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Irrigation Infrastructure and Vineyard Productivity: Evidence using Remote 
Sensing and Synthetic Difference-in-Differences in Argentina 

August 2025 

Maja Schling1, Magaly Saenz Somarriba2, Carmine Paolo de Salvo3, Rodrigo Chang4 

Abstract: 

This paper evaluates the long-term impact of rehabilitated irrigation canals under Argentina’s 

PROSAP III program on vineyard productivity in San Juan province. We combine 20 years of 

Landsat-derived NDVI data with survey data from 299 grape producers and apply a synthetic 

difference-in-differences (SDID) framework to estimate causal effects. Additional robustness 

checks include propensity score matching and inverse probability weighting. Results indicate that 

canal rehabilitation increased NDVI by 0.9–1%, equivalent to yield gains of approximately 144 

kilograms per hectare, with peak impacts of 2.5% (386 kg per ha) five years post-intervention. 

The study highlights the productivity benefits of irrigation investments and demonstrates the value 

of remote sensing for large-scale agricultural impact evaluations. Findings offer policy-relevant 

insights for designing and monitoring rural infrastructure programs in water-scarce regions. 
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1. Introduction 

Over the past three decades, agriculture in Latin America and the Caribbean (LAC) has grown at 

a rapid pace, transforming the region into one of the world’s most significant contributors of food 

and agricultural commodities (FAO, 2021; Rosegrant et al., 2009). Although much attention is 

often directed toward major staple crops, many countries in the region also stand out for their 

high-value agricultural sectors, including horticulture, fruit production, and viticulture. In parts of 

Argentina, Chile, and Brazil, these specialized crops have become cornerstones for both export 

earnings and regional food security (Hall et al., 2011; Schling & Pazos, 2022). However, the 

region’s agricultural landscape is marked by stark contrasts: while some producers operate at 

commercial scales with modern infrastructure, a substantial share of production is undertaken by 

small- and medium-scale farmers who face binding constraints related to water availability, 

technology adoption, and credit access (Cavatassi et al., 2011; Salazar et al., 2021). In addition, 

the inefficient and unsustainable use of agricultural inputs, and water in particular, continues to 

contribute to the overexploitation and contamination of the region's natural resources, threatening 

biodiversity and jeopardizing the sustainability of agricultural production. Rural infrastructure 

development is therefore an essential condition for boosting productivity, equity and sustainability 

in the region. 

This duality is evident in Argentina, a country known for its robust agro-export sector but also 

home to a large population of family farmers struggling with low productivity in semi-arid 

environments (World Bank, 2007). The wine industry, particularly in provinces such as Mendoza 

and San Juan, underscores the pivotal role of irrigation in sustaining high-value crops in desert-

like conditions (Fereres & Evans, 2006; Jara et al., 2017). Reliable water supply is essential to 

achieve both yield stability and quality parameters in grape production, yet many grape producers 

rely on canal systems, built decades ago that are now in need of rehabilitation or modernization. 

Addressing these infrastructure gaps holds significant potential for boosting productivity, 

stabilizing incomes, and strengthening the export competitiveness of Argentine viticulture. 

In this context, evidence consistently shows that the provision of rural public goods in the form of 

rural infrastructure, such as irrigation, provides essential conditions for the development of 

markets and private production activities (see, for instance, Dercon et al., 2006; Fan, 2008; 

Jacoby, 2000; Jouanjean, 2013; Khandker et al., 2009). Investment in rural infrastructure has also 

been found to be both more effective and efficient than financing of private goods in boosting 

agricultural productivity, reducing rural poverty, and diminishing adverse effects in the 

management of natural resources (Fan et al, 2002; López & Galinato, 2007; Sills et al, 2015).  

Recognizing the importance of modernizing irrigation for agricultural growth and poverty 

reduction, policymakers in Argentina and across LAC have introduced initiatives aimed at 

improving water distribution and management in smallholder contexts (Fan et al., 2008). Argentina 

in particular has a long history of implementing rural infrastructure projects through the Provincial 

Agricultural Services Program (PROSAP) with continued support from IDB since 1996. Until 2016, 

the Bank approved four investment loans at the request of the Argentinian government for a total 

of US$855 million to finance successive phases of the PROSAP program. The first three 

operations were completed in 2012, 2014 and 2017, respectively, and the fourth is still in 

execution, while a fifth operation with an investment amount of US$325 was approved in 2024. 
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Among other products, PROSAP financed the construction of more than 1,200 km of irrigation 

and drainage systems, over 1,000 km of rural roads, and more than 7,100 km of power lines for 

rural electrification. The third phase of the programmatic series, PROSAP III, specifically targeted 

canal rehabilitation in key agricultural provinces, including San Juan. Through partial grants and 

technical support, the program sought to upgrade irrigation canals, reduce seepage and water 

loss, and ensure that small and medium grape growers can reliably irrigate their vineyards (Saleth 

& Dinar, 2004). By strengthening farmers’ capacity to manage water effectively, PROSAP III aimed 

to raise yields, and enhance the resilience of local production systems. 

So far, however, robust impact evaluations of PROSAP’s rural infrastructure investments have 

been limited, as most of the program’s past evaluations employed descriptive or reflexive 

methodologies that did not allow causal inference of program impact. Given the financial scale of 

investments, and the continued implementation of rural infrastructure projects through the 

PROSAP program, more empirical evidence that is representative of the Argentinian context is 

needed. A general challenge has been that traditional farm surveys are costly to implement and 

can be prone to recall bias, underreporting, or measurement errors in yield data (Burke & Lobell, 

2017). This measurement gap is especially critical for perennial crops such as grapes, where yield 

and quality vary considerably from season to season in response to water availability, climatic 

fluctuations, and vineyard management choices (Chaves et al., 2010). 

Recent advances in remote sensing, however, present compelling opportunities to address these 

constraints. Satellite imagery, particularly through the Normalized Difference Vegetation Index 

(NDVI), allows researchers and policymakers to systematically track vegetative vigor over large 

geographic areas evaluate changes both in the long and short run (Sun et al., 2017). NDVI-based 

measures can detect subtle changes in canopy health that conventional surveys might overlook, 

offering an objective and high-frequency indicator of outcomes like productivity and water stress 

(Salazar et al., 2021). In addition to vegetation indices, remote sensing also facilitates the 

extraction of climatic variables, including temperature and precipitation, thereby enhancing the 

robustness of impact estimates by controlling for weather-related fluctuations. For regions such 

as San Juan, this approach provides a powerful tool for evaluating whether canal rehabilitations 

under PROSAP III effectively bolster vineyard productivity in the long run and enhance farmers’ 

resilience to climatic variability.  

This paper contributes to the literature by empirically estimating the impact of improved irrigation 

infrastructure on grape producers’ outcomes in Argentina’s San Juan region. Leveraging a 

combination of remote sensing data and survey-based information, we apply a synthetic 

difference-in-differences framework to rigorously assess how canal rehabilitation affects both 

short-term and longer-term changes in vineyard productivity (Arkhangelsky et al., 2021). By 

capturing high-resolution NDVI trends pre- and post-intervention, we aim to shed light on the 

dynamics of water availability in semi-arid viticulture, identifying when and how rehabilitated 

canals translate into measurable gains for local producers. 

The results suggest that the rehabilitation of irrigation canals led to significant and sustained 

improvements in vineyard productivity. Using NDVI as an objective proxy, we estimate an average 

increase in vegetative vigor of 2.3–2.7% in treated plots relative to the control group, with peak 

gains of up to 5.7% observed five years after the intervention. These results are consistent with 
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survey-based outcomes, which show production increases of up to 53%, expanded irrigated area, 

and a 20–28% reduction in the likelihood of yield losses attributed to irrigation problems. The 

findings are robust across alternative identification strategies, including propensity score 

matching, inverse probability weighting, and standard difference-in-differences, and are validated 

through placebo and falsification tests. Together, the evidence demonstrates that targeted 

investments in irrigation infrastructure can generate meaningful productivity gains in semi-arid 

viticultural systems, with implications for agricultural competitiveness, climate resilience, and rural 

development policy. 

The remainder of the paper proceeds as follows. Section 2 reviews the empirical literature and 

presents the conceptual framework guiding the analysis. Section 3 provides background on the 

PROSAP III program and its implementation in San Juan. Section 4 describes the data sources 

used in the study, including both survey and remote sensing data. Section 5 outlines the empirical 

strategy, including the identification methods employed. Section 6 discusses the main results and 

robustness checks. The conclusions are found in section 7.  

2. Literature Review and Conceptual Framework 

Empirical literature has established a consistent link between the provision of rural infrastructure 

and productivity improvements, and that investments in public goods such as irrigation, roads, 

and access to energy sources tend to deliver higher rates of return than investments in private 

rural goods. For the case of rural roads, van de Walle & Cratty (2002) and Khandker et al (2008) 

use quasi-experimental methods to determine that improving rural transport infrastructure in 

Vietnam and Bangladesh, respectively, significantly lowers the time and cost of transportation, 

particularly among the poorest in the region. Other studies, such as by Escobal & Ponce (2002) 

in Peru, Lokshin & Yemtsov (2005) in Georgia, and Mu & van de Walle (2008) in Vietnam, estimate 

that improving rural roads has positive impacts on employment and salaries. Binswanger et al 

(1993) in a study in India, Levy (1996) in Morroco, and Khandker et al (2009) in Bangladesh also 

identify direct impacts on agricultural production, including the increased use of chemical 

fertilizers, the use of new technologies and inputs, as well as lowered costs of agricultural inputs. 

In the case of rural electrification, similarly rigorous econometric methods have been applied to 

highlight the positive impacts on household income (Khandker et al, 2009), employment 

(Dinkelman, 2011), and productivity (Lipscomb et al, 2013). 

Irrigation plays a pivotal role in agricultural productivity, particularly in water-scarce regions. By 

providing reliable water supply, it enables crop cultivation in semi-arid and arid areas that would 

otherwise be unproductive (Rosegrant et al., 2009). Globally, irrigated lands account for only 16% 

of total cropland but produce roughly 36% of the world’s harvest (FAO, 2021). These productivity 

differences arise because irrigation mitigates water stress and directly enhances plant growth and 

yields (Hussain & Hanjra, 2004). 

A standard economic framework conceptualizes water as a critical input that shifts the production 

frontier outward by alleviating moisture constraints (Saleth & Dinar, 2004). Alternatively, within a 

production-function framework, irrigation can be treated as a form of “damage control,” since 

rainfall deficits impose yield penalties that irrigation helps reduce (Lichtenberg & Zilberman, 

1986). When farmers secure a stable water supply, they often invest in additional inputs such as 
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fertilizers, improved seeds, and mechanized implements. Adeoti et al. (2007), for example, show 

that Ghanaian smallholders who adopted low-cost treadle pumps subsequently increased their 

usage of complementary inputs. Likewise, Aseyehegn et al. (2012) find that Ethiopian farmers 

with access to localized irrigation became more likely to use hybrid seeds and fertilizers, 

concluding that stable water availability reduced the risk of crop failure and made these 

investments more profitable. Duflo and Pande (2007) similarly observe that historically, canal-

irrigated regions in India experienced higher adoption rates of modern farming practices than 

purely rainfed areas. 

Irrigation’s contribution to raising yields and farm profits has been well-documented in a range of 

contexts, including both developed and developing nations. In Spain, modernization of irrigation 

infrastructure in the Ebro Valley significantly improved productivity and water-use efficiency, with 

marked yield gains in maize and orchard crops (Berbel & Mateos, 2013). In Ghana, the adoption 

of treadle pumps enabled farmers to grow vegetables profitably in the dry season, contributing to 

higher household incomes (Adeoti et al., 2007). Dillon (2011) reports similarly strong profitability 

gains among small-scale irrigators in West Africa. Ecuador’s plataformas de concertación 

approach, where farmer organizations jointly manage local irrigation, yielded robust productivity 

improvements by facilitating collective input procurement and equitable water allocation 

(Cavatassi et al., 2011). 

Viticulture (grape production for wine) illustrates a specialized context in which irrigation can 

influence both yields and grape quality. In semi-arid areas, such as central Chile and western 

Argentina, irrigation is essential to establish and sustain productive vineyards (Fereres & Evans, 

2006; Jara et al., 2017). In Argentina’s Mendoza province, a long-standing network of irrigation 

canals, enables large-scale grape cultivation despite minimal rainfall (Agosta et al., 2012). Chile’s 

irrigation systems have similarly underpinned the country’s expansion as a significant wine 

exporter, though shortages of water and competition from other high-value crops create ongoing 

challenges (Hall et al., 2011). 

Even though this empirical evidence supports the positive effect of rural infrastructure in general, 

and irrigation in particular, on agricultural production and productivity, there is a decided lack of 

rigorous studies of such projects in the Latin American context, and particularly in Argentina. 

Despite the fact that rural infrastructure projects have been publicly financed in Argentina through 

the PROSAP programmatic series for almost two decades, so far, most evaluations have relied 

on qualitative and quantitative methods that do not allow for causal inference. Only a handful of 

studies have examined interventions financed by PROSAP using quasi-experimental methods: 

Using a difference-in-difference methodology, Gibbons et al. (2016) evaluated the impact of an 

irrigation infrastructure project implemented in the second phase of PROSAP and found 

significant positive impacts on production (16%) and yields (14%). Two additional studies that 

evaluated PROSAP financed improvements to irrigation and drainage systems in 2013 and 2016 

detected consistent positive productive impacts using difference-in-difference estimations (Rossi, 

2013; Rossi, 2016).    

The expansion of satellite-based remote sensing has considerably enhanced how irrigation 

impacts are measured. In the past, evaluations relied primarily on farm surveys, which can be 

time-intensive and prone to inaccuracies (Sun et al., 2017). Remote sensing provides spatially 
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continuous, high-frequency indicators of vegetation health. Indices such as the Normalized 

Difference Vegetation Index (NDVI) capture discrepancies in red versus near-infrared reflectance, 

making them a strong proxy for crop vigor and biomass accumulation (Lillesand & Keifer, 2002). 

Remote sensing time series, particularly NDVI, offer a powerful tool to evaluate the impacts of 

agricultural interventions on crop performance and vegetation dynamics For instance, Damania 

et al. (2019) document “greening trends” in the Sahel where irrigation investments extended 

vegetation cover into the dry season. In Latin America, Salazar et al. (2021) find higher NDVI-

based productivity among Dominican farms that gained access to enhanced irrigation, suggesting 

remote sensing can reliably evaluate large-scale agricultural Similarly, Schling and Pazos (2022) 

use NDVI to track yield responses to a subsidy program in Argentina, showing remote sensing 

can capture gradual productivity gains over time. (Schling & Pazos 2022). 

Taken together, these findings form a conceptual framework in which physical infrastructure, 

farmer decisions, and vineyard physiology interact to influence viticultural outcomes which can be 

captured by remote sensing data. Upgrades to canals or drip systems reduce seepage and 

improve water scheduling (Lichtenberg & Zilberman, 1986; Saleth & Dinar, 2004). With a more 

dependable water supply, farmers can adopt advanced methods, expand planted area, or invest 

in inputs like fertilizers or high-yield varieties (Cavatassi et al., 2011). These choices, in turn, affect 

vine growth: receiving sufficient moisture at crucial stages promotes higher yields and, under 

carefully managed deficit irrigation, better flavor and aromatic profiles (Chaves et al., 2010). 

Remote sensing indicators, particularly NDVI, offer an objective way to track these changes in 

vine vigor and assess whether canal rehabilitation and new on-farm practices are indeed driving 

productivity gains (Sun et al., 2017). Over time, improved irrigation can bolster farmers’ resilience 

against weather extremes, although effective institutions are essential to prevent resource 

depletion or inequitable water allocation (Ward & Pulido-Velazquez, 2008). In this sense, irrigation 

is not simply an agricultural input but a socio-technical system, shaped by local governance, 

farmer engagement, and biophysical constraints. Viticulture exemplifies this dynamic, as crop 

yields, fruit quality, and environmental sustainability hinge on managing water with precision in 

arid climates (Hall et al., 2011).  

3. PROSAP III 

The agricultural sector in Argentina, particularly in its non-Pampean regions, faces substantial 

limitations due to deficiencies in rural infrastructure, which significantly constrains productivity and 

competitiveness. Although Argentina is globally recognized as a major agricultural exporter, with 

a strong comparative advantage in products from the highly productive Humid Pampas, regions 

outside this core area lag substantially behind. These regions, characterized by their arid or semi-

arid climates5, require reliable irrigation infrastructure to achieve sustainable agricultural 

production, particularly in high-value crops such as grapes. 

Recognizing these constraints, the Provincial Agricultural Services Program has been the main 

policy instrument since 1996 to support rural development in Argentina. In its third phase, 

 
5 Figure A2 in the appendix shows cumulative precipitation of the area.  
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PROSAP III was implemented by the Argentine Ministry of Agriculture, Livestock, and Fisheries 

(MAGyP), and financed partially by the Inter-American Development Bank (IDB). The program, 

executed from 2011 to 2017, sought to enhance the competitiveness and productivity of regional 

agricultural economies through targeted infrastructure improvements and technical support. 

Among its key components, PROSAP III prioritized the rehabilitation and modernization of 

irrigation canals, particularly benefiting grape producers who are predominantly small- and 

medium-scale farmers in the regions of Mendoza and San Juan. Figure 1 below illustrates the 

area of intervention.  

Figure 1: Area of Intervention 

  
Source: UNTREF (2024) 

 

The irrigation component of PROSAP III involved substantial infrastructure investments totaling 

approximately 32% of the program's resources. These interventions resulted in the rehabilitation 

and modernization of irrigation systems covering over 58,000 hectares, directly benefiting more 

than 5,000 agricultural producers. Specifically, the project upgraded canals to improve the 

efficiency of water conveyance, significantly reducing water loss and increasing the availability 

and reliability of irrigation water throughout the agricultural season. Additionally, investments 

included critical improvements in operational capacity, such as enhanced control systems and 

strengthened governance mechanisms within water-user associations, essential for sustainable 

system management. 
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Among the irrigation projects financed and implemented by PROSAP III was the project entitled 

“Agricultural Development and Management of the Irrigated Area of the North-25 de Mayo Canal” 

in San Juan Province in west-central Argentina. The project area was located in the Tulúm Valley, 

on the left bank of the San Juan River and included the Departments of Albardón, Angaco, San 

Martín, Caucete and 25 de Mayo. The project targeted 9 canal systems and included6 

waterproofing works, canal repair and adaptation of compartments and bridges covering 25,177 

hectares with irrigation rights, 62% of which were under cultivation. The project aimed to increase 

water availability in canals through waterproofing, casing and canal repair, and improve the use 

of water resources at the plot level by reducing the evapotranspiration deficit. Further, the project 

provided distribution plans, maintenance of equipment and tools, new information and control 

systems. Additionally, the project implemented technical assistance to improve water 

management and application amongst farmers, by creating demonstration areas and 

demonstration pilot plots in 4 of the 9 treated canals that benefited more than 300 beneficiary 

farmers and their farm workers. These activities included guidance on how to incorporate new 

irrigation technologies at the farm level for different crop types, the use of pressurized irrigation 

systems, management of field drains, recovery of salinized soils, among other topics. These 

activities were supported by local agents of the country’s public research and extension institute, 

the National Institute for Agricultural Technology (INTA), to ensure the use of the latest and most 

appropriate production practices. According to project documents, more than 1,200 farmers in the 

area benefited from these improvements, which were carried out in all canals simultaneously 

between December 2013 and November 2014. 

The institutional arrangements governing canal rehabilitation and irrigation management in San 

Juan Province are characterized by a multilayered governance structure that attempts to balance 

state oversight with user participation. The San Juan Department of Hydraulics (DH), an 

autonomous public agency at province level, holds legal authority over both surface and 

groundwater management, including operation, maintenance, and planning of irrigation 

infrastructure. The Council, as DH’s governing body, is composed of representatives elected by 

water users alongside technical appointees from the provincial government, to ensure user 

representation in key decisions such as budgeting, setting irrigation fees, and approving 

maintenance works. At the departmental level, decentralized Irrigation Boards (Juntas de Riego) 

are composed of elected irrigators in each department, while Canal Commissions (Comisiones 

de Regantes) operate in a similar manner for each canal or group of canals that serves more than 

300 hectares. These bodies are responsible for operational planning, maintenance coordination, 

and conflict resolution at the local level. Each Irrigation Board plans and supervises irrigation and 

drainage operations for its department, while the Commissions handle day-to-day tasks such as 

monitoring water use and ensuring proper distribution. However, the project design document 

identified several weaknesses in institutional capacity within these organizations, including limited 

maintenance funding, weak enforcement of water schedules, and gaps in technical capacity and 

 
6 Specifically, the project financed the following infrastructure works: lining of 3,360 meters of earthen 
canals, casing of 12,580 meters of canals with precarious lining, reconstruction and repair of 6,850 
meters of canal, replacement of 5 gates and their drive mechanisms, reconstruction of 1 bridge, cleaning 
of 10 hectares of surface area of the banks and accesses to the works, rehabilitation of 1,500 meters of 
service roads. 
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infrastructure monitoring (PROSAP-IICA, 2011). Thus, the project aimed to provide both the 5 

beneficiary Irrigation Boards and 8 beneficiary Canal Commissions with capacity building 

activities to improve the technical and administrative management and ensure the sustainability 

of improved irrigation infrastructure.  

4. Data Description  

a. Sample Selection 

We utilize endline survey data collected as part of the ex post evaluation of the PROSAP III 

irrigation projects in four departments of San Juan Province. The survey, conducted in December 

2023, was designed to capture the agricultural production and socioeconomic conditions of grape 

producers in the region during the 2022–2023 agricultural cycle. The questionnaire featured 

multiple modules, including, among others, farm geolocation, production inputs and practices, 

irrigation methods, and crop yields.  

For the impact evaluation, four rehabilitated canals, each located in a different department, were 

selected, and a sample of their beneficiaries then constituted the treatment group. Specifically, 

the four treated canals selected for the evaluation were Canal Segundo in the department of 

Caucete, Canal Zapata in Angaco, Canal Tercero in San Martín, and Canal Centro-Norte and 

General Cañada in Albardón. These canals were prioritized for evaluation because they 

accounted for 70% of the total investment under the rehabilitation project, and where also sites of 

complementary technical assistance through the implementation of demonstration areas and 

pilots, thus allowing us to measure the effect of providing irrigation infrastructure and technical 

assistance as a package.  

To construct a credible counterfactual, the control group was drawn from producers relying on 

four non-rehabilitated canals located in the same respective departments: Canal Primero 

(Caucete), Canal Plumerillo-Bosque (Angaco), Canal Laprida (San Martín), and Canal Campo 

Afuera (Albardón). The selection of these control canals was carried out in coordination with the 

provincial office and the Department of Hydraulics of San Juan, based on detailed field 

assessments. Control canals were chosen to ensure comparability in physical characteristics 

(degree of deterioration, hydric supply), agroecological conditions and farmer profiles. Matching 

treated and control sites within the same administrative department also helped minimize the risk 

of confounding due to unobserved regional shocks or concurrent interventions. 

It is worth noting that the selection of canals for rehabilitation was primarily determined by financial 

and operational constraints rather than performance-based targeting. This reduces concerns 

about endogenous program placement and supports the credibility of the identification strategy. 

Figure 2 provides a spatial representation of the treated and control areas, as well as the irrigation 

infrastructure.  
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Figure 2: Spatial Representation of Treated and Control Units 

  
Source: UNTREF (2024) 

 

A systematic sampling procedure was implemented using the official list of irrigation user 

associations from the Irrigation Boards, and for each of the 8 preselected irrigation canals, 47 

cases were drawn. This process initially resulted in a final sample comprising 245 cases for the 

treatment group and 157 cases for the control group, totaling 402 observations. However, in order 

to conduct a more homogeneous analysis that would be representative of the main target 

population of the project, we restrict the sample to such farmers who reported having produced 

grapes, thereby excluding 65 observations from the treatment group and 38 from the control 

group, which resulted in a final sample of 299 observations.7 Table 1 presents the sample 

distribution by department.  

 
7 Other production included fruit, vegetables and olives, which implied significant differences in production 

systems and technology. 
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Table 1: Sample Distribution by Department 

  Treatment  Control  Total  

Albardón 52 27 79 

Caucete  49 38 87 

Angaco  36 17 53 

San Martín 43 37 80 

Total  180 119 299 

 

It should be noted that this identification strategy implies that the estimator of interest will be the 

Average Treatment Effect on the Treated (ATET). Given the nature of the intervention, farmers 

located along treated canals could not be randomly assigned, and may indeed be located there 

due to underlying geographic, economic or agronomic factors that correlate with the outcome of 

interest. While this limits the possibility of extrapolating estimated effects to the general 

population, as would have been possible with the Average Treatment Effect (ATE) estimator, we 

maintain that the more policy-relevant estimator is ATET: public investment in productive 

infrastructure is usually targeted towards specific areas based on the same geographic, economic 

or agronomic factors that may motivate farmers to self-select to certain canals, and it is therefore 

of interest to understand what the impact is on the actual beneficiaries of such interventions, in 

order to inform continuation, improvement or scaling of the program. Therefore, we consider the 

ATET to be the more credible and policy-relevant estimator for this evaluation.  

b. Survey Data  

As seen in Table 2, the sociodemographic characteristics of respondents in both the treatment 

and control groups are broadly similar. The sample is predominantly male, with only 13% of 

respondents identifying as female in each group. The mean age is 57 years in the treatment group 

and 59 years in the control group. A slightly higher proportion of control-group respondents (68%) 

has completed at least a high school education, compared to 61% in the treatment group. In terms 

of residence, 44% of producers in the treatment group live on their farms, whereas 37% do so in 

the control group. Ownership patterns also differ: 84% of control-group respondents identify as 

owners, relative to 71% in the treatment group. Only a small fraction in either group are renters 

or managers, and approximately 22% in each group own additional farms.  

As shown in Table 3, farmlands in the treatment group are larger than in the control group, as the 

average farm extension is 17.75 hectares in the treatment group compared to 12.33 hectares in 

the control group. In both groups, the vast majority of producers (over 85%) grow only grapes with 

very minimal use of mechanical harvesting. Producers in the control group hired more labor (3.14 

workers) than the treatment group (2.53 workers). Notably, 37% of control-group producers report 

receiving technical assistance, whereas only 17% in the treatment group do so. Membership in a 

producer association is also more common in the control group (7%) than in the treatment group 

(1%).  
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Table 2: Sociodemographic Characteristics 

  Treatment  Control 

  Mean  SD Mean  SD 

Female 0.13 0.33 0.13 0.33 

Age  56.66 13.10 58.52 13.01 

High school education  0.61 0.49 0.68 0.47 

Resides in the farm 0.44 0.50 0.37 0.48 

Owner  0.71 0.46 0.84 0.37 

Renter  0.01 0.07 0.00 0.00 

Manager  0.22 0.41 0.11 0.31 

Owns additional farms 0.22 0.42 0.22 0.41 

N 180 119 

 

Regarding the productive characteristics, both the harvested area and grape yields are somewhat 

larger in the treatment group. On average, treatment farms report 10.20 ha harvested in the 

previous cycle (vs. 6.34 ha in the control group) and 9.83 ha in the current cycle (vs. 5.98 ha). 

Yields average 16.97 t/ha in the treatment group, compared to 15.45 t/ha (in the control group). 

Table 3: Farm and Productive Characteristics 

  Treatment  Control 

  Mean  SD Mean  SD 

Total land extension (ha) 17.75 33.21 12.33 20.03 

Grows grapes exclusively (%) 0.88 0.33 0.85 0.36 

Has mechanical harvest (%) 0.04 0.19 0.03 0.18 

N wage workers 2.53 2.34 3.14 2.28 

Received technical assistance (%) 0.17 0.37 0.37 0.48 

Has commercial agreements (%) 0.89 0.32 0.92 0.28 

Is member of producer association (%) 0.01 0.11 0.07 0.25 

Harvested extension last cycle (ha) 10.20 25.66 6.34 7.74 

Harvested extension current cycle (ha) 9.83 24.93 5.98 6.90 

Harvested grape extension (ha) 8.04 17.16 5.03 5.84 

Total grape output (metric tons) 101.89 128.70 83.30 124.79 

Yields (t/ha) 16.97 13.58 15.45 11.90 

N 180 119 

 

Table 4 provides details on irrigation practices at the end of the project. The treatment group 

manages a larger mean irrigated area than the control group. Flood irrigation is the predominant 

system in both groups (63% in the treatment group and 52% in the control group), whereas border 

irrigation is more frequently employed in the control group (27% vs. 10%). Furrow irrigation is 

used at similar rates across both groups (26% vs. 23%). Drip irrigation is observed among 13% 

of treatment farms and 10% of control farms, while hose and siphon systems are rarely used by 

either group.  
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Table 4: Irrigation Characteristics 

  Treatment  Control 

  Mean  SD Mean  SD 

Land extension under irrigation (ha) 15.46 29.48 8.75 15.32 

Land extension under effective irrigation (ha) 9.19 24.24 5.34 7.60 

Irrigation Systems:         

Flood irrigation  0.63 0.48 0.52 0.50 

Border irrigation  0.10 0.30 0.27 0.45 

Furrow irrigation  0.26 0.44 0.23 0.42 

Hose irrigation  0.01 0.11 0.03 0.16 

Siphon irrigation  0.01 0.07 0.00 0.00 

Drip irrigation  0.13 0.34 0.10 0.30 

N 180 119 
 

Table 5 summarizes self-reported production losses and their primary causes for both treatment 

and control groups. Overall, 54% of producers in the treatment group reported lower-than-

expected production, compared to 31% in the control group. Irrigation issues emerged as the 

most frequently cited cause in both groups (76% and 80%, respectively). 

Table 5: Production Losses 

  Treatment  Control 

  Mean  SD Mean  SD 

Producer reports lower-than-expected production 0.54 0.50 0.31 0.46 

Reported Reasons          

Rain issues 0.30 0.46 0.22 0.42 

Irrigation issues 0.76 0.43 0.80 0.40 

Sanitation issues 0.07 0.26 0.10 0.30 

Hail 0.13 0.34 0.41 0.50 

Cold weather 0.25 0.44 0.49 0.50 

Scrub 0.02 0.15 0.01 0.11 

Soil 0.01 0.11 0.02 0.16 

Fertilizer issues 0.01 0.11 0.02 0.16 

Other 0.12 0.33 0.05 0.22 

N 180 119 

 

4.2 Remote sensing data  

To monitor the temporal dynamics of crop conditions and growth in relation to the irrigation 

improvements, we employ a time series of remote sensing data from Landsat 7 and Landsat 8 

imagery (2000–2023).  Remote sensing data provide objective, consistent, and cost-effective 

measurements of agricultural productivity, overcoming limitations associated with traditional 

survey-based methods, such as potential inaccuracies, self-reporting biases, and the high costs 

and logistical complexities of extensive field surveys. Additionally, remote sensing enables high 
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temporal frequency and broad spatial coverage, allowing for continuous monitoring and precise 

detection of changes in crop health. These monthly images were processed to extract a set of 

indices designed to capture changes in vegetation health, moisture content and overall 

productivity. Rigorous preprocessing steps, including geometric and atmospheric corrections as 

well as cloud masking, ensured that the imagery accurately represents the study area over time, 

facilitating the identification of seasonal patterns and long-term trends in crop performance. 

To precisely identify the agricultural areas under analysis, high-resolution remote sensing data 

were integrated with detailed field-collected parcel boundaries. Field teams employed the “Field 

Area Measure” application on mobile devices to record the boundaries of each productive unit, 

generating .kmz files that captured the geometric outlines of the fields as declared by the 

producers. These files were imported into a GIS environment where extensive topological 

corrections refined the parcel boundaries to isolate only the cultivated portions. This process 

resulted in 213 georeferenced plots for the treatment group and 141 plots for the control group. 

4.2.1 Normalized Difference Vegetation Index 

We measure vineyard productivity through the Normalized Difference Vegetation Index (NDVI), a 

well-established proxy for agricultural output used to quantify vegetation density and health 

(Alface et al., 2019; Sun et al., 2017) which is derived from satellite imagery spanning 20 years. 

This extensive temporal coverage provides a unique advantage by allowing us to track long-term 

productivity trends, distinguish structural changes from short-term fluctuations, and establish a 

more reliable pre-intervention reference point. Additionally, NDVI offers high-frequency, objective 

observations that mitigate biases common in self-reported data (Adhikary et al., 2022) and allows 

for capturing spatial heterogeneity growth, thus enabling a more precise evaluation of targeted 

interventions (García‐Pedrero et al., 2018).  

Even though the use of NDVI could have some interpretability limitations, it is worth mentioning 

that NDVI has been used in viticulture, showing strong correlations with parameters that drive 

productivity. Studies have demonstrated that NDVI closely tracks vine growth dynamics; Sun et 

al. (2017) used Landsat imagery to establish a direct positive correlation between daily NDVI and 

final grape yield. This relationship extends to other characteristics; for example, Kasimati et al. 

(2021) demonstrated a strong positive correlation between NDVI and grape sugar. Notably, Lyu 

et al. (2023) identified a significant negative correlation between NDVI and sugar content, 

illustrating that excessive vigor can be detrimental to grape quality. Another study by Anastasiou 

et al. (2018) also found that satellite-derived NDVI at harvest correlated with other key attributes 

such as berry diameter. This literature confirms that NDVI is a reliable tool for monitoring vineyard 

productivity by capturing variations in both grape quantity and quality.  

Additionally, we overcome any possible limitations of the use of remote sensing data by integrating 

NDVI with farm-level survey data on actual outputs. In this sense, we move beyond assumption 

to empirically relate satellite data to tangible economic outcomes in our context of vineyard 

productivity. We consider that this approach strengthens the causal interpretation of our findings 

and contributes to the literature seeking to combine remote sensing with ground tested data to 

reliably evaluate agricultural interventions. 
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Given this, the NDVI can be expressed as: 

𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅 − 𝑅𝐸𝐷

𝑁𝐼𝑅 + 𝑅𝐸𝐷
 

Where NIR (near-infrared) refers to the portion of the electromagnetic spectrum between 

approximately 0.7 and 1.1 micrometers, and RED refers to the visible red wavelengths, typically 

around 0.6 to 0.7 micrometers. Healthy vegetation reflects a large proportion of NIR light due to 

the internal structure of plant leaves while absorbing red light for photosynthesis. Consequently, 

higher NDVI values are typically associated with denser, healthier vegetation and greater yield 

potential (Kinyanjui, 2011; Lillesand & Keifer, 2002; Bégué et al., 2018; Chivasa et al., 2017). The 

suitability of NDVI as a proxy for crop yields has been demonstrated in several similar evaluation 

contexts, such as studies assessing agricultural interventions in Mexico (Ortiz-Monasterio & 

Lobell, 2007), South Africa (Bellora et al., 2017), the Dominican Republic (Salazar et al., 2021), 

and Argentina (Schling & Pazos, 2022). 

NDVI was computed from a time series of satellite imagery using Landsat 7 Collection 2 Tier 1 

(May 28, 1999–January 19, 2024) and Landsat 8 Collection 2 Tier 1 (March 18, 2013–November 

16, 2024) via the Google Earth Engine platform. To ensure comparability between the two series, 

we applied a cross-calibration procedure to adjust for differences in sensor characteristics8. The 

satellite images were then aggregated to generate average monthly NDVI values for each plot, 

based on the georeferenced parcel boundaries and subsequent adjustments made to accurately 

delineate each agricultural area. 

Given the inherent seasonality of the crop lifecycle, which is directly reflected in the NDVI values, 

we first applied a 12-month moving average to smooth out these seasonal fluctuations. This step 

helps to isolate the underlying long-term trend in vegetation health by removing the short-term 

variations driven by crop growth cycles (Becketti, 2013). Subsequently, we computed the 

agricultural year average of the smoothed series, where the agricultural year is defined from 

August to July (Ricce et al.,2013). This integrated approach captures both the long-term evolution 

of vegetation health and the distinct seasonal patterns of the crop, providing a robust framework 

for assessing the impact of irrigation improvements. 

Figure 3 displays the monthly series of NDVI data for both the treatment and control group. Panel 

A presents the raw NDVI series, which exhibits pronounced seasonal fluctuations. Panel B shows 

the same NDVI time series after applying a 12-month moving average to smooth out short-term 

seasonal variations. This process highlights the broader trends in vegetation health over time. 

While the seasonal “noise” is reduced, differences between the treatment and control groups 

remain observable in certain periods. 

 

 

 
8 To ensure consistency across sensors, NDVI values from Landsat 7 and 8 were normalized using 
radiometric calibration, spatial alignment, and scale adjustment techniques to account for differences in 
sensor resolution and performance, following best practices in multi-sensor vegetation monitoring 
described in Ezimand (2021). 
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Figure 3: NDVI Series 
A. Raw Data 

 
B. Trend 

 
Notes: Smoothing of the series is done with the tssmooth command in Stata.  

 

Figure 4 presents the agricultural year average NDVI values for both the treatment and control 

groups. By averaging the NDVI data over the agricultural cycle, the figure captures underlying 

shifts in vegetation vigor while still reflecting the crop’s inherent seasonality. The observed 

patterns likely reflect both climatic conditions and changes in vineyard management practices 

over time. Notably, both the raw and smoothed annual trends indicate similar patterns for the two 

groups across the 23-year period. 
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Figure 4: NDVI Series Aggregated by Agricultural Year 
A. Raw Data 

 
 

B. Trend 

 
Notes: The period of the agricultural year is August through July as per Ricce et al. (2013).  

 

In addition to the NDVI, our analysis incorporates climatic variables, specifically temperature and 

precipitation data, to account for weather variability that may affect crop productivity 

independently of irrigation improvements. Monthly temperature and precipitation records were 

obtained from the European Centre for Medium-Range Weather Forecasts (ECMWF), covering 

the same study period (2000–2023). These climate data underwent quality checks and were 

aggregated at the plot level, ensuring accurate representation of local climatic conditions for each 

georeferenced parcel. 
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Figure 5 presents the long-term trends in these climatic variables from 2000 to 2023. Average 

temperature (°C), represented by the blue line and plotted on the left y-axis, has gradually 

increased over time, suggesting a warming trend in the region. Meanwhile, average precipitation 

(mm), shown by the red line on the right y-axis, has steadily declined, with noticeable fluctuations 

from year to year. These shifts in climate conditions are important to consider, as they can impact 

crop performance independently of irrigations improvements (Lobell & Field, 2007).  

Figure 5: Temperature and Precipitation Trends 

 
Source: European Centre for Medium-Range Weather Forecasts (ECMWF) 

5. Empirical Strategy  

This study evaluates the causal effects of rehabilitated irrigation systems, implemented under the 

PROSAP program, on vineyard production in Argentina’s San Juan Province. A key challenge in 

establishing the causal impact of programs such as PROSAP lies in selecting an appropriate 

control group, that allows for the causal attribution of estimated impact. Ideally, the control group 

should share similar characteristics with the treatment group in terms of geographic, climatic, and 

socioeconomic factors to ensure a valid comparison. In this study, the control group was selected 

based on hydrological similarity to the treated canals, as well as its location within the same 

administrative departments, reducing the risk of systematic differences that could bias the impact 

estimates. A major limitation of our data is that self-reported data, including both outcome 

variables and relevant covariates are only available for the endline survey, preventing the use of 

a difference-in-differences approach. Given the absence of baseline data and the observed 

differences in certain characteristics between groups, we employ a propensity score matching 

(PSM) approach to improve the comparability and mitigate potential selection bias.  For example, 

the two groups differ in access to technical assistance and participation in producer associations, 

suggesting that the control group may have had better access to support services and social 

networks that could have influenced production outcomes independently of the intervention. 

These differences highlight the need to match for observable characteristics to more accurately 

estimate the impact of the project. Specifically, we estimate the probability of being in the 
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treatment group based on observable covariates such as producer characteristics and farm 

attributes. We then use this propensity score to match treatment producers to similar control 

producers, yielding a matched subsample with more balanced observable characteristics.  

In addition to PSM, we implement inverse probability weighting (IPW) to address self-selection 

bias and exploit the full sample. IPW reweights each observation by the inverse of its estimated 

propensity score. For each observation iii, the weight is defined as: 

𝜔𝑖 =
𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑖

𝑝(𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑖)
+

1 − 𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑖

1 − 𝑝(𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑖)
 

This approach assigns greater weight to treated observations with lower propensity scores and 

control observations with higher scores, thereby constructing a counterfactual that uses all 

available data. The parametric nature of IPW further allows for the estimation of standard errors 

within a regression framework, an advantage highlighted in the literature (Rosenbaum, 1987; 

Hirano and Imbens, 2001; Cavatassi et al., 2011). 

By employing both PSM and IPW, we ensure a robust assessment of treatment effects. While 

PSM improves comparability by explicitly selecting a matched subsample with similar observable 

characteristics, it reduces sample size and may introduce inefficiencies. Conversely, IPW 

leverages the entire dataset by reweighting observations, providing greater statistical power and 

enabling regression-based inference. Combining these methods enables us to check the 

robustness of our results and assess the consistency of our findings across different approaches 

to addressing selection bias. 

Despite the benefits of matching, another limitation of this study is the nonrandom selection of 

canals, which can introduce endogeneity. Because the selected canals and their surrounding 

areas may differ systematically from those that were not rehabilitated, estimates of the program’s 

effect risk being biased. To address these concerns and to leverage the availability of remote 

sensing data, novel high-frequency data spanning a long time horizon, we employ the Synthetic 

Difference-in-Differences (SDID) design developed by Arkhangelsky et al. (2021). This approach, 

distinct from other recent methodologies designed for staggered adoption of treatment contexts, 

such as Callaway & Sant’Anna (2021) or Chaisemartin & D’Haultfoeuille (2020), allows us to 

further mitigate baseline imbalances while capitalizing on innovative data to generate a robust 

estimate of the program’s impact. 

SDID relaxes the strict parallel trends assumption inherent in traditional Difference-in-Differences 

(DiD) methods and combines key features of both DiD and the synthetic control approach. 

Specifically, it optimally weights the control units and pretreatment periods to produce a credible 

counterfactual for the treated units. In this sense, the methodology lends itself to making the 

assumption of parallel trends less restrictive, assuming that it is maintained only after adjusting 

for differences in the pre-treatment trend using weights. This approach reduces bias when 

baseline characteristics differ between treatment and control groups and thereby improves the 

validity of our causal estimates. 
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Mathematically, the average treatment effect on the treated  𝜏̂ is obtained by minimizing the 

squared distance between the observed outcomes of the treatment group and a weighted 

combination of control units over time: 

𝜏̂ = 𝑎𝑟𝑔𝑚𝑖𝑛𝜏,𝜇,𝛼,𝛽{∑ ∑(𝑌𝑖𝑡 − 𝜇 − 𝛼𝑖 − 𝛽𝑡 − 𝐷𝑖𝑡𝜏)2𝜔𝑖̂𝜈𝑡̂}

𝑇

𝑡=1

𝑁

𝑖=1

 

where 𝜔𝑖̂  (unit weights) and 𝜈𝑡̂ (time weights) are constrained to be nonnegative and sum to one. 

These weights align the pretreatment characteristics of the treated units with those of the control 

units, ensuring that post-treatment differences in outcomes can be attributed more confidently to 

the intervention itself (Clarke et al., 2023). Further details on the weighting procedure can be 

found in Arkhangelsky et al. (2021). 

The analysis uses a balanced panel of N producers observed over T years, from 2001 to 2023. 

We obtain NDVI data monthly from satellite imagery and aggregate it to annual means to match 

the agricultural calendar. We also include annual precipitation and temperature data to account 

for weather-related variations in vineyard productivity. We define the treatment period as 2016 to 

2023, since 2016 is the first agricultural year in which the rehabilitated canals were fully 

operational. The binary treatment variable 𝐷𝑖𝑡  takes the value of 1 if producer i in year t is treated. 

Standard errors are clustered at the canal level to account for shared shocks among producers 

who rely on the same canal.  

In the SDID framework, our model can be represented as: 

𝑌𝑖𝑡 = 𝜇 + 𝛼𝑖 + 𝛽𝑡 + 𝐷𝑖𝑡𝜏̂ + 𝜀𝑖𝑡 

Where:  

𝑌𝑖𝑡  is the outcome of interest (e.g., mean NDVI), 

𝛼𝑖  are producer fixed effects (capturing time-invariant differences across producers), 

𝛽𝑡  are year fixed effects (accounting for common shocks that affect all producers in a 
given agricultural year), 

𝐷𝑖𝑡  is the treatment indicator, and  

𝜀𝑖𝑡  is the error term. 

 

The SDID algorithm then optimally chooses unit and time weights such that the weighted average 

outcome for the control units in the pretreatment period matches as closely as possible those of 

the treated units.  

5.1 Robustness and Validity Checks 

Although SDID relaxes the strict parallel trends assumption, required by traditional Difference-in-

Differences (DiD), by replacing it with the assumption of parallel trends conditional on weighting, 

it still requires that no unobserved confounders differentially affect the treatment group post-

intervention. To assess the validity of our identification strategy, and the robustness of our findings, 

we implement a series of complementary tests, each rooted in best practices from the causal 

inference literature.   
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First, we perform a placebo test by applying SDID to the pretreatment periods only, assigning a 

false treatment date prior to the actual intervention. This test, common in DiD application (Bertrand 

et al., 2004; Abadie et al., 2010), ensures that our methodology does not detect a false effect in 

the absence of a real intervention.   

Second, we carry out a falsification test by examining outcomes that should remain unaffected by 

canal rehabilitation. This test helps detect whether unobserved confounding might be biasing our 

results (Rosenbaum, 2002).  

Third, we test the robustness of our estimates to alternative measures of NDVI, comparing results 

derived from mean NDVI with those using maximum NDVI. Maximum NDVI captures the peak 

vegetative vigor during the growing season and is often used in agricultural remote sensing as a 

proxy for optimal crop performance (Lobell et al., 2015; Lykhovyd et al., 2022). Consistent results 

across both indicators strengthen confidence that the estimated effects are not driven by how we 

define outcome measurement. 

Lastly, we replicate the analysis using a more traditional event-study DiD design9 to assess the 

reliability of our estimates relative to SDID’s weighting procedure and whether our findings are 

model dependent (Clarke et al., 2023) 

It is also worth noting the potential concern of spatial spillovers of treatment, a topic that has been 

addressed in recent literature (for instance, see: Deininger & Xia, 2016; Marbler, 2024; Aramburu 

et al.,2019). That is, the treatment of one unit may influence nearby untreated units through 

shared resources, informal knowledge transfer, or market effects. In our context, such spillovers 

could arise if rehabilitated canals indirectly benefited neighboring producers through improved 

water availability, informal knowledge of improved irrigation practices, or coordination within 

irrigation networks. However, several features of the identification strategy mitigate this concern. 

Treated and control canals were deliberately selected in different hydraulic systems and physically 

separate zones within the same departments, reducing the likelihood of spillovers. Also, water 

governance structures in San Juan are organized by canal-specific irrigation commissions, which 

limit cross-canal coordination. Nonetheless, we acknowledge this as a possible source of 

attenuation bias and encourage future work to further explore spatial dynamics using more 

granular geospatial methods.  

6. Results 

This section presents the empirical findings from our analysis, combining survey-based 

production with remote sensing outcomes.  

6.1 Survey based outcomes 

Our propensity score matching (PSM) approach employs 1-to-1 nearest neighbor matching with 

replacement while adhering to the common support condition. The matching algorithm uses 

respondent characteristics that are considered exogenous to program participation, including age, 

gender, education, membership in producers’ organizations, and farm ownership, along with 

productive factors such as the use of mechanical harvest machinery. This procedure produced a 

 
9 See appendix A5 for a description of the event study difference-in-differences methodology.  
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matched sample of 251 producers, consisting of 178 treated and 73 control group producers. 

Table 6 presents the balance test between the treatment and control groups on the matched 

sample; although some differences persist, the groups are largely comparable in terms of 

observed characteristics. 

Table 6: Balance Test  

 Treated Control 

Difference  Mean SD Mean SD 

Female^ 0.13 0.34 0.12 0.33 0.01  

Age^ 56.66 13.10 58.32 13.68 -1.65  

High School Education^ 0.61 0.49 0.63 0.49 -0.02  

Resides in the farm^ 0.44 0.50 0.40 0.49 0.05  

Owner^ 0.71 0.46 0.82 0.39 -0.11 * 

Renter  0.01 0.07 0.00 0.00 0.01  

Manager^ 0.22 0.41 0.12 0.33 0.10 * 

Owns additional farms^ 0.22 0.42 0.21 0.41 0.02  

Total land extension (ha) 17.90 33.36 12.08 19.15 5.82  

Harvested extension last cycle (ha) 10.28 25.79 6.10 7.50 4.18  

Harvested extension current cycle 
(ha) 

9.91 25.06 6.08 7.50 3.83  

Grows grapes exclusively  0.88 0.33 0.84 0.37 0.04  

Has mechanical harvest^ 0.04 0.19 0.03 0.16 0.01  

Land extension under irrigation (ha) 15.58 29.62 8.23 12.99 7.35 ** 

Land extension under effective 
irrigation (ha) 

9.26 24.37 5.23 7.95 4.03  

Received technical assistance  0.17 0.38 0.33 0.47 -0.16 *** 

Has commercial agreements 0.89 0.32 0.95 0.23 -0.06  

Is member of a producer association  0.01 0.11 0.01 0.12 0.00  

N wage workers 2.54 2.35 3.23 2.46 -0.69 ** 

Harvested grape extension (ha) 1.35 1.16 1.08 1.02 0.27 * 

Log Total grape output (t) 3.79 1.56 3.38 1.62 0.40 * 

Log Yields (t/ha) 2.43 1.05 2.30 1.20 0.13  

N 178 73   

Notes: Variables marked with ^ were used in the PSM procedure. 

 

 Table 7 presents the estimated treatment effects of enhanced irrigation canals on four outcomes: 

logged production volume (Panel A), land extension under irrigation rights (Panel B), land 

extension effectively under irrigation (Panel C), and the likelihood of yield losses attributable to 

irrigation issues10 (Panel D). The estimates are provided for three different sample specifications: 

 
10 This is a binary variable that takes the value 1 if the producer reported experiencing yield losses and 
identified irrigation issues as the primary cause. 



22 

 

the full sample (Columns 1 and 2), the matched sample (Columns 3 and 4), and the inverse 

propensity weighting (IPW) estimates (Columns 5 and 6).  

 

 

 

Table 7: Effects Of Enhanced Irrigation Canals On Grape Production 

  Panel A: Log Grape Output (kg)  

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

Treated   0.314*   0.432**   0.402*   0.532***  0.268  0.384**  

  (0.185) (0.173) (0.219) (0.204) (0.182) (0.168) 

N  299 299 251 251 297 297 

  Panel B: Land Extension Under Irrigation Rights 

Treated   0.293**   0.429***   0.338**   0.498***   0.216**   0.362***  

  (0.118) (0.095) (0.143) (0.113) (0.106) (0.089) 

N  299 299 251 251 297 297 

  Panel C: Land Extension Effectively Under Irrigation  

Treated   0.235**   0.359***   0.266**   0.409***   0.161*   0.292***  

  (0.101) (0.085) (0.121) (0.101) (0.093) (0.083) 

N  299 299 251 251 297 297 

  Panel D: Reason for yield losses: Irrigation 

Treated   -0.205***   -0.212***   -0.276***   -0.280***   -0.206***   -0.199***  

  (0.057) (0.058) (0.067) (0.067) (0.058) (0.057) 

N  299 299 251 251 297 297 

Matching Sample   No   No    Yes   Yes   No   No  

IPW  No   No   No   No   Yes   Yes  

Controls   No   Yes   No   Yes   No   Yes  

 Notes:  

- Standard errors in parenthesis 

- Covariates used in PSM and IPW: Female, age, high school education, resides in EA, owner of EA, 
manager of EA, owns additional farms, mechanical harvest, and producer organizations 

- IPW average treatment effects estimated using the command teffects in Stata 

- Additional controls include department fixed effect, number of hired workers and harvesting grapes 
exclusively.  

 

The findings indicate that enhancements to irrigation canals are associated with significant 

improvements in production, with treated producers exhibiting a 31.4% to 53.2% increase in 

output relative to the control group. This production boost appears to be driven by increases in 

both the area of land under irrigation rights and the area effectively irrigated; treated producers 

experienced statistically significant gains in effectively irrigated land ranging from 16.1% to 40.9% 

across the models. Moreover, the enhanced irrigation infrastructure is associated with a significant 

reduction in the likelihood of reported yield losses attributed to irrigation problems. Specifically, 
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the likelihood that a producer identifies irrigation issues as the main cause of yield loss decreases 

by an estimated 20.5% to 28.0%. The magnitude and direction of estimated coefficients remain 

relatively stable across different specifications, confirming the robustness of results. 

 

6.2 Remote sensing outcomes  

As a core component of our analysis, we rely on the Normalized Difference Vegetation Index 

(NDVI) as an objective measure of changes in crop yield. NDVI data, derived from Landsat 

imagery and aggregated to match the agricultural year, capture both seasonal dynamics and long-

term trends in vineyard productivity. To validate this proxy, we confirm a strong positive correlation 

between NDVI and self-reported crop yield: a one-percent increase in NDVI is associated with a 

1.30% to 1.54% increase in yield, consistent with the expected relationship in viticulture.11 

We estimate the treatment effect on NDVI using the Synthetic Difference-in-Differences (SDID) 

approach, which constructs a weighted counterfactual that closely replicates the pre-intervention 

trends of the treatment group. Figure 6 displays the evolution of NDVI for treated and control plots 

relative to the completion of the canal rehabilitation (the 2015–2016 agricultural cycle is indicated 

by the vertical line at period 0). Prior to the intervention, the two groups followed parallel trends, 

with no statistically significant differences observed in the pre-treatment period. 

In the post-treatment period, the results indicate a clear positive trend, with an average increase 

in NDVI of 0.002 for the treated plots. Relative to the preintervention average NDVI of the control 

group (0.114), this represents a 1.75% increase. The effect is statistically significant in both the 

raw and smoothed (trend) series. Given the established relationship between NDVI and yield in 

our data, this change corresponds to an estimated 0.93% to 1.00% increase in crop yields. In 

absolute terms, based on an average yield of 15.45 metric tons per hectare in the control group, 

this translates to an additional 144 kilograms per hectare. Notably, the difference in NDVI peaks 

at 0.005 units in the fifth year after the intervention, equivalent to a 2.5% increase relative to 

baseline NDVI, and corresponds to an estimated 386 kilograms per hectare of additional yield. 

These findings suggest that the improved irrigation infrastructure had a sustained and meaningful 

impact on vineyard productivity over time. 

6.3 Robustness Checks  

To assess the reliability of our findings, we conducted several robustness and sensitivity tests. 

First, we examine the pre-treatment trends by conducting a placebo test. We artificially assign 

2009 as the year in which the rehabilitated canals were operational, even though the actual 

intervention occurred later. Figure 7 displays these results. In the raw series, some statistical 

differences appear; however, these differences do not persist in the smoothed series. This 

suggests that the observed variations are short-term fluctuations rather than shifts in long-term 

trends, reinforcing the validity of our results. 

 
11 We establish this relationship by estimating an OLS regression where the logarithm of crop yield is 
regressed on the logarithm of NDVI values for the year 2023 where we can match self-reported yields to 
remote sensing data. In our baseline specification, we obtain a coefficient of 1.304. Later, we include 
department fixed effects and control for farm-level characteristics and obtained a coefficient of 1.537.  
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Figure 6: Effects of Enhanced Irrigation Canals on NDVI 
A. Raw Data 

 
B. Trend 

 
Notes: The figure displays the estimates from a synthetic difference in difference approach as in 
Arkhangelsky et al. (2021). Panel A shows the raw NDVI series while panel B shows the 12-month 
moving average.  
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Figure 7: Placebo Test – Pre-2016 Period with 2009 as Treatment Year 
A. Raw Data 

 
B. Trend 

 
Notes: Similar to Figure 3, but only considers the period before 2016 and sets the post-period treatment 
in 2009.   

 

Second, we implement a falsification test by examining outcomes that should remain unaffected 

by canal rehabilitation. Specifically, we use the Bare Soil Index (BSI), a remote sensing measure 

designed to detect exposed or non-vegetated soil surfaces by enhancing soil reflectance and 

minimizing the influence of vegetation. Unlike NDVI, which captures vegetative vigor, BSI 

contrasts the expected effects of improved irrigation infrastructure. Since the intervention is 

intended to enhance vegetative growth through improved water access, it should not have a direct 
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impact on BSI values. Due to limitations in data availability, BSI could only be computed for the 

2013–2023 period, covering the years immediately before and after the intervention12. 

 
Figure 8: Effects of Enhanced Irrigation Canals on BSI 

A. Raw Data 

 
B. Trend 

 
Notes: Similar to Figure 3, but uses BSI as the outcome and focuses on a shorter timeframe (2013–
2023) 

 
12 As an additional robustness check, the Annex A4 replicates the SDID analysis using NDVI as the 
outcome variable for the 2013–2023 period, the same timeframe covered by the BSI data. The results 
confirm that the estimated treatment effect remains consistent, indicating that the use of both Landsat 7 
and Landsat 8 imagery does not introduce measurement error or bias in the NDVI estimates. 
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Figure 8 presents the estimated effect of canal rehabilitation on BSI, and the results indicate no 

statistically significant changes. This supports the validity of our identification strategy by 

suggesting that the treatment is not spuriously influencing unrelated remote sensing signals or 

general land surface reflectance patterns. 

Figure 9: Robustness to NDVI Measurement – Annual Maximum NDVI 
A. Raw Data 

 
B. Trend 

 
Notes: Similar to figure 3 but uses annual max NDVI instead of mean NDVI.  

 

Next, we test the robustness of our findings to an alternative measure of NDVI by using the annual 

maximum value instead of the mean. Maximum NDVI focuses on the best observed vegetative 

condition, offering a robust signal of the crop peak performance. Figure 9 presents the results. 

The analysis shows a positive trend in the post-rehabilitation period with an average treatment 

effect of a 0.002 increase in NDVI in the long-term trends, consistent with our preferred measure. 
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Lastly, we assess whether our results hold when using an event-study difference-in-differences 

approach instead of the SDID procedure. Figure 10 summarizes these findings. The results from 

this alternative specification also reveal a positive trend and a statistically significant average 

treatment increase in NDVI, further confirming the robustness of our estimates. 

 

Figure 10: Robustness to SDID Weighting – Event Study Difference in Difference  
A. Raw Data 

 
 

B. Trend 

 
Notes: Similar to Figure 3, but implements the analysis using an event-study Difference-in-Differences 
(DiD) approach rather than the Synthetic Difference-in-Differences (SDID) method. 
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In summary, our analysis indicates that enhanced irrigation canals significantly boost grape 

production, increase effective irrigated land, and reduce yield losses. These results are further 

supported by the remote sensing analysis using NDVI, which provides objective evidence of 

improved vegetation health and enhanced crop yield. Additionally, multiple robustness tests 

confirm that these findings are not driven by model-specific choices. Together, the evidence 

suggests that the rehabilitated irrigation infrastructure under PROSAP III has delivered 

meaningful and long-term benefits to grape productivity in the region, carrying important 

implications for agricultural policy and future infrastructure investments. 

7. Conclusions 

This study offers compelling evidence that rehabilitation of irrigation infrastructure can lead to 

measurable productivity gains in semi-arid agricultural systems. By leveraging a combination of 

satellite-based NDVI time series that spans 20 years and cross-sectional farmer-level survey 

data, we provide a robust estimate of the impact of irrigation canal improvements on vineyard 

performance in Argentina’s San Juan province. 

Our findings show that canal rehabilitation under the PROSAP III program significantly increased 

the area under effective irrigation, reduced vulnerability to irrigation-related production losses and 

significantly improved grape yields among beneficiary farmers. Importantly, these effects 

persisted and even intensified over time, suggesting that infrastructure investments can generate 

compounding benefits as farmers adapt and optimize water use.  

In the same vein, it can take several years after canal improvements are finalized for farmers to 

effectively adopt new irrigation techniques and thereby improve their productivity, so impacts may 

not be fully realized immediately post-treatment. This also underscores the potential of remote 

sensing as a scalable and objective tool for agricultural impact evaluation for longer study periods. 

In contexts where traditional monitoring systems are weak or costly to implement, satellite 

imagery provides a powerful complement to survey data, especially for perennial crops that exhibit 

seasonal and interannual variability. 

The results reinforce the importance of investing in public goods that improve agricultural water 

management. As governments and multilateral institutions continue to fund large-scale 

infrastructure projects across Latin America, this study offers a blueprint for how high-frequency, 

spatially explicit data can be used to rigorously assess impact and guide resource allocation. More 

broadly, the findings contribute to the global evidence base on the role of irrigation in promoting 

climate-resilient agriculture, rural livelihoods, and export competitiveness. 

While our analysis isolates the impact of canal rehabilitation, it is important to consider how these 

effects may interact with other complementary investments. Technical assistance and 

complementary agricultural infrastructure, such as drip irrigation systems or water storage tanks, 

could amplify the observed gains in productivity (Lopez & Salazar, 2017). In a similar context, 

Maffioli et al. (2018) evaluate the impact of two complementary projects in Argentina (PROSAP 

and the Support Program for Small Producers of the Wine Industry in Argentina, PROVIAR) and 

show that financing irrigation infrastructure and additionally providing technical assistance to 

beneficiary farmers results in higher productive impacts than the sum of the effects caused by 
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separate interventions. This may be the case in the irrigation intervention being studied here, as 

capacity levels of the different Irrigation Boards and Canal Commissions likely varied, and notably 

not all the participating organizations expressed interest in receiving support for the technical and 

administrative management of the improved systems. This could help explain variations in 

rehabilitation outcomes across canals and departments, as areas with stronger user engagement 

and clearer maintenance responsibilities would be better positioned to sustain improvements over 

time. Furthermore, technical assistance activities were not attended by all farmers in the area of 

influence, which may possibly explain the heterogeneity of impacts. Therefore, understanding 

how these complementary factors influence outcomes is critical for designing integrated rural 

development strategies and maximizing the return on infrastructure investments.  

Looking ahead, future research could examine heterogeneity in treatment effects—such as by 

farm size, irrigation system type, or adoption of complementary practices—and explore long-term 

spillovers to income, land value, and water conservation. Integrating farmer behavior, institutional 

capacity, and environmental outcomes into the evaluation framework would further enrich our 

understanding of how rural infrastructure shapes agricultural development. 
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Figura A.1 
 

 
Notes: This image shows the processing involved to isolate cultivated parcels for each farm. 
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Figura A.2 
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Notes: This image shows the cummulative precipitation received by each distict region. The 
area of intervention is located in an area that received between 90-106 mm.  

 

 

 

 

 

 

Figure A3: Distribution of Propensity Scores 
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A. Propensity Score Support  

 
B. Propensity Score Matching 

 
C. Propensity Score After Matching 
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Figure A4: Effects of Enhanced Irrigation Canals on NDVI – Short Period 2013-2023 
A. Raw Data 

 
B. Trend 

 
Notes: Similar to Figure 3 but uses annual NDVI for the 2013-2023 period.   
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Appendix A5: Event Study Difference-in-Differences Specification 

As a robustness check to the main analysis using a Synthetic Difference-in-Differences (SDiD) 
approach, we implement an event study Difference-in-Differences (DiD) specification. The event 
study framework is a widely used extension of the standard two-period DiD estimator that enables 
the analysis of treatment effects over multiple periods before and after an intervention (Jacobson, 
LaLonde, and Sullivan 1993; Autor 2003). This approach allows for a dynamic assessment of 
treatment effects and is particularly useful in settings where the timing of the intervention is known 
and staggered or where treatment effects may evolve over time. 

In addition to capturing the trajectory of impacts following the intervention, the event study design 
facilitates a direct test of the parallel trends assumption, which underpins causal identification in 
DiD settings (Angrist and Pischke 2009; Borusyak and Jaravel 2017). By estimating pre-treatment 
coefficients, we can examine whether treated and control units exhibited similar trends prior to 
the intervention, thereby strengthening the credibility of the identification strategy. In our context, 
we use this framework to investigate the timing and persistence of the effects of irrigation 
infrastructure improvements on grape yields, using remotely sensed NDVI (Normalized Difference 
Vegetation Index) as a proxy for vine vigor and productivity. 

We estimate the following two-way fixed effects model with event-time indicators: 

𝑌𝑖𝑡 = 𝛼𝑖 + 𝜆𝑡 + ∑ 𝛽𝑘

7

𝑘=−15,
𝑘≠−1

∗ 𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝑖 ∗ 1{𝑘 = 𝑡} + 𝛾′𝑋𝑖𝑡 + 𝜖𝑖𝑡 

Where 𝑌𝑖𝑡  denotes the NDVI value for plot i in year t, 𝛼𝑖 are plot fixed effect controlling for time-

invariant unobserved heterogeneity, and 𝜆𝑡 are year fixed effect capturing common shocks across 
units. 𝑋𝑖𝑡 is a vector of controls including average temperature and precipitation. The term 

𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝑖 indicates whether plot i is ever treated, and 1{k=t} is an indicator for event time k, where 
t is the treatment year for plot i. We omit the event time indicator for k=1, which serves as the 
reference period.  

This specification enables visualization of the dynamic effects of the intervention. In addition, the 
significance and magnitude of pre-treatment coefficients (k<0) provide a diagnostic for the validity 
of the parallel trends assumption. Post-treatment coefficients (k≥0) reveal how the irrigation 
rehabilitation affected productivity over time and whether effects persisted, grew, or dissipated in 
the years following implementation. 
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