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Abstract

This paper examines the unintended environmental consequences of managed agricultural trade
by studying the 2014 U.S.–Mexico Sugar Suspension Agreement. The agreement incentivized sug-
arcane expansion and fertilizer runoff in sugarcane producing regions. Using panel data on surface
water quality from monitoring stations across Louisiana and neighboring state – Mississippi, from
2008/09 to 2019/20, we apply a spatial difference-in-differences framework to estimate the pol-
icy’s impact on downstream nutrient pollution. Treatment status is defined based on historical
sugarcane cultivation within upstream catchments of monitoring sites, exploiting the hydrological
connectivity between sugarcane-growing areas and downstream water quality monitoring stations
to isolate the causal effect of the trade shock from confounding watershed characteristics. Results
show that after 2014, nitrate-nitrogen concentrations increased by about 1.171 mg/L in waters
downstream of sugarcane areas relative to unaffected sites following trade shock. This represents
a 79.5 percent increase compared to the pre-treatment average, with the effect emerging within
one to two years of the policy and persisting for nearly three years. Robustness checks with alter-
native model specification and restricted sample yield consistent results. These findings highlight
that managed trade policies can generate significant and lasting environmental externalities, with
implications for the joint design of trade and environmental regulation.
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1 Introduction

Nutrient pollution remains one of the most persistent environmental challenge in the United States,
particularly within the Mississippi River Basin. Excess nitrogen and phosphorus loading from intensive
agriculture poses severe risks to drinking water, aquatic ecosystems, and regional economies, most
notably contributing to the hypoxic ”dead zone” in the Gulf of Mexico. While the environmental
drivers of this pollution, such as fertilizer application rates and land-use intensity, are realized at
the local watershed level, the economic incentives governing these production decisions are frequently
determined by macroeconomic forces and national trade policies. Understanding how macro-level
trade shocks transmit through agricultural markets to alter local environmental outcomes is critical
for designing effective policy, yet causal evidence linking specific managed trade interventions to water
quality remains scarce.

This paper addresses this gap by exploiting a quasi-experiment in agricultural trade policy: the
2014 U.S.-Mexico Sugar Suspension Agreement. By limiting the export volumes from Mexico, a major
trading partner, this agreement effectively raised domestic U.S. raw sugar prices. We examine the
environmental consequences of this policy shock in the Lower Mississippi Water Resource Region,
covering parts of Louisiana and Mississippi, where sugarcane is a dominant crop. This agricultural
trade policy alters the production incentives for sugarcane growers through two distinct channels. On
the extensive margin, higher prices encourage the expansion of sugarcane acreage; on the intensive
margin, they incentivize increased fertilizer application on existing fields to maximize yield. Because
sugarcane is significantly more nitrogen-fertilizer-intensive crop than alternative regional crops such
as soybean and rice, responses along both margins theoretically increase total nutrient loading and
degrade downstream water quality.

To empirically test this hypothesis, we construct a station-by-year panel of water pollutant con-
centrations from 2008/09 to 2019/20, integrating comprehensive water quality monitoring data from
the EPA with high-resolution geospatial land use and hydrological data. Our identification strategy
relies on the hydrological connectivity of monitoring stations. We link the national trade shock to
local water quality outcomes by classifying monitoring stations based on their location downstream
of historical sugarcane-growing areas within their upstream catchments. Using a spatial difference-
in-differences framework with monitoring-station and year fixed effects, we compare changes in water
quality between exposed (downstream of sugarcane) and unexposed monitoring stations before and
after the 2014 policy implementation. This design allows us to isolate the causal effect of the trade
policy from time-invariant watershed characteristics and broader temporal trends.

Our results suggest that the shift toward managed trade exacerbated nutrient pollution. We find
that the 2014 policy significantly increased nitrate-nitrogen concentrations at exposed monitoring
stations by approximately 1.171 mg/L relative to the control group. This represents a 79.5 percent
increase compared to the pre-treatment average, a magnitude that underscores the high sensitivity
of local water quality to trade-induced price signals. These findings are robust to different modeling
specification and restricted samples.

In early studies, researchers extensively examine if and how local interventions successfully improve
water quality (Sarker et al., 2008; Kling, 2011; Grolleau and McCann, 2012; Rabotyagov et al., 2014;
Weng et al., 2024). Economists examine how three essential conservation practices – the Conservation
Reserve Program (CRP), the Environmental Quality Incentives Program (EQIP), and the Regional
Conservation Partnership Program (RCPP) – contribute to water quality (Fleming, 2017; Fleming
et al., 2018; Palm-Forster et al., 2019; Liu et al., 2023; Sun et al., 2026). These conservation practices
target multiple environmental services supplied by agricultural land and by incentivizing farmers to
implement protective agricultural measures, such as best management practice and land use, through
subsidy and technical support. Another strand of literature explores market-based instruments for
least-cost pollution abatement, including water quality trading and fertilizer taxes, primarily targeting
point and nonpoint source interactions in agricultural settings (Horan and Shortle, 2005; Fisher-Vanden
and Olmstead, 2013; Stephenson and Shabman, 2017; Fleming et al., 2020). Despite these efforts, the
macroeconomic drivers of nutrient pollution, particularly how trade policy shocks transmit through
agricultural markets to alter local water quality, remain largely unexplored.

The question of how trade impacts the environment has received considerable attention from re-
searchers across disciplines, especially economists (Copeland and Taylor, 2004; Antweiler et al., 2001;
Curtis et al., 2018; DeFries et al., 2010; Gibbs et al., 2010; Richards et al., 2012). Much of the litera-
ture studies the effects of trade on pollution in the manufacturing sector (Shapiro and Walker, 2018;
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Bombardini and Li, 2020). Carbon emissions have received the greatest scholarly and policy attention,
owing to their well-documented role as the primary driver of climate change. (Shapiro, 2021; Barrows
and Ollivier, 2021). Other articles have studied the relationship between trade and the exhaustion of
natural resources, especially paying attention to deforestation, groundwater, and fish (Sekhri, 2022;
Abman and Lundberg, 2020;Brander and Taylor, 1998; Hotte et al., 2000; Copeland and Taylor, 2009;
Taylor, 2011; Erhardt, 2018; Carreira et al., 2024).

By providing the first causal evidence linking a managed trade policy to water nutrient pollution,
this paper offers three main contributions to the literature. First, we identify the macroeconomic
drivers of localized nutrient pollution, a mechanism that has received limited attention in the envi-
ronmental economics literature. While existing studies extensively examine how local interventions,
such as fertilizer taxes or best management practice (BMP) subsidies, affect water quality, there is
little empirical evidence on how macro-level trade policy shocks transmit through agricultural supply
chains to alter local environmental outcomes. Second, our results highlight the unintended environ-
mental and distributional consequences of managed trade policies. Unlike the standard ”pollution
haven” hypothesis, which focuses on the outsourcing of dirty production to developing nations, we
provide evidence that protectionist tools (like suspension agreements) can re-intensify pollution within
developed economies. This challenges the conventional Environmental Kuznets Curve hypothesis by
showing that trade barriers can incentivize environmental degradation even in high-income contexts.
Third, the analysis expands the scope of the trade–environment literature by focusing on water quality,
a distinct and understudied margin of adjustment. The vast majority of trade-environment studies
focus on global pollutants (e.g., carbon emissions) or land-cover changes (e.g., deforestation).

2 Background

2.1 U.S. Sugar and Sugarcane

Sugarcane is a perennial cash crop that is grown in tropical and subtropical regions with sufficient
rainfall and warmth (Headley et al., 2024). Top producing countries include Brazil, India, China,
Mexico, and the United States. In the United States, it is mainly grown in the states of Florida,
Louisiana, and Texas. After planting cane stalk cuttings, the crop matures in 1 to 2 years and
typically yields two to four harvests from the original planting. Based on the fixed start month of the
harvest season, October, the U.S. sugarcane industry uses the cane year rather than the calendar year
in official statistics: 2014/15 cane year covers the period from October 2014 to September 2015.

2.2 2014 U.S.–Mexico Sugar Suspension Agreement

According to the NAFTA signed by the United States, Mexico, and Canada in 1994, since 2008,
Mexico has been granted unlimited access to the U.S. markets for raw sugar exports (Adu et al.,
2023). Between 2008 and 2013, Mexico faced no duties (or quotas) on sugar exports to the U.S.,
during which its share of total U.S. sugar imports rose sharply, reaching a peak of 64% in 2013 (USDA
ERS, 2022). The surge in imported sugar and the resulting increase in total supply caused a sharp
decline in domestic sugar prices and disrupted the stability of the U.S. sugar market.

Starting in April 2014, the United States authorities began antidumping and countervailing duty
(ADCVD) investigations. U.S. ADCVD laws provide a formal mechanism, known as the suspension
process, through which domestic and foreign producers can resolve ADCVD disputes by reaching
an agreement that eliminates the risk of injury to domestic producers. If suspension negotiations
are successful, the terms of suspension, which usually include voluntary export restrictions or price
restrictions, take the place of ADCVD tariffs on subject imports.

On December 19, 2014, the United States and Mexico signed a suspension agreement for sugar
imports from Mexico. This suspension agreement imposed volumetric and minimum price restrictions
on Mexican sugar entering the U.S., which increased the protection of the domestic sugar industry.
Specifically, this marked a shift in Mexico’s sugar quota from unlimited access to a relatively small
allocation.
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2.3 Main Crops, Fertilizer and Water Nutrient Pollution

We pay attention to Louisiana’s sugarcane planting, because it contributes to the Dead Zone in the Gulf
of Mexico which is the most significant water nutrient pollution issue. Another reason is the known
weak environmental regulation in Louisiana. We incorporate Mississippi into our sample to serve as
the main source of counterfactual for causal identification and inference. Louisiana and Mississippi
are both the key component of Lower Mississippi water resource region and are located at similar
latitudes, thus their hydrological and climate conditions are highly comparable, both of which are key
factors for agricultural production.

For these two states, their leading crops are both soybean. Other main crops are rice, corn,
sugarcane and cotton.1 The primary fertilizer input for sugarcane is nitrogen, while phosphorus is
applied only when soil test shows severe deficiency and excessive phosphorus would damage sugarcane.
The fertilizer application window is March 20–April 30 during spring. Once fertilizer N is applied as
urea or ammonium, it may transform biochemically to nitrate, which is liable to leach beyond the
soil–plant system to water bodies. Nitrate shows high mobility in the water. High concentrations
of nutrients are toxic to aquatic organisms, and can be harmful to human health. Higher levels of
nitrogen and phosphorus would suggest worse water quality.

3 Data and Sample Construction

Land Use Information. We use the Cropland Data Layer (CDL) provided by the National Agricul-
tural Statistics Service (NASS USDA) to identify the spatial distributions of sugarcane, other crop-
lands, wetland and grassland and other land cover types. The CDL is an annual geo-referenced,
crop-specific raster dataset from 2008 onward with a spatial resolution of 30× 30 meters. The classifi-
cation accuracy of the sugarcane land use in the CDL is sufficiently high due to the unique growth of
the sugarcane cycle and its tall and dense canopy structure.2

Water Quality Data. We obtain surface water quality data from the EPA Water Quality Portal.
Our nutrient of interest is nitrogen in the form of nitrate, the main component of sugarcane fertilizer.
We collect daily surface water nitrate concentration records from all lake- or river- type monitoring
stations in Louisiana and Mississippi states. We process the raw data in several ways. We convert
nitrate values to nitrate-nitrogen values using specific conversion factors.3. Each water quality indi-
cator is subject to a technique-specific detection limit that defines its measurable range. If pollutant
concentration is lower than detectable levels, it is marked as false detections. We replace these missing
values with half the minimum detection limit. We drop some records with false detection labels but
do not have detection limits. A monitoring station might test nitrate multiple times on a certain day.
We average these multiple observations and get station-by-daily level panel data. Then we obtain the
station-by-cane year analysis panel through averaging.

Hydrological Information. The National Hydrography Dataset (NHD) constructs a network
of surface water. All river segments are linked by nodes and contain information on flow directions.
We can use this network to follow upstream or downstream for each water quality monitoring station.
Additionally, this dataset contains an layer that records the catchment range corresponding to each
river segment.

As the first step, we attach each monitoring station to the nearest river segment. By tracing
upstream along the river segments, we find all river segments within 25 kilometers upstream for each
monitoring station. Using the already processed catchment boundary shapefile, we find the catchments
corresponding to all river sections within 25 kilometers upstream for each monitoring station. In most
cases, there are multiple catchments upstream of each monitoring station, and we combine them into
one union catchment.

By spatially joining the catchment polygon shapefile with CDL data, we can determine whether
sugarcane is grown in the catchment area 25 km upstream of each monitoring station from 2008 to
2013. If there is experience of growing sugarcane upstream of a monitoring station, this monitoring
station is classified as a treated station.

1For Louisiana, the top five crops are soybean, rice, sugarcane, corn, and cotton in 2014; while for Mississippi, its top
five crops are soybean, corn, cotton, rice, and sorghum in 2014

2According to CDL metadata, the 2014 accuracy rate for sugarcane classification is 95.71 percent in Louisiana.
31 mg/L of nitrate NO3-N = 4.43 mg/L NO3
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Other datasets for controls We collect other datasets for controls variables in our model.
Weather is crucial for water quality through many chemical paths, especially precipitation and temper-
ature.4 We obtain monthly weather data from the Parameter-elevation Regressions on Independent
Slopes Model (PRISM) Climate Group at Oregon State University, which provides 4-km gridded
estimates of precipitation and temperature. Specifically, we use monthly total precipitation (mm)
and monthly mean temperature (◦C) covering the period from October 2008 through September
2020. Rather than extracting weather at the point location of each monitoring station, we construct
catchment-level weather controls that better reflect the hydrological processes governing pollutant de-
livery to the station. We overlay these catchment polygons onto the PRISM 4-km raster grids and
compute the area-weighted mean of all grid cells intersecting each polygon, separately for each calendar
month.

Fertilizer from crop farming is one pollution source, while manure from the livestock industry
is another. We therefore control for local livestock intensity using cattle inventory data from the
USDA National Agricultural Statistics Service (NASS), which reports county-level cattle and calf
inventories annually. We assign the January t + 1 inventory to cane year t (October t–September
t+1). We normalize by catchment area to obtain cattle density (head/km2) as the control variable in
the regression.

We also construct two supplementary controls, both excluded from the baseline due to incomplete
temporal coverage.5 For government conservation spending, we obtain USDA Environmental Quality
Incentives Program (EQIP) county-level payment records and aggregate total payments to the catch-
ment level. For socioeconomic controls, we obtain tract-level population density, median household
income, and poverty rate from ACS 5-year estimates, spatially allocated to catchments.

4 Empirical Strategy: Difference-in-difference

4.1 Empirical Models

We start by estimating the following equation:

Yit = β0 + β1(Di × 1[Post14]) +X ′
itδ + γi + ηt + εit

where Yit represents the water pollutant concentration at monitoring station i in cane year t, such
as nitrate. 1[Post14] is a binary variable that remains at 1 for all subsequent years after 2014 trade
shock. The reference year is 2014/15. Di is a binary variable that equals 1 if the 25 km upstream
catchment was ever covered by sugarcane during 2008/09-2013/14. For water quality monitoring
stations that have sugarcane planting experience within 25 km upstream catchment before 2014, they
are defined as treatment stations; for stations that have no sugarcane planting experience within 25
km upstream catchment before 2014, they are defined as control stations. Keiser and Shapiro (2019)
apply 25 mile (about 40 km) as the main cutoff, while in our setting, all relevant upstream sugarcane
area for Nitrate-monitoring stations lies within 25 km catchment areas. We apply different cutoffs in
the robustness check part and see that the estimation results are robust.

The specification includes monitoring station fixed effect (γi), which controls time-invariant regional
characteristics at the station level, such as geographic factors affecting sugarcane suitability (e.g.
latitude, longitude, slope, elevation and soil type). ηt is the cane year fixed effect, which controls
common shocks confronted by all stations in a specific year. X ′

itδ includes two sets of controls in
the baseline model, the weather information and livestock scale. These factors would also influence
downstream water quality and the available datasets have sufficient temporal and spatial variance for
identification. To address potential spatial correlation across nearby monitoring stations, we apply
the Conley standard error correction, which accounts for spatial dependence in the residuals based

4For example, heavy precipitation can cause pollutants to be carried to downstream monitoring stations more quickly
or to more distant places. Temperature can affect the conversion of nitrogen between different forms and the final results
detected by the monitoring station.

5The publicly available EQIP data extend only through contract year 2018, which under our temporal convention
corresponds to cane year 2017. Cane year 2019 maps to ACS 2020, a release with known response-rate issues from
COVID-19 disruptions. Including either variable in the baseline would reduce the estimation sample, so both are
reserved for robustness checks
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on geographical distance. Specifically, we merge the latitude and longitude coordinates of each water-
quality monitoring station into the main data set and calculate spatially robust standard errors under
the 50 km threshold.

The parameter of interest, β1, captures the changes in the difference in water pollutant concen-
tration outcome (yit) between control and treatment groups following the trade shock. Specifically,
it reflects whether water pollution in monitoring stations exposed to sugar-related shock increases
more after 2014. In other words, if the 2014 national trade policy has a negligible effect, β1 would be
statistically insignificant and close to zero.

The main parallel trend assumption of DID identification design is that in the absence of treat-
ment, water quality in both treatment and control stations would have followed the same trend. For
parallel trend assumption, we cannot test it directly because in the real world we cannot observe the
consequences if 2014 policy shock has not occurred; however, we estimate a dynamic event study model
to assess the validity of the parallel trend assumption.

Yit = β0 +

2019∑
τ=2008,τ ̸=2014

βτ (Di × 1[year = τ ]) +X ′
itδ + γi + ηt + εit (1)

where we replace the interaction of the Di and treatment year dummy with a set of interactions
between Di and event year. The event years are defined as the calendar year minus the treatment
year (2014/15). The 2014/15 year is omitted as the reference year. Hence, the coefficients measure
the difference in water quality between treated monitoring stations and other stations, by event years.
This model also includes station and cane year fixed effects. If there are no differential pre-trends in
outcomes, then the estimates of βτ before 2014/15 should not be statistically different from zero. We
can also see the annual dynamic trend in the event study and the short- and long-run effects.

The DiD framework absorbs any common time trends in nitrogen fertilizer use from all crops
through year fixed effects, so the identification concern arises only if another nitrogen-intensive crop
experienced differential area changes between treated and control catchments coinciding with the 2014
policy shock due to a separate exogenous driver. Soybean, the dominant crop in both states, applies
minimal nitrogen fertilizer and thus poses little concern. Corn applies nitrogen at rates exceeding sug-
arcane, but two considerations alleviate this concern. First, no major exogenous shock independently
affected corn production in Louisiana or Mississippi around 2014 in ways correlated with historical
sugarcane cultivation patterns. Second, we directly test this concern by estimating the event study
specification using upstream corn area within the 25 km catchment as the outcome variable. Figure 10
shows that corn area in treated catchments exhibits no differential trend relative to control catchments
either before or after the 2014 policy, with all coefficients statistically indistinguishable from zero.

4.2 Analysis Sample and Summary Statistics

Table 1 displays the descriptive statistics of the analysis sample, a yearly-by-station level panel data
from 2008/09 to 2019/20. There are two parts of columns, which represent control and treated groups
in the difference-in-difference model. The first panel displays the basic statistics of analysis sample.
The total observations are 481, with control and treated observations in a roughly 6:4 ratio. Control
groups cover 176 water quality monitoring stations, while treatment groups cover 75 stations. This
sample covers 66 HUC8 level watersheds and 147 HUC12 sub-watersheds within Louisiana and Missis-
sippi states. The second panel shows the historically sugarcane planting acreage within 25 km upstream
catchment of water quality monitoring stations. The treatment stations always locate in the down-
stream of sugarcane planting region, while control stations locate in the downstream of non-sugarcane
planting area. The third panel shows the mean and standard deviation of nitrate concentration for
different groups. The average nitrate-N concentration level of treatment stations is significantly higher
than the level of control stations. The last two panels reveal differences between the two groups: treat-
ment stations locate in places with slightly higher precipitation, higher temperature, lower livestock
density, significantly less conservation areas, higher population density, higher household income level,
and lower poverty rate.

It is noted that the average number of observations per station is approximately 2, reflecting a
key characteristic of the EPA Water Quality Portal data: while some monitoring stations maintain
continuous, long-term records, others conduct measurements at a location only once before relocating.
For these temporary monitoring stations, there is a potential endogeneity concern for our identification.
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If station deployment is systematically driven by local pollution conditions, specifically, if temporary
stations are more likely to be established in high-pollution catchments, or if station density in treated
areas increases following the 2014 policy shock as nutrient levels rise, this form of composition bias
could confound our causal estimates.

Two features of our research design mitigate this concern. First, monitoring station fixed effects
(γ i) absorb the time-invariant component of station selection, ensuring that identification comes from
within-station variation over time rather than cross-sectional differences in where stations are placed.
Second, if station deployment were responding to policy-induced increases in pollution, we would
expect a shift in the composition of stations in treated catchments after 2014, which would manifest as
differential pre-treatment trends. The event study results in Section 5 show no evidence of such pre-
existing trends, which is inconsistent with selective station deployment correlated with the treatment.
More broadly, Keiser and Shapiro (2019) note that water quality monitoring in the United States spans
both networks purposefully designed by hydrologists as representative samples and stations established
by local governments or nongovernmental organizations, suggesting that station placement is generally
not driven by real-time pollution responses (Keiser and Shapiro, 2019).

4.3 Baseline Results

Figure 1 shows the event study results of 2014 trade policy shock on nitrate-nitrogen concentration.
Pre-treatment coefficients are all insignificant on a 5% significance level, which indicates that the
control and treatment groups satisfy the parallel trend assumption before 2014 and we can infer the
post-treatment coefficients confidently. The estimation results of 2015/16-2017/18 are positive and
significant, while the magnitude of 2016/17 coefficient is relatively huge (1.171 mg/L). This represents
a 79.5 percent increase compared to the pre-treatment average, a magnitude that underscores the high
sensitivity of local water quality to trade-induced price signals. This influence lasts for nearly three
years.

4.4 Robustness Check

Different model specifications We test the robustness of the results to alternatives of clustering
methods and spatial fixed effects. We replace the baseline standard error correction method by clus-
tering at monitoring-station level, HUC8 watershed level, or HUC12 watershed level to account for
spatial correlation in unobservables within hydrological boundaries. Figures 2–4 present the results
under these alternative specifications. The estimates remain highly consistent with the baseline, show-
ing no strong pre-treatment trends and significant increases in nitrate–nitrogen concentrations in the
two to three years following the 2014 trade policy shock, confirming that the results are robust to
different spatial aggregation levels.

In addition, we apply spatially robust standard errors with a 100 km threshold, rather than 50 km
in the baseline. Figures 5 reports the corresponding event-study results. Both results are consistent
with the baseline specification, showing no strong pre-treatment trends before 2014/15 and a statisti-
cally significant increase in nitrate–nitrogen concentrations during the first two years after the policy
implementation. We also replace the monitoring-station fixed effects used in the baseline specification
with larger spatial units, HUC12 and HUC8 watershed fixed effects, to capture potential unobserved
regional characteristics shared among stations within the same watershed. Figure 6 and Figure 7 show
results consistent with the baseline.

Restrict analysis sample Considering the limitation of water quality station dataset, we restrict
the analysis sample to Louisiana and Mississippi monitoring stations with non-missing Nitrate-N ob-
servations (cane years 2008–2019) observed in at least one cane year before 2014/15 and at least one
cane year from 2014/15 onward. Stations observed in only one period contribute no DiD identify-
ing variation and are excluded. Figure 8 delivers results consistent with the baseline: the parallel
trend assumption tends to hold and the managed trade policy shock significantly contributes to the
nitrate-nitrogen concentration increase in the following two to three years.

Different thresholds besides 25 km In the baseline setting, the treatment classification is based
on the sugarcane planting history within the 25 km upstream catchment for each station. When we use
35 km and 40 km catchments as the decision bases, the treatment classifications are identical with 25
km specification, reflecting that all relevant upstream sugarcane area for Nitrate-monitoring stations
lies within 25 km (see in Figure 9). At 15 km, four treated stations lose their classification, yielding

7



a slightly smaller coefficient. The stability of results across 25–40 km demonstrates that our 25 km
baseline does not reflect a knife-edge specification choice.

5 Conclusion

Nutrient runoff from farmland fertilizer contributes to the Gulf’s Dead Zone, posing health risks
through harmful algal blooms and harming aquatic ecosystems and fisheries. This research reveals
that a macro-level sugar-related trade policy shock leads to the unintended water pollution near the
sugarcane planting areas through the fertilizer runoff channel. The effects happen immediately and
last for nearly two years after the implementation of the trade policy. In 2016/17, the nitrate increase
directly caused by trade suspension agreement policy even accounts for about 79.5% of pre-treatment
average, which is a huge impact.

These findings have implications for how macro-level trade policy shapes local water quality, sug-
gesting a need to shift attention from local conservation practice incentives and intervention to up-
stream policy design. Previous environmental literature pays heavy attention on ”direct” program
designs, while our research shows that ”indirect” macro-level trade policy may create more significant
but unintended externalities. In the case of sugarcane industry, the trade policy designer has not con-
sidered unintended and subsequent environmental outcomes which would offset many efforts devoted
by local environmental protection programs.

Our analysis has several limitations. First, the limited sample size of nitrate-nitrogen would cause
relatively high noise and hinder the accuracy of empirical identification. In this research, we must
accept this limitation and exploit this small sample because nitrate-nitrogen is exactly the most re-
lated pollutant form to sugarcane fertilizer. We try to use different sensitivity checks and consistent
estimation results to back up our main interpretation and conclusion. There are more records for
ammonia-nitrogen in the water quality monitoring datasets and a special chemical relationship between
ammonia-nitrogen and nitrate-nitrogen, which might be helpful to provide side empirical evidence in
the future. Another limitation stems from the natural characteristics of WQP data set. A significant
number of stations are not permanent during our sample window, and such temporary stations might
be related to the local water quality level and lead to endogeneity concerns in our setting. However,
we cannot directly remove all these ”short-term” stations and keep only long-term stations from our
sample like Keiser and Shapiro (2019) because our sample is already small.
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Figure 1: Event Study Estimations

Figure 2: Robustness Check: Cluster SE at Station Level

Figure 3: Robustness Check: Cluster SE at HUC8 Level
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Figure 4: Robustness Check: Cluster SE at HUC12 Level

Figure 5: Robustness Check: Conley 100 km

Figure 6: Robustness Check: HUC8 level FEs
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Figure 7: Robustness Check: HUC12 level FEs

Figure 8: Robustness Check: Restrict Sample to Long-term Stations
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Figure 9: Robustness Check: Replace 25 km threshold

Figure 10: Mechanism Analysis: Use Corn Acreage as Outcome Variable
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Table 1: Summary Statistics of Nitrate Analysis Sample

Control Treated

Variable Mean SD Mean SD

Sample
Observations 293 188
Monitoring stations 176 75
Avg obs per station 1.7 2.5
#HUC8 Watersheds 40 26
#HUC12 Sub-watersheds 98 49

Historically Sugarcane Planting
Upstream sugarcane area (km2) 0.00 0.00 4.74 10.91

Water Quality
Nitrate-N (mg/L) 0.63 1.15 1.57 1.69

Controls (included in baseline regression)
Precipitation (mm/cane year) 1584.70 300.20 1599.94 318.16
Mean temperature (°C) 18.68 1.29 19.79 1.07
Cattle density (head/km2) 6.29 6.70 5.55 4.51

Controls (not included in baseline regression)
EQIP payment ($/km2)† 255.79 507.75 80.16 89.05
Population density (per km2)‡ 34.34 63.10 83.22 191.56
Median household income ($)‡ 36320.82 9585.73 42207.47 12364.55
Poverty rate (%)‡ 24.98 8.58 21.07 7.34

Note: Sample restricted to Louisiana and Mississippi monitoring stations with non-missing Nitrate-N observations (cane
years 2008–2019). Control: stations with zero upstream sugarcane area in any cane year 2008–2013. Treated: stations
with positive upstream sugarcane area. Sugarcane area is the station-level pre-treatment mean (2008–2013 average,
km2). EQIP payment data available for cane years 2008–2017 only; means cover available years. ACS socioeconomic
variables matched via county–catchment area weights (LA and MS counties only).
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