 

inclusion of additional fixed effects does not significantly change the estimated coefficients, suggesting that 

our effects are not driven by the potential violation of the parallel trend assumption.  

Control for Other Confounding Policy. In addition to the ALPP, there are other policies that restrict 

land supply during our sample periods, which could have an impact on our estimation results. One prominent 

example is the National Main Functional Zone Planning (NMFZP). The NMFZP was implemented in 2010, 

which divides the national land into four categories: optimized development zones, key development zones, 

restricted development zones, and prohibited development zones. Typically, the establishment of prohibited 

development zones may also constrain the sources of land supply for local governments, making them more 

likely to resort to occupying agricultural land for urban development, thus leading to a decline in the quality 

of agricultural land. To rule out the potential effect of this policy, we calculate the area of prohibited devel-

opment zones for each county in 2010, and then interact it with time fixed effects and include this additional 

fixed effects in the regression. The estimation results are reported in column (6) of Table A9. We find that 

the estimated coefficients from the baseline regression remain statistically and economically significant after 

controlling for the size of prohibited development zones, indicating that our results are not driven by the 

potential confounding policy.  

Randomized Inference. Finally, we conduct two randomized inferences as in Figure A1 to ensure that 

our results are not driven by other unobserved factors that systematically correlate with the protection target. 

In the left panel of Appendix Figure A2, we randomly assign the time-varying ALPP target to each city, 

whereas in the right panel of Figure A2, we randomly assign the treatment intensity and interact with the 

post-2010 dummy. We run each specification 500 times and plot the distribution of the coefficients on the 

figure. The baseline coefficients are on the far right side of the placebo distribution, suggesting our results 

are not driven by unobserved random shocks.  

5.2.3 The effects on land quantity 

Our above results consistently show that the implementation of the ALPP leads to a decline in agricul-

tural land quality. A related question is, whether the decrease in land quality is attributed to the newly in-

creased agricultural land, that is, whether the implementation of the ALPP results in increases in agricultural 

land. To do so, in columns (1) and (2) of Table 6, we replace the dependent variable with the agricultural 

land quantity. We find no evidence that the ALPP increases agricultural land quantity. The estimated coeffi-

cients are insignificant and have a negative sign. This result rules out the possibility that the decline in agri-

cultural land quality is caused by increased land quantity.  

One of the main reasons for this result is that, although the ALPP strictly limits the agricultural land 

targets, local governments have little incentive to protect agricultural land under an incentive scheme that 

emphasizes economic development as the main goal. Therefore, the ALPP only serves to restrict the expro-

priation of agricultural land and hardly serves to increase the quantity of agricultural land. To illustrate, we 

further examine the effect of ALPP on urban land in columns (3) and (4) of Table 6. Again, we do not find 

that the ALPP has the effect of curbing the expansion of the urban land, suggesting that even under the 

constraint of protecting agricultural land, the local government is still in pursuit of the rapid development of 

the urban economy. We will further test the mechanism of political incentives in the subsequent sections.   

Table 6 The Effects of ALPP on Land Quantity  

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

Dep. Var. Agricultural Land Quantity Urban Land Quantity 

ALPPTarget -31.184  3.815  
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 (52.563)  (5.657)  

TargetIntensity×Post2010  -18.257  2.383 

  (33.108)  (3.537) 

     

Observations 46,360 46,360 46,360 46,360 

County FE Yes Yes Yes Yes 

Province by Year FE Yes Yes Yes Yes 

Controls Yes Yes Yes Yes 

Adjusted R-squared 0.985 0.985 0.994 0.994 

Notes: This table presents the results on the effects of the ALPP on the quantity of agricultural land and urban land, with 
odd columns presenting the OLS specification (Equation (9)) and even columns the DiD specification (Equation (10)). The 
observation is at the county-year level. Control variables include the agricultural GDP, rural income, industry structure, and 
income disparity, all measured at their 2000 values, the distance to the provincial capital, the distance to the coastline, and the 
distance to the nearest highway and railway in 2010. All controls are time-invariant and are interacted with time fixed effects. 
Standard error is clustered at the city level. * denotes significance at the 10% level. ** denotes significance at the 5% level. 
*** denotes significance at the 1% level.  

5.3 Mechanism and Heterogeneity 

We now examine the potential mechanism through which the ALPP leads to decreased agricultural land 

quality and empirically investigate the propositions we derived from our theoretical model. We first examine 

the political incentive mechanism. Since the ALPP has not fundamentally changed the incentives and eval-

uation scheme of local governments, local officials will still focus most of their efforts on promoting local 

economic growth while resorting to less effort in accomplishing the goals of the protection quota. As pre-

dicted by the theoretical model in the previous section, we expect that the greater the incentives for local 

governments to promote economic growth, the more the quality of agricultural land will decline.  

As incentives to promote economic growth are largely related to the appraisal and promotion of local 

officials, we utilize officials' promotion incentives to reflect local governments' incentives to promote eco-

nomic growth. Specifically, we manually collect biographical information of mayors in prefecture-level cit-

ies, including officials' date of birth, gender, education, and work experience. Following the existing litera-

ture, since the promotion of officials is largely determined by the age of local officials, and the probability 

of promotion of officials is significantly different before and after the age of 57, we set the incentives for 

promotion to be stronger for officials younger than 57, and weaker for officials older than 57  (Axbard and 

Deng, 2024; Yao and Zhang, 2015).  

Table 7 reports the subsample regression where we divide our sample into the high incentive group (city 

leader whose age is below 57) and the low incentive group (city leader whose age is above 57). We show 

that the negative effects of the ALPP on agricultural land quality are entirely driven by local officials with 

higher promotion incentives. For local leaders with lower promotion incentives, we find that the estimated 

coefficients are small in magnitude and are insignificant. This is in line with our theoretical prediction that 

the occupation of agricultural land for urban construction is more likely to take place if the city leader has 

higher political incentives, which would lead to a substantial decline in agricultural land quality. Whereas 

for city leaders with lower political incentives, since the reward for occupying agricultural land is relatively 

small, they are more likely to occupy undeveloped land for urban construction, which would have no effect 

on agricultural land quality.  

Table 7 The Role of Political Incentives 

Dep. Var. Agricultural Land Quality (1) (2) (3) (4) 

 High Incentive Low Incentive High Incentive Low Incentive 
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ALPPTarget 15.020*** 0.095   

 (4.685) (7.017)   

TargetIntensity×Post2010   9.612*** -1.330 

   (2.920) (4.032) 

     

Observations 40,348 5,666 40,348 5,666 

County FE Yes Yes Yes Yes 

Province by Year FE Yes Yes Yes Yes 

Controls Yes Yes Yes Yes 

Adjusted R-squared 0.998 0.996 0.998 0.996 

Notes: This table presents the mechanism of political incentives, with odd columns presenting the results on the high 
incentive sample and even columns on the low incentive sample. Columns (1) and (2) present the OLS specification (Equation 
(9)) and columns (3) and (4) present the DiD specification (Equation (10)). The observation is at the county-year level. Control 
variables include the agricultural GDP, rural income, industry structure, and income disparity, all measured at their 2000 values, 
the distance to the provincial capital, the distance to the coastline, and the distance to the nearest highway and railway in 2010. 
All controls are time-invariant and are interacted with time fixed effects. Standard error is clustered at the city level. * denotes 
significance at the 10% level. ** denotes significance at the 5% level. *** denotes significance at the 1% level.  

We then move on to examine other predictions derived from our theoretical model. First, our model 

predicts that, when the city has higher agricultural productivity, the local government is more likely to oc-

cupy agricultural land for urban development, which decreases agricultural land quality. On the other hand, 

when the city has higher industrial productivity, the local government is more likely to keep agricultural land 

intact and occupy undeveloped land for urban construction. The intuition behind this is, that since local 

governments need to balance the trade-off between local economic growth and residents' welfare, it is more 

profitable for them to sacrifice some of their residents' welfare to promote faster urban economic growth 

when agricultural productivity is high, while the opposite is true when industrial productivity is high, and 

local governments have greater incentives to sacrifice some of their economic growth to ensure that residents' 

welfare does not fall too fast.  

Panel A and Panel B of Figure 8 examine the above predictions. We note that, since there is no suitable 

measure of agricultural productivity at the county level, we measure it using the per capita rural income. To 

calculate industrial productivity at the county level, we leverage detailed firm-level data sourced from the 

National Tax Survey Dataset (see Appendix B for data description). Specifically, we first calculate the total 

factor productivity (TFP) for each manufacturing firm and then aggregate to the county level by taking the 

weighted average of firm TFP, with the weight being the industrial output of each firm.26 To examine how 

the treatment effect varies with rural income per capita or industrial productivity, we first generate the tercile 

of the two variables and estimate a quantile regression of our baseline specifications at each tercile. The 

estimated results in Panels A and B of Figure 8 confirm our model derivation. Specifically, we show that the 

treatment effect of the ALPP on agricultural land quality increases when the rural income per capita increases, 

and that the treatment effects are more pronounced in counties with lower industrial productivity.  

These results implicitly imply misallocations in the promotion-incentive-driven urbanization, where the 

agricultural land quality declines more in counties with higher agricultural productivity, which suggests sub-

stantial efficiency loss. Similarly, as the occupation of agricultural land is more salient in counties with lower 

industrial productivity, this implies an over-expansion of urban regions, which again is inefficient.  

Besides these results, our model also predicts that the decline in agricultural land quality would occur 

in counties with higher construction costs on undeveloped land. We examine this prediction in Panel C of 

 
26 To avoid potential endogeneity, we only exploit ex ante variables. Specifically, we use 2000 rural per capita income 

to measure agricultural productivity in each county. Since the NTSD were first available in 2007, we use the weighted aver-
age productivity in 2007 to measure industrial productivity.  
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Figure 8. Aligning with our expectation, we find consistent evidence that the decline in agricultural land 

quality is primarily driven by counties with higher construction costs on undeveloped land.  

Finally, though not explicitly modeled, an expected result of our model is that the decline in agricultural 

land quality is more prevalent in counties that face lower policy enforcement intensity. To measure the en-

forcement intensity of the ALPP, we follow Fan et al. (2023) and use the distance to the provincial capital as 

an indirect measure of land use supervision intensity. Longer distance implies weaker enforcement intensity. 

The results from Panel D of Figure 8 reveal that the decline in agricultural land quality is more likely to 

occur as the distance to the provincial capital increases, suggesting that the lack of effective supervision is 

another important channel that the ALPP leads to decreased agricultural land quality. Although the ALPP 

stresses both the protection of agricultural land quality and quantity, as the quality is a hard-to-observe metric, 

the local government still has sufficient incentives to occupy high-quality land and compensate for low-

quality land, which unintendedly results in the decline in land quality.  

 

Panel A Rural Income 

 

Panel B Industrial Productivity 

 

Panel C Construction Costs on Undeveloped Land  

 

Panel D Distance to the Provincial Capital 

Figure 8 Heterogeneity in the Effect of ALPP on Agricultural Land Quality 

Notes: This figure displays point estimates and the corresponding 95% confidence intervals from the estimation of the 
quantile treatment effects. Coefficients colored with blue are estimated from Equation (9) while coefficients colored with red 
are estimated from Equation (10). The x-axis represents the specific variable that is exploited in heterogeneous analysis, while 
the y-axis denotes the corresponding coefficients. All regressions include county fixed effects and province-by-year fixed 
effects. Control variables interacted with either a full set of polynomial functions of year trend or year fixed effects. Control 
variables include the agricultural GDP, rural income, industry structure, and income disparity, all measured at their 2000 values, 
the distance to the provincial capital, the distance to the coastline, and the distance to the nearest highway and railway in 2010. 
All controls are time-invariant and are interacted with time fixed effects. Standard errors are clustered at the city level.  
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6. Further Discussion  

In the last part of our empirics, we investigate the potential consequences of China’s land-based urban-

ization. Given that we have shown that urban expansion negatively affects agricultural land quality, we ask 

whether this negative effect would threaten the development and sustainability of agricultural production. 

Theoretically, urban expansion could have multiple impacts on agricultural production. The first channel is 

its direct impact on agricultural productivity through the reduction of land quality. Moreover, since our meas-

ure of land quality is terrain ruggedness, urban expansion may also affect factor input adjustment. A closely 

related input is physical capital such as mechanization. As terrain ruggedness increases, agricultural land 

may be less suitable for mechanization, hindering the efficiency of agricultural production. Finally, as land 

productivity decreases, farmers may adjust to apply more fertilizer and pesticide input, reducing the sustain-

ability of agricultural production.  

In Table 8, we examine the impacts of urban expansion on agricultural production and input adjustment. 

In columns (1) to (3), we report the OLS estimates, whereas in columns (4) to (6), we report the IV estimates 

to avoid potential endogeneity. The dependent variable in columns (1) and (4) is county’s grain output, in 

columns (2) and (5), its agricultural machinery power, and in columns (3) and (6), its pesticide and fertilizer 

usage.27 Our results indicate that urban expansion significantly reduces the grain output and agricultural 

machinery power within the county, while increasing pesticide and fertilizer input.28 Taken together, these 

results highlight the potential consequences of urban expansion on the development and sustainability of 

agricultural production.  

Table 8 The Effects of Urban Expansion on Agricultural Production and Input Adjustment 

 

Dep. Var 

OLS estimates IV estimates 

Grain  

Output 

Machinery 

Power 

Pesticide & Ferti-

lizer Usage 

Grain  

Output 

Machinery 

Power 

Pesticide & Ferti-

lizer Usage 

(1) (2) (3) (4) (5) (6) 

Urban Expansion -0.006*** -0.008*** 0.480*** -0.023*** -0.017*** 1.130*** 

 (0.001) (0.001) (0.061) (0.005) (0.003) (0.220) 

Control Variables Yes Yes Yes Yes Yes Yes 

County FE Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 

Adjusted R-squared 0.951 0.924 0.945    

KP-F statistics    15.038 14.635 15.006 

Observations 53537 53219 53077 53537 53219 53077 

Notes: This table presents the results on the effects of urban expansion on agricultural production and input adjustment, with col-
umns (1) to (3) presenting the OLS estimates and columns (4) to (6) the IV estimates. The endogenous variable is the urban built-up 
area, instrumented by the interaction between initial county GDP and national road investment. The observation is at the county-year 
level. Control variables include the agricultural GDP, rural income, industry structure, and income disparity, all measured at their 2000 
values, the distance to the provincial capital, the distance to the coastline, and the distance to the nearest highway and railway in 2010. 
All controls are time-invariant and are interacted with time fixed effects. Standard error is clustered at the county level. * denotes 
significance at the 10% level. ** denotes significance at the 5% level. *** denotes significance at the 1% level.  

 
27 Due to the lack of direct statistical data on pesticide and fertilizer use at the county level, we use the proportion of 

total grain production at the county level to total grain production at the city level to disaggregate city-level pesticide and 

fertilizer use for the calculation. The city-level pesticide and fertilizer usage are derived from the City Statistical Yearbooks.  
28 To ensure that our results are not driven by the mechanical substitution between agricultural land and urban land, in 

Appendix Table A10, we examine the robustness of our estimates by directly controlling for the agricultural land area. The 
results remain significant.  
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7. Conclusion  

This study provides new insights into the unintended consequences of urban expansion and farmland 

protection policies on agricultural land productivity. By integrating a theoretical model with empirical evi-

dence, we demonstrate that urban expansion not only reduces the quantity of agricultural land but also de-

grades its quality. This process is driven by the selective expropriation of high-quality farmland for urban 

development, which forces agricultural production onto less productive land with greater terrain ruggedness 

and lower suitability for modern farming practices. 

A key contribution of this study is the examination of the Agricultural Land Protection Policy (ALPP) 

and its effects on land quality. While the ALPP was designed to reduce farmland loss by imposing strict 

quantity-based conservation targets, our findings suggest that such policies, when implemented without 

strong quality considerations, may lead to unintended distortions. Specifically, local political leaders facing 

strong promotion incentives may comply with the policy in a way that preserves the required  amount of 

farmland but shifts agricultural activity onto lower-quality land. This strategic response aligns with our the-

oretical predictions and highlights the risks of rigid land conservation policies that fail to consider variations 

in land productivity. 

The broader implications of our findings extend beyond China. Many developing economies face sim-

ilar tensions between urban expansion and agricultural sustainability, particularly in contexts where decen-

tralized governance structures create incentives for local leaders to prioritize economic growth. Our results 

suggest that land protection policies must go beyond simple quantity-based restrictions and incorporate 

mechanisms to safeguard high-quality agricultural land. Potential policy solutions include differentiated 

farmland protection strategies that account for land fertility and productivity, financial incentives for local 

governments to preserve high-quality land, and more flexible land-use regulations that promote sustainable 

urban expansion. 

Additionally, our findings indicate that urban expansion has broader consequences for agricultural mod-

ernization. The loss of high-quality farmland reduces the adoption of advanced agricultural technologies, 

such as mechanization, while increasing reliance on fertilizers to compensate for declining land productivity. 

These shifts could have long-term implications for food security and environmental sustainability, under-

scoring the need for a more integrated approach to land-use planning. 

In conclusion, this study highlights the complex trade-offs between urban expansion, land protection 

policies, and agricultural productivity. While urbanization is a key driver of economic growth, its impact on 

agricultural land quality must be carefully managed. Future research should explore the role of alternative 

land-use policies, the long-term effects of farmland degradation, and the potential for technological innova-

tions to mitigate productivity losses in agriculture. By addressing these challenges, policymakers can better 

balance economic development with the sustainability of agricultural production.   
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Online Appendix (Not for Publication) 

Appendix A: Additional Results 

Additional Figures 

 

Figure A1 Placebo Test by Randomly Assigning Initial GDP or Road Investment 

Notes: This figure displays the distribution of the placebo coefficients estimated through the random assignment of initial 
GDP (left panel) and road investment (right panel). All placebo regressions include county fixed effects and year fixed effects, 
as well as baseline control variables. Control variables include the agricultural GDP, rural income, industry structure, and 
income disparity, all measured at their 2000 values, the distance to the provincial capital, the distance to the coastline, and the 
distance to the nearest highway and railway in 2010. All controls are time-invariant and are interacted with time fixed effects.  
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Figure A2 Placebo Test by Randomly Assigning Protection Target/Treatment Intensity 

Notes: This figure displays the distribution of the placebo coefficients estimated through the random assignment of pro-
tection target (left panel) and treatment intensity (right panel). All placebo regressions include county fixed effects and year 
fixed effects, as well as baseline control variables. Control variables include the agricultural GDP, rural income, industry 
structure, and income disparity, all measured at their 2000 values, the distance to the provincial capital, the distance to the 
coastline, and the distance to the nearest highway and railway in 2010. All controls are time-invariant and are interacted with 
time fixed effects.  
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Additional Tables 

Table A1 The Effects of Urban Expansion on Other Land 

 (1) (2) (3) (4) (5) (6) (7) (8) 

Dep. Var. Grassland Forest Wetland Other Land Quality 

Urban Expansion 0.190 -2.757* -0.312* -0.462 -0.122 -0.060 0.004 -0.023 

 (0.268) (1.501) (0.160) (0.978) (0.084) (0.199) (0.015) (0.060) 

         

Observations 53,560 53,560 53,560 53,560 53,560 53,560 53,560 53,560 

County FE Yes Yes Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes Yes Yes 

Controls Yes Yes Yes Yes Yes Yes Yes Yes 

Method OLS IV OLS IV OLS IV OLS IV 

KP-F Statistics - 9.009 - 9.009 - 9.009 - 9.009 

Notes: This table presents the results on the effects of urban expansion on the quantity of other land covers, including 
grassland, forest, and wetland, and the effects on terrain ruggedness of other land (excluding urban and agricultural land). Odd 
columns present the OLS estimates, and even columns present the IV estimates. The endogenous variable is the urban built-
up area, instrumented by the interaction between initial county GDP and national road investment. The observation is at the 
county-year level. Control variables include the agricultural GDP, rural income, industry structure, and income disparity, all 
measured at their 2000 values, the distance to the provincial capital, the distance to the coastline, and the distance to the nearest 
highway and railway in 2010. All controls are time-invariant and are interacted with time fixed effects. Standard error is 
clustered at the county level. * denotes significance at the 10% level. ** denotes significance at the 5% level. *** denotes 
significance at the 1% level.  
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Table A2 Robustness of Using Alternative IV 

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

Dep. Var. Land Quantity Land Quality 

1(𝐻𝑖𝑔ℎ𝐺𝐷𝑃)𝑖 ×1(𝑃𝑜𝑠𝑡2013)𝑡 -15.380***  1.588***  

 (4.914)  (0.567)  

Urban Expansion  -1.663***  0.172*** 

  (0.534)  (0.063) 

     

Specification Reduced Form IV Reduced Form IV 

Observations 53,560 53,560 53,560 53,560 

County FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Controls Yes Yes Yes Yes 

KP-F Statistics - 185.4 - 185.4 

Notes: This table presents the robustness results on the effects of urban expansion on the quantity and quality of agricul-
tural land, using the alternative IV. Odd columns present the reduced-form estimates, and even columns present the IV esti-
mates. The observation is at the county-year level. Control variables include the agricultural GDP, rural income, industry 
structure, and income disparity, all measured at their 2000 values, the distance to the provincial capital, the distance to the 
coastline, and the distance to the nearest highway and railway in 2010. All controls are time-invariant and are interacted with 
time fixed effects. Standard error is clustered at the county level. * denotes significance at the 10% level. ** denotes signifi-
cance at the 5% level. *** denotes significance at the 1% level.  
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Table A3 Control Instruments in OLS Specification 

 (1) (2) 

Dep. Var. Land Quantity Land Quality 

Urban Expansion -1.123*** 0.034** 

 (0.167) (0.015) 

𝐺𝐷𝑃𝑖 × 𝐼𝑛𝑓𝑟𝑎𝑠𝑡−1 -0.009 0.004 

 (0.018) (0.003) 

   

Observations 53,560 53,560 

County FE Yes Yes 

Year FE Yes Yes 

Control Variables Yes Yes 

Adjusted R-squared 0.982 0.975 

Notes: This table examines the exclusion restriction assumption by directly controlling for IV in the OLS specification. 
The first column presents the effects on agricultural land quantity, and the second column presents the effects on land quality. 
The observation is at the county-year level. Control variables include the agricultural GDP, rural income, industry structure, 
and income disparity, all measured at their 2000 values, the distance to the provincial capital, the distance to the coastline, and 
the distance to the nearest highway and railway in 2010. All controls are time-invariant and are interacted with time fixed 
effects. Standard error is clustered at the county level. * denotes significance at the 10% level. ** denotes significance at the 
5% level. *** denotes significance at the 1% level.  
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Table A4 Examining the Effects of the Instrument on Population Changes 

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

Dep. Var. Rural Population Total Population Agricultural Employment Industrial Employment 

𝐺𝐷𝑃𝑖 × 𝐼𝑛𝑓𝑟𝑎𝑠𝑡−1 -0.000 0.003 3.503 3.396 

 (0.001) (0.003) (11.699) (14.569) 

     

Observations 53,560 53,560 53,560 53,560 

County FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Control Variables Yes Yes Yes Yes 

Adjusted R-squared 0.985 0.969 0.979 0.925 

Notes: This table examines the exclusion restriction assumption by regressing a set of population and employment indi-
cators on the instrument. The observation is at the county-year level. The dependent variables are the county’s rural population 
in column (1), total population in column (2), agricultural employment in column (3), and industrial employment in column 
(4). Control variables include the agricultural GDP, rural income, industry structure, and income disparity, all measured at their 
2000 values, the distance to the provincial capital, the distance to the coastline, and the distance to the nearest highway and 
railway in 2010. All controls are time-invariant and are interacted with time fixed effects. Standard error is clustered at the 
county level. * denotes significance at the 10% level. ** denotes significance at the 5% level. *** denotes significance at the 
1% level.  
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Table A5 Including Additional Controls 

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

Dep. Var. Land Quantity Land Quality Land Quantity Land Quality 

Urban Expansion -0.957*** 0.277*** -0.746** 0.194*** 

 (0.367) (0.069) (0.356) (0.056) 

     

Observations 53,500 53,500 52,560 52,560 

County FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Controls Yes Yes Yes Yes 

KP-F Statistics 15.38 15.38 13.82 13.82 

Notes: This table examines the exclusion restriction assumption by controlling for variables through which the instrument 
could affect agricultural land quality/quantity. The odd columns present the effects on agricultural land quantity, and the even 
columns present the effects on land quality. In columns (1) and (2), we control for time-varying agricultural output and agri-
cultural firm entry, whereas in columns (3) and (4), we additionally control for historical agricultural productivity, interacted 
with full sets of year dummies. The observation is at the county-year level. Control variables include the agricultural GDP, 
rural income, industry structure, and income disparity, all measured at their 2000 values, the distance to the provincial capital, 
the distance to the coastline, and the distance to the nearest highway and railway in 2010. All controls are time-invariant and 
are interacted with time fixed effects. Standard error is clustered at the county level. * denotes significance at the 10% level. 
** denotes significance at the 5% level. *** denotes significance at the 1% level.  
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Table A6 Controlling for Additional Time Trends/Fixed Effects 

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

Dep. Var. Land Quantity Land Quality Land Quantity Land Quality 

Urban Expansion -1.542** 0.181** -1.542** 0.235* 

 (0.724) (0.090) (0.743) (0.137) 

     

Observations 53,560 53,560 53,560 53,560 

County FE Yes Yes Yes Yes 

Year FE Yes Yes - - 

Controls Yes Yes Yes Yes 

Province-Year Trends Yes Yes - - 

Province-Year FE - - Yes Yes 

KP-F Statistics 10.47 7.721 10.16 8.170 

Notes: This table examines the robustness of the baseline estimates by controlling for province-year trends or province-
year fixed effects. The odd columns present the effects on agricultural land quantity, and the even columns present the effects 
on land quality. In columns (1) and (2), we control for province-specific year trends, whereas in columns (3) and (4), we control 
for province-year fixed effects. The observation is at the county-year level. Control variables include the agricultural GDP, 
rural income, industry structure, and income disparity, all measured at their 2000 values, the distance to the provincial capital, 
the distance to the coastline, and the distance to the nearest highway and railway in 2010. All controls are time-invariant and 
are interacted with time fixed effects. Standard error is clustered at the county level. * denotes significance at the 10% level. 
** denotes significance at the 5% level. *** denotes significance at the 1% level.  
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Table A7 Controlling for Lagged Dependent Variable and IV 

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

Dep. Var. Land Quantity Land Quality Land Quantity Land Quality 

Urban Expansion -0.347* 0.092** -1.515*** 0.193** 

 (0.196) (0.037) (0.564) (0.090) 

     

Observations 50,882 50,882 50,882 50,882 

County FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Controls Yes Yes Yes Yes 

KP-F Statistics 14.25 14.30 9.177 9.177 

Notes: This table examines the robustness of the baseline estimates by controlling for lagged dependent variables and 
using the lagged instrument. The odd columns present the effects on agricultural land quantity, and the even columns present 
the effects on land quality. In columns (1) and (2), we control for the lagged term of the dependent variable, whereas in columns 
(3) and (4), we use both the interaction of the county’s initial GDP and national-level road investment and its lagged term as 
instruments. The observation is at the county-year level. Control variables include the agricultural GDP, rural income, industry 
structure, and income disparity, all measured at their 2000 values, the distance to the provincial capital, the distance to the 
coastline, and the distance to the nearest highway and railway in 2010. All controls are time-invariant and are interacted with 
time fixed effects. Standard error is clustered at the county level. * denotes significance at the 10% level. ** denotes signifi-
cance at the 5% level. *** denotes significance at the 1% level.  
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Table A8 Adjusting the Clustering Level 

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

Dep. Var. Land Quantity Land Quality Land Quantity Land Quality 

Urban Expansion -1.372* 0.149* -1.372* 0.149* 

 (0.720) (0.081) (0.782) (0.083) 

     

Observations 53,560 53,560 53,560 53,560 

County FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Controls Yes Yes Yes Yes 

KP-F Statistics 11.34 11.34 9.009 9.009 

Notes: This table examines the robustness of the baseline estimates by adjusting the clustering level. The odd columns 
present the effects on agricultural land quantity, and the even columns present the effects on land quality. In columns (1) and 
(2), we two-way cluster the standard errors at the county and province-year level, whereas in columns (3) and (4), we cluster 
the standard errors at the city level. The observation is at the county-year level. Control variables include the agricultural GDP, 
rural income, industry structure, and income disparity, all measured at their 2000 values, the distance to the provincial capital, 
the distance to the coastline, and the distance to the nearest highway and railway in 2010. All controls are time-invariant and 
are interacted with time fixed effects. * denotes significance at the 10% level. ** denotes significance at the 5% level. *** 
denotes significance at the 1% level.  
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Table A9 Summary of Robustness Checks 

Dep. Var. Agricultural Land Quality (1) (2) (3) (4) (5) (6) 

 Alternative 

Definition 

Two-way 

Cluster 

Wild Cluster 

Bootstrap 

City-specific 

Trend 

Group-Year 

Fixed Effects 

Confounding 

Policy 

Panel A: OLS specification       

ALPPTarget -0.276*** 18.067*** 18.067*** 12.665** 23.255*** 18.062*** 

 (0.090) (4.783) (1.948) (5.174) (5.896) (4.911) 

       

Observations 46,380 46,360 46,380 46,360 46,360 46,320 

Adjusted R-squared 0.998 0.998 0.998 0.998 0.998 0.998 

Panel A: DiD specification       

TargetIntensity×Post2010 -0.165*** 11.375*** 11.375*** 7.601** 12.807*** 11.371*** 

 (0.058) (3.002) (1.130) (3.601) (2.719) (3.077) 

       

Observations 46,380 46,360 46,380 46,360 46,360 46,320 

County FE Yes Yes Yes Yes Yes Yes 

Province by Year FE Yes Yes Yes Yes Yes Yes 

Controls Yes Yes Yes Yes Yes Yes 

Adjusted R-squared 0.998 0.998 0.998 0.998 0.998 0.998 

Notes: This table summarizes the robustness checks for the effects of the ALPP on the quality of agricultural land, with Panel A 
presenting the OLS specification (Equation (9)) and Panel B the DiD specification (Equation (10)). In column (1), we use an alternative 
measure of land quality. In column (2), we two-way cluster the standard error at the city and province-year level. In column (3), we cluster 
the standard error at the province level and exploit the Wild Cluster Bootstrap to estimate the corresponding standard error. In column (4), 
we control for city-specific year trends. In column (5), we absorb the group-specific year fixed effects for high-treatment and low-treatment 
groups. In column (6), we control for potential confounding policy. The observation is at the county-year level. County and Province by 
Year fixed effects are included for every specification. Control variables include the agricultural GDP, rural income, industry structure, and 
income disparity, all measured at their 2000 values, the distance to the provincial capital, the distance to the coastline, and the distance to 
the nearest highway and railway in 2010. All controls are time-invariant and are interacted with time fixed effects. Standard error is clustered 
at the city level. * denotes significance at the 10% level. ** denotes significance at the 5% level. *** denotes significance at the 1% l evel.  
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Table A10 The Effects of Urban Expansion on Agricultural Production and Input Adjustment (Ro-

bustness) 

 

Dep. Var 

OLS estimates IV estimates 

Grain  

Output 

Machinery 

Power 

Pesticide & Ferti-

lizer Usage 

Grain  

Output 

Machinery 

Power 

Pesticide & Ferti-

lizer Usage 

(1) (2) (3) (4) (5) (6) 

Urban Expansion -0.006*** -0.008*** 0.462*** -0.023*** -0.017*** 1.112*** 

 (0.001) (0.001) (0.060) (0.005) (0.003) (0.220) 

Control Variables Yes Yes Yes Yes Yes Yes 

County FE Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 

Adjusted R-squared 0.952 0.924 0.945    

KP-F statistics    14.980 14.576 14.948 

Observations 53537 53219 53077 53537 53219 53077 

Notes: This table presents the robustness checks on the effects of urban expansion on agricultural production and input adjustment, 
by directly controlling for agricultural land area. Columns (1) to (3) present the OLS estimates and columns (4) to (6) the IV estimates. 
The endogenous variable is the urban built-up area, instrumented by the interaction between initial county GDP and national road 
investment. The observation is at the county-year level. Control variables include the agricultural GDP, rural income, industry structure, 
and income disparity, all measured at their 2000 values, the distance to the provincial capital, the distance to the coastline, and the 
distance to the nearest highway and railway in 2010. All controls are time-invariant and are interacted with time fixed effects. Standard 
error is clustered at the county level. * denotes significance at the 10% level. ** denotes significance at the 5% level. *** denotes 
significance at the 1% level.  
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Appendix B: Additional Data Description 

National Taxation Survey Dataset (NTSD) 

The National Taxation Survey Dataset (NTSD) is an administrative dataset compiled from tax records 

of firms operating in China. It is one of the most comprehensive and authoritative datasets available for 

studying firm behavior, taxation, and economic activities in China. The dataset covers a wide range of tax-

related variables, offering a detailed view of firms’ financial and operational performance, as well as their 

interactions with the tax system.  

The NTSD is constructed based on tax filings and financial reports submitted by firms to the State 

Taxation Administration (STA). It includes data from multiple sources, such as Value-added tax (VAT) rec-

ords that report firms’ sales, purchases, and tax liabilities. Corporate income tax (CIT) filings provide in-

sights into firms' revenue, profits, and taxable income. The dataset also includes other taxes and fees, such 

as business tax, excise tax, and social security contributions.  

Besides detailed taxation information, the dataset also records comprehensive firm registration infor-

mation, covering firm ownership structure, industry classification (based on China's national economic clas-

sification), location (province, city, or county), and registration year. What’s more, the dataset also includes 

firms’ financial performance (e.g., revenue, costs, profits, asset holdings, and liabilities), and a wide range 

of input information (e.g., wages, employment, capital goods investment, and intermediate goods inventory). 

This information allows us to calculate the TFP for each firm.  

Land Transaction Dataset 

China's land transaction dataset is an administrative database that records transactions of state-owned 

land use rights across different cities and provinces. The dataset is primarily maintained by municipal land 

bureaus and real estate transaction centers, with some national-level integration conducted by the Ministry 

of Natural Resources and other government agencies. It is constructed based on publicly disclosed land 

transaction records from government land auction platforms, local land transaction centers, and official no-

tices of land supply. 

The dataset contains detailed transaction-level information on each land parcel that has been transferred 

through public bidding, auction, or negotiation. The core variables in the dataset include: 1. Transaction 

Information: The date of the land transfer, the mode of transfer (auction, tender, or negotiation), the transac-

tion price (final winning bid or negotiated price), and the floor price per square meter. 2. Land Parcel Attrib-

utes: The land’s location (including city, district, and sometimes specific geographic coordinates), total land 

area (measured in square meters), plot ratio, and land use type (residential, commercial, industrial, or mixed-

use). Some datasets also include information on zoning regulations and land development conditions.  3. 

Buyer Information: The identity of the purchasing entity, which could be a real estate developer, an industrial 

firm, or other land users. The dataset sometimes distinguishes between different types of buyers, such as 

private enterprises, state-owned enterprises, or joint ventures. 4. Contractual Terms: The lease duration (typ-

ically 70 years for residential land, 50 years for commercial land, and 40 years for industrial land), specific 

land use restrictions, and any additional contractual obligations imposed on the buyer (e.g., requirements for 

infrastructure investment or affordable housing provisions).  


