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Abstract 

This study develops and applies an Integrated Assessment Modelling (IAM) 

framework to assess the economic impacts of hydrological anomalies on irrigated agriculture 

and the potential role of insurance as a climate adaptation instrument in Brazil. The proposed 

framework combines four components: (i) an econometric model that estimates the sensitivity 

of irrigated agriculture yields to reductions in Blue Water availability; (ii) seven hydrological 

model that projects Blue Water supply across 12 hydrographic regions under two climate 

scenarios (SSP2-4.5 and SSP5-8.5); (iii) a Computable General Equilibrium (CGE) model (B-

MARIA-12RH) designed to capture direct, regional, indirect, and interregional economic 

effects of productivity shocks, incorporating the treatment of uncertainty; and (iv) the 

Hydrological Risk Transfer Model (MTRH-SHS), which estimates insurance premiums to 

mitigate losses caused by water scarcity. The integration of these models allows for a 

systemic evaluation of how hydrological stress propagates through economic networks and 

provides a consistent analytical foundation for designing insurance mechanisms tailored to 

regional and sectoral vulnerabilities. Results show that, on average, Brazil’s real GDP is 

projected to decline by 0.03% (USD 54 billion in 2015 values) under a climate-induced water 

stress scenario, with the main driver being a reduction in export volumes of up to 0.19%. The 

most affected components of GDP on the income side are capital payments (down by up to 

0.06%), while employment losses are concentrated in agriculture (-0.21%), tobacco (-0.16%), 

biofuels (-0.09%), and refined sugar (-0.08%). Regional impacts are also highly 

heterogeneous: while HR1-Amazon (-0.16%), HR7-Paraguay (-0.12%), and HR9-Parnaíba (-

0.08%) exhibit the sharpest economic contractions, critical regions for irrigated production 

such as HR10-São Francisco, HR8-Paraná, and HR6-Southern Atlantic also show significant 

declines in Gross Regional Product. By linking physical and economic dimensions of climate 

risk, the IAM framework offers policy-relevant insights into the design of adaptive strategies 

that enhance resilience in water-intensive sectors and regions. This study contributes to the 

literature on ecological and climate economics by operationalizing a multi-scale, 

interdisciplinary modelling approach for evaluating adaptation options under uncertainty. 
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Resumo 

Este estudo desenvolve e aplica uma estrutura de Modelagem de Avaliação Integrada 

(IAM) para avaliar os impactos econômicos de anomalias hidrológicas sobre a agricultura 

irrigada e o papel potencial dos seguros como instrumento de adaptação climática no Brasil. A 

estrutura proposta combina quatro componentes: (i) um modelo econométrico que estima a 

sensibilidade da produtividade da agricultura irrigada à redução na disponibilidade de Água 

Azul; (ii) sete modelos hidrológicos que projetam a oferta de Água Azul em 12 regiões 

hidrográficas sob dois cenários climáticos (SSP2-4.5 e SSP5-8.5); (iii) um modelo de Equilíbrio 

Geral Computável (EGC), o B-MARIA-12RH, desenvolvido para capturar os efeitos 

econômicos diretos, regionais, indiretos e inter-regionais dos choques de produtividade, 

incorporando o tratamento da incerteza; e (iv) o Modelo de Transferência de Risco Hidrológico 

(MTRH-SHS), que estima prêmios de seguro para mitigar perdas causadas pela escassez 

hídrica. A integração desses modelos permite uma avaliação sistêmica de como o estresse 

hidrológico se propaga por redes econômicas, fornecendo uma base analítica consistente para o 

desenho de mecanismos de seguro adaptados às vulnerabilidades regionais e setoriais. Os 

resultados mostram que, em média, o PIB real do Brasil pode sofrer uma redução de 0,03% 

(equivalente a US$ 54 bilhões em valores de 2015) sob um cenário de estresse hídrico induzido 

pelo clima, sendo o principal fator a queda nos volumes de exportação, de até 0,19%. Os 

componentes mais afetados do PIB pelo lado da renda são os pagamentos ao capital (com 

redução de até 0,06%), enquanto as perdas de emprego se concentram na agricultura (-0,21%), 

tabaco (-0,16%), biocombustíveis (-0,09%) e açúcar refinado (-0,08%). Os impactos regionais 

também são altamente heterogêneos: enquanto HR1-Amazônia (-0,16%), HR7-Paraguai (-

0,12%) e HR9-Parnaíba (-0,08%) apresentam as maiores contrações econômicas, regiões 

críticas para a produção irrigada como HR10-São Francisco, HR8-Paraná e HR6-Atlântico Sul 

também registram quedas significativas no Produto Interno Bruto Regional. Ao conectar as 

dimensões físicas e econômicas do risco climático, a estrutura IAM oferece subsídios relevantes 

para a formulação de estratégias de adaptação que fortaleçam a resiliência em setores e regiões 

com alta demanda hídrica. Este estudo contribui para a literatura em economia ecológica e do 

clima ao operacionalizar uma abordagem de modelagem interdisciplinar e multiescalar para 

avaliação de opções de adaptação sob incerteza. 

 

Palavras-chave: Anomalias hídricas; Seguro; Equilíbrio Geral Computável (EGC). 
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1 Introduction 

The Brazilian economy is highly dependent on water resources. This dependency 

encompasses both Green Water (rainwater stored in the soil) and Blue Water (available in 

surface and groundwater bodies) (Hoekstra et al., 2011), as well as the consumptive uses6. and 

non-consumptive7 water use. 

Irrigated agriculture plays a strategic role in ensuring productivity, supply stability, 

and food and nutritional security. In 2019, irrigation accounted for roughly 50% of total Blue 

Water withdrawals for consumptive use (IBGE & ANA, 2020), with a demand of about 965 

m³/s—941 m³/s from surface water and the remainder from agronomic reuse (ANA, 2021). 

It occupies a dual role: it is both a climate adaptation strategy and a sector vulnerable 

to hydrological instability. Given Brazil’s international commitments—including the United 

Nations Framework Convention on Climate Change (UNFCCC), the Paris Agreement (and its 

Nationally Determined Contribution (NDC)), and the Kunming-Montreal Global Biodiversity 

Framework—hydrological anomalies, especially water scarcity, represent significant barriers 

to sustainable development. This reinforces the urgency of evaluating economic instruments 

for water management as part of climate adaptation strategies; (Grimble, 1999); (Motta, 

2003); (Tundisi et al., 2015); (Rey et al., 2019). 

In recent years, insurance has emerged as a promising tool for adaptation strategies, 

managing hydrological risk under uncertainty (Mohor & Mendiondo, 2017). By offering a 

financial safety net, insurance enhances resilience and facilitates recovery, while also 

incentivizing proactive adaptation strategies such as infrastructure investment (Gesualdo et 

al., 2024). Crucially, insurance not only protects individuals but also enhances systemic 

resilience. By spreading the financial burden of extreme events, insurance contributes to more 

equitable and sustainable post-crisis recovery processes. 

This article is part of the Thematic Project of the National Institute of Science and 

Technology – São Paulo Research Foundation (FAPESP) Research Program on Global 

Climate Change (INCT-PFPMCG, FAPESP grant 14/50848-9). One of the project’s core 

objectives is to foster integration across research components. This contribution aims to 

strengthen the interface between the Water Security and Economics research axes. 

In this context, the article assesses the economic impacts – direct, regional, indirect, 

and interregional – of hydrological anomalies (droughts) on irrigated agriculture across 

Brazil’s 12 Hydrographic Regions, with the aim of informing the development of multi-year 

insurance mechanisms as a climate adaptation strategy.  

The analysis integrates four components – an econometric model, a hydrological 

model, a Computable General Equilibrium (CGE) model incorporating the treatment of 

uncertainty, and the Hydrological Risk Transfer Model (MTRH-SHS) – to establish an 

Integrated Assessment Modelling (IAM) framework. 

 

2 Methods 

Evidence indicates that the Brazilian economy is highly exposed to hydrological 

anomalies, particularly those associated with changes in rainfall patterns and reductions in 

surface water availability. In this context, regional economic impacts may be even more 

severe due to the uneven distribution of water supply and demand across the country. 

 
6 A use is considered consumptive when the water withdrawn is partially or entirely consumed in the process for 

which it is intended, not returning directly to the water body (ANA, 2019). 
7 “Water uses such as navigation, fishing, tourism, and recreation do not directly affect the local water quantity, 

although they depend on it, and are considered non-consumptive uses [...]" (ANA, 2019). 
7 A use is considered consumptive when the water withdrawn is partially or entirely consumed in the process for 

which it is intended, not returning directly to the water body (ANA, 2019). 
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The National Water Resources Council of Brazil, through Resolution No. 32/2003, 

established the division of Brazilian territory into twelve hydrographic regions (figure 2). 

These are: Amazon (AMZ), East Atlantic (ALT), Northeastern Atlantic – Western (AOC), 

Northeastern Atlantic – Eastern (AOR), Southeastern Atlantic (ASD), Southern Atlantic 

(ASU), Paraguay (PRG), Paraná (PRN), Parnaíba (PNB), São Francisco (SFO), 

Tocantins/Araguaia (TOC), and Uruguay (URU). This classification serves as a framework 

for the planning and management of the country’s water resources. 

Among these hydrographic regions, the Amazon Basin holds most of the country's 

water resources, approximately 80%. However, this region has relatively low levels of water 

consumption (11%), population (5%), and GPV (4%) in comparison to other hydrological 

regions in Brazil. In contrast, the Paraná and Southeastern Atlantic basins – accounting for 

less than 10% of Brazil’s total water availability – encompass areas of high agricultural 

productivity as well as densely populated urban-industrial centers, such as the metropolitan 

regions of São Paulo and Rio de Janeiro. Consequently, water consumption in these regions, 

particularly in the Paraná Basin, is nationally significant (42%). Meanwhile, northeastern 

basins are marked by both low per capita water availability and low per capita economic 

output (Rocha, 2022). 

This spatial heterogeneity in water distribution and economic activity underpins the 

regional focus adopted in this study. By concentrating the analysis on Brazil’s twelve 

hydrographic regions, the research contributes to one of the objectives of the INCT-

PFPMCG/FAPESP grant 14/50848-9: fostering integration between its Water Security and 

Economics research axes. The selected regional scope was considered viable due to the 

availability of consistent and relevant data across both components, thereby supporting the 

article’s analytical objectives. 

 

2.1 Econometric model 

We develop an econometric model to estimate the impact of reduced Blue Water 

availability on crop yields, using historical data. We start with a theoretical specification 

relating the productivity of a crop ℎ with the observed Blue Water availability, prices and 

technology available in each period 𝑡. Equation (1) denotes this 

 

𝑦𝑖,𝑡
ℎ = 𝑓(𝐵𝑊𝑖𝑡 , 𝑄𝑖 , 𝐴𝑖𝑡, 𝜀𝑖𝑡 (1) 

 

Where:  

𝑦𝑖,𝑡
ℎ  is the log of the crop yield of ℎ in municipality 𝑖 in year 𝑡;  

𝐵𝑊𝑖𝑡 = {𝐵𝑊𝑖,𝑡=1, 𝐵𝑊𝑖,𝑡=2, … , 𝐵𝑊𝑖,𝑡=𝑇} is the history of Blue Water availability in the 

same municipality between years 1 and 𝑇;  

𝑄𝑖 is the quality of the soil in that municipality (assumed to be constant);  

𝐴𝑖𝑡 is the level of technology; and 𝜀𝑖𝑡 represents other inputs affecting crop yield.  

 

In short, we follow Souza; Haddad (2021) and Huang; Khanna (2010) to estimate the 

following equation: 

 

𝑦𝑖𝑡
ℎ =  𝛼𝑖 + 𝛾𝑠𝑡 +  ∑ 𝜃𝑐

𝑐

𝑓𝑐(𝑊𝑐𝑖𝑡) + 𝑋′𝑖𝑡𝛽 + 𝜀𝑖𝑡 
(2) 

 

We regress the productivity of crop ℎ as a function of control variables specific to 

each municipality 𝑋′𝑖𝑡 and a vector of climatic variable 𝑊𝑐𝑖𝑡 = {𝐵𝑊𝑖𝑡}. The vector of climatic 

variable is constructed as the percentage deviations of Blue Water availability during the year 
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in Brazilian municipalities with respect to their historical averages, as proposed by Deschênes 

and Greenstone (2007). Nevertheless, quadratic terms are included to capture the non-linearity 

of these effects.  

The parameter of interest is 𝜃𝑐, which measures the impact that Blue Water 

availability has on the productivity of the crop ℎ. Since our productivity measure is the 

average value of the crop yield in a municipality, soil quality, cropping practices, and local 

prices are likely to be affected. These, in turn, tend to be correlated with the local climate. For 

this reason, we also control our model for a fixed effect of city 𝛼𝑖, and a fixed effect of state 

per year 𝛾𝑠𝑡.  

To estimate equation (2), we construct a municipality-level panel using data from 

ANA (Irrigation Atlas, 2nd edition) and IBGE (Agricultural Census, Municipal Agricultural 

Survey (PAM) and Systematic Survey of Agricultural Production (LSPA)) covering the 

period from 2011 to 2019, and 125 products, as well as data from MapBiomas8 are 

incorporated. 

With the estimates obtained, each coefficient in 𝜃𝑐 is multiplied by its respective 

climate anomaly projection (further detailed in the next section). This calculation will 

generate, ceteris paribus, a projection of productivity change in irrigated agriculture for Brazil 

(average between 2011 to 2019). This forecast will be essential for constructing the irrigated 

agricultural productivity shocks used in the CGE model. 

Regarding the descriptive analysis, the leading hydrographic region in terms of the 

proportion of irrigated harvested area relative to total harvested area in 2019 was the Paraná 

region (26%), followed by the Uruguay (22.6%), Southern Atlantic (13%), and São Francisco 

(11.7%) regions. 

The proportion of irrigated harvested areas relative to total harvested area increased 

from 8.4% in 2011 to 13.8% in 2019. In 2019, the Uruguay hydrographic region recorded the 

highest proportion (39%), followed by the Southern Atlantic (35.7%), São Francisco (29.7%), 

Southeastern Atlantic (26.4%), and Eastern Northeastern Atlantic (23.4%) regions 

Regarding the value of irrigated agricultural production (thousand Brazilian reais, 

2019 prices), the Paraná hydrographic region was the most significant in 2019, accounting for 

29.9%, followed by the São Francisco hydrographic region (21.4%) and the South Atlantic 

hydrographic region (10.5%). 

Among the main products contributing to the production value in the Paraná 

hydrographic region in 2019, potato stood out, accounting for 13.2%, followed by tomato 

(12.7%). In the São Francisco hydrographic region, the primary products were herbaceous 

cotton (seed cotton) (22%), grape (12%), banana (bunch) (9.8%), mango (9.3%), and soybean 

(grain) (9%). In the South Atlantic hydrographic region, the main product was paddy rice 

(77%). 

While irrigated agriculture represented around only 13% and 16% of the total value of 

agricultural production in Brazil in 2019, this national average conceals substantial regional 

heterogeneity. In basins such as HR10-São Francisco (50%), HR4-Eastern Northeastern 

Atlantic (47%), HR5-Southeastern Atlantic (44%), and HR2-Eastern Atlantic (37%), irrigated 

agriculture accounted for a high share of agricultural output, highlighting its strategic role in 

driving regional agricultural productivity. These areas stand in sharp contrast to basins like 

the HR1-Amazon (3%) and HR7-Paraguay (1%), where rainfed systems remain 

overwhelmingly dominant. The elevated economic contribution of irrigation in specific basins 

 
8 MapBiomas (Brazilian Annual Land Use and Land Cover Mapping Project) is a collaborative initiative 

involving universities, Non-Governmental Organization (NGOs), and technology companies that produces high-

resolution spatial data on land use and cover across Brazil, using satellite imagery and automated classification 

techniques. For more information, see: https://mapbiomas.org. 

https://mapbiomas.org/
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suggests that water control and infrastructure investments have enabled more intensive and 

profitable agricultural systems, often tied to high-value crops. These findings underscore the 

need for regionally differentiated agricultural and water policies that recognize the 

heterogeneity of irrigation’s role and its potential to buffer climate variability, promote rural 

development, and enhance food security. 

Regarding the water use by agriculture products, the irrigated agriculture consumed 

approximately 965 m³/s of water in 2019. Of this total, around 941 m³/s was sourced from 

surface and groundwater bodies (Blue Water), while roughly 24 m³/s corresponded to 

agronomic reuse of effluents (Gray Water) primarily in sugarcane areas through fertigation 

and recovery practices. Among the water use categories considered, paddy rice accounted for 

the largest share of surface water demand at 357 m³/s, representing 38% of the total in 2019. 

Other systems and crops—characterized by significant contributions from fruit production in 

the Northeast and horticulture—demanded 276 m³/s (29%), followed by annual crops grown 

under center pivot irrigation systems with 167 m³/s (18%). Coffee and sugarcane irrigation 

accounted for 97 m³/s (10%) and 44 m³/s (5%), respectively, completing the main typologies 

of national water demand for irrigation (ANA, 2021). 

 

2.2 Hydrological Model 

2.2.1 Assessment of seasonal water yield 

The modeling was performed using the suite of models provided by the Integrated 

Valuation of Ecosystem Services and Tradeoffs (InVEST) developed by the Natural Capital 

Project (Posner et al., 2016). The InVEST Seasonal Water Yield Model (SWYM) is designed 

to provide an understanding of how specific land parcels influence the development of 

baseflow (B) and quickflow (QF). It generates spatial indices to evaluate the impact a 

particular piece of land has on baseflow and quickflow creation (Sharp et al., 2015). The 

baseflow (B) index serves as a measure of a pixel's contribution to the baseflow, specifically 

referring to the water that reaches the stream during the dry season. In instances where local 

recharge is negative, the pixel neither contributes to the baseflow nor is allocated a value, 

resulting in an assignment of zero. Conversely, when the pixel facilitates groundwater 

recharge, its contribution is articulated as a function of both the volume of flow exiting the 

pixel and its proportional role in recharge. 

The SWYM performs the water budget across the landscape considering the pixel cell 

as a basic unit of calculation. The streamflow contribution of a given pixel cell depends of 

climate, soil, vegetation, slope and position of the pixel cell along the flow path, i.e., a given 

pixel receives water from upslope and, if recharged, the water in the cell may later be lost by 

evapotranspiration. The water budget is expressed as the balance of the monthly precipitation 

amount within the cell (P) and the loss by quick flow (QF) and actual evapotranspiration 

(AET) that leads to potential local recharge (L), or potential contribution to baseflow (B), i.e.,  

𝐿𝑖 = 𝑃𝑖 − 𝑄𝐹𝑖 − 𝐴𝐸𝑇𝑖, 𝑖 =  1, . . . ,12. The SWYM estimates cell quick flow generation based 

on the Curve Number method (CN-SCS) (Guswa et al., 2018) that takes into account the 

accumulated precipitation in a given month that is distributed by the count of precipitation 

events that occurred in that month.  

The definition of precipitation event was considered for all daily accumulated 

precipitation higher than 3 mm. The curve number is a simple approximation of the estimation 

of the amount of precipitation that is becoming quick flow and the amount that is infiltrating 

for local recharge, when associating CN values to soil types and land cover types. That 

implies that each cell will be assigned for a hydrologic soil group and a land cover type that 

will be later associated with CN numbers. 

The SWYM, similar to other InVEST models, utilizes a simplified approach to 

estimate both quickflow and baseflow, thereby omitting numerous complexities encountered 
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by water as it travels the landscape. Quickflow estimations are predominantly based on the 

curve number method, which neglects topographical variations. Although the model employs 

a physics-based methodology for baseflow, it substantially simplifies the equations in both 

spatial and temporal contexts, thereby elevating the uncertainty of the absolute values 

produced. Consequently, we advocate for an emphasis on relative values across various 

landscapes, as these simplifications are presumed to exert a diminished effect when 

consistently applied across the entire area.  

The input data includes a map of land use and land cover (LULC) codes, which was 

retrieved from the MapBiomas (2025a). For each LULC code, there must be a biophysical 

property associated with the LULC class. The biophysical properties include monthly crop 

evapotranspiration coefficient (𝐾𝑐) that is used to calculate actual evapotranspiration (AET) 

based on potential evapotranspiration (ET0). The crop coefficients were derived from Leaf 

Area Index (LAI) retrieved from MCD15A3H.061 MODIS LAI 4-Day Global 500m 

(Myeneni et al., 2021). For LAI values lower or equal to 3, 𝐾𝑐 is one third of LAI, else, 𝐾𝑐 is 

considered to be equal 1. The complete MODIS LAI time series (2002-2025) summarised the 

long term monthly values of  𝐾𝑐 for simulations. Moreover, the biophysical table incorporates 

CN values that were derived from the Global Hydrologic Curve Number (GCN250), a 

globally consistent, gridded dataset defining CNs at the 250 m spatial resolution from new 

global land cover (300 m) and soils data (250 m) CN for average condition (Jaafar et al., 

2019). 

The observed climate forcings were derived from the Brazilian Daily Weather Gridded 

Data (BR-DWGD), which delivers high-resolution fields of precipitation and temperature, 

interpolated from weather stations scattered throughout Brazil (Xavier et al., 2016; 2022). The 

main meteorological inputs are monthly potential evapotranspiration, monthly precipitation, 

table of number of rain events and climate zones. The table of rain events is associated with 

different climate zones. In this study, a data-driven approach based on historical patterns of 

precipitation was applied in order to classify the 12 hydrographic regions into different 

climate zones. We applied the k-mean (Hartigan & Wong, 1979) algorithm implemented in R 

studio considering mean annual precipitation, coefficient of variation of monthly 

precipitation, mean precipitation of the seasons of the year (DJF, MAM, JJA, SON), and 

mean number of rain events. The optimal number of clusters was determined using the elbow 

method (Marutho et al., 2018). 

The calculation grid for SWY is based on a digital elevation model (DEM). The DEM 

data was derived from Copernicus GLO-30 DEM, a detailed digital surface model depicting 

terrain features, including vegetation and man-made structures (European Space Agency, 

2024). Another layer of information is the map of hydrologic soil groups according to the 

SCS-CN method. The values were derived from the Global Hydrologic Soil Groups 

(HYSOGs250m) globally consistent, gridded dataset of hydrologic soil groups (HSGs) with a 

geographical resolution of 1/480 decimal degrees, corresponding to a projected resolution of 

approximately 250-m Soil Groups for Curve Number-Based Runoff Modeling (Ross et al., 

2018) 

The spatial dataset were resampled to 1 km² as a pre-processing for assessment of 

water yield. This choice is motivated by both computational limitations and underlying 

physical assumptions of hydrological analysis. The Brazilian territory encompasses 8.51 

million km² and has a wide range of landscapes and climate zones. On the other hand, as 

suggested by Hamman et al. (2018), when considering hydrological simulations over large 

regions, many hydrologic processes (e.g., infiltration, evapotranspiration, subsurface flow) 

vary meaningfully at catchment or hillslope scales, which align well with an averaged 

analysis at a 1 km² grid cell size. The distributed hydrological model simulation results were 

then filtered for regions with higher impact of irrigation. This was done considering the 
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irrigation map that was provided by MapBiomas (2025b). The results were then aggregated at 

hydrographic region level. 

 

2.2.2 Assessment of the impact of climate change projections on water yield 

The consideration of climate change impacts on seasonal water yield was based on the 

inclusion of climatic forcings from climate projections from global circulation models that 

were simulated in the Coupled Model Intercomparison Project Phase 6 (CMIP6) framework. 

CMIP6 simulations were retrieved from the Climate Change Dataset for Brazil (CLIMBra) 

that included precipitation and minimum and maximum temperatures (Ballarin et al., 2023). 

The 19 global circulation models were considered for analysis in this study, however, to 

provide a rationale for model selection, monthly averages from model historical simulations 

were compared with observed data. These averages were aggregated at the hydrographic 

region level for selecting the most suitable models for the study area. 

The implications of increased anthropogenic influence on greenhouse gas emissions is 

evaluated using the shared SSP scenarios (Meinshausen et al., 2020). The SSP scenarios 

represent a combination of future socio-economic projections and political environment that 

are used for modeling communities to force global circulation models. We adopted the SSP2-

4.5, which is considered the “middle of the road” scenario, in which the socio-economic 

trends follow historical patterns, with moderate progress towards sustainable development. 

The SSP2 considers a radiative forcing of 4.5 𝑊 𝑚−2 peaking at the middle of the century 

and stabilizing by 2100 (Meinshausen et al., 2020). 

For the computation of the reference evapotranspiration of the projected data, the 

Hargreaves-Samani method (Hamel et al., 1985) was applied due to simplicity and for being 

widely applied in Brazilian territory (Arraes et al., 2015; Venancio et al., 2019; Dohler et al., 

2020). The Hargreaves-Samani method is used to estimate reference evapotranspiration 

considering maximum and minimum 2-meter air temperature and a list of constants, 

including, ground elevation above mean sea level, latent heat of vaporization (2.45 𝑀𝐽 𝑘𝑔−1), 

latitude, and solar constant (0.0820 𝑀𝐽 𝑚−2𝑚𝑖𝑛−1). The estimation of reference 

evapotranspiration was implemented using the R package Evapotranspiration (Guo & 

Peterson, 2022). 

In summary, projections of Blue Water availability—defined as water accessible in 

surface and groundwater bodies—were conducted for Brazil’s twelve hydrographic regions 

using seven hydrological models. The simulations rely on historical climate data from 1980 to 

2010 and cover three projection periods: short term (2015–2040), medium term (2041–2070), 

and long term (2071–2100). Two climate scenarios from the Shared Socioeconomic Pathways 

(SSPs) framework were considered: SSP2-4.5, representing a stabilization trajectory with 

moderate emissions, and SSP5-8.5, reflecting a high-emissions scenario driven by fossil-

fueled development. 

 

2.3 Computable General Equilibrium Model 

The CGE model employed in this study conceptualizes the economy as a system of 

interdependent markets, in which the equilibrium values of all endogenous variables are 

determined simultaneously. Exogenous shocks are assessed through their impact on the 

structure and dynamics of these variables. 

This paper adopts the Brazilian Multisectoral and Regional/Interregional Analysis 

Model with Water Module (B-MARIA-H2O), an interregional CGE model developed by 

Rocha (2022), building on earlier contributions from Haddad (2004, 2020). B-MARIA-H2O 

is a variant of the ORANI-G model (a General Equilibrium Model of the Australian economy) 

and incorporates features from the University of Pretoria General Equilibrium Model 

(UPGEM) framework. It is implemented using the GEMPACK software suite (Harrison & 
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Pearson, 1996; Harrison et al., 1996; GEMPACK User Manual, n.d.). 

B-MARIA-H2O features a bottom-up multiregional structure encompassing 67 

economic sectors and 67 products, 12 Brazilian hydrographic regions, and calibration for the 

base year 2015. A key innovation is the inclusion of a water module that integrates water 

availability into the economic framework, enabling assessment of macroeconomic effects 

from climate-induced hydrological changes. In this framework, economic sectors may use two 

types of water input: treated water from the water and sewage sector and raw water abstracted 

directly from environmental sources (Rocha, 2021, p. 73). 

The model’s structure includes standard CGE components representing producers, 

households, investors, government, and the foreign sector, along with the water module, 

which enables integrated analysis of economic and hydrological systems. 

The main components of the B-MARIA-H2O model are outlined as follows: 

(i) Database: The hybrid model is calibrated using a multiregional input–output 

(MRIO) database, capturing intersectoral and interregional economic 

transactions. Additional behavioral parameters – such as Armington elasticities 

– are incorporated to reflect preferences and technological substitution. 

Physical water use data (e.g., in cubic meters per second) are sourced from the 

Brazilian System of Environmental-Economic Accounting (SEEA) for Water 

(IBGE & ANA, 2020). 

(ii) Equation System: The model includes a comprehensive set of equations 

representing production, consumption, trade, and factor markets. Production 

functions assume fixed proportions (Leontief) for intermediate inputs and 

nested Constant Elasticity of Substitution (CES) structures for primary inputs 

(capital, labor, and water). Imperfect substitution between domestic and 

imported goods, and among primary factors, is governed by relative prices and 

elasticity parameters. 

 

To meet the objectives of this study, a revised version of the model, B-MARIA-12RH, 

was developed. The enhancements are marginal and involve adjustments to a subset of 

behavioral equations based on the B‑MARIA Mexico Interregional (BMMX) CGE model 

structure. Additionally, the water-specific module containing detailed water use data was 

removed, as it was not necessary for the scope of this analysis. 

Regarding the exogenous shocks, their magnitudes are derived from econometric 

estimates that relate climate variability to irrigated agricultural productivity. These estimates 

are combined with climate projections from seven hydrological models under the SSP2-4.5 

scenario to construct future productivity shocks in irrigated agriculture across Brazil’s 12 

hydrographic regions for the period 2015-2099. The shock vector was calculated by averaging 

model-specific estimates for 2015 and 2099. 

Simulations are conducted in a comparative-static framework under short-run closure 

assumptions. In this setting, capital stocks, regional populations, labor supplies, regional wage 

differentials, and the national real wage are held fixed. However, household consumption and 

government expenditures (both federal and regional) are treated as endogenous. The shocks 

are incorporated as negative technical changes in the productivity of primary factors within 

the agricultural sector. These productivity shocks represent what we refer to as direct impacts 

of climate change. The model is solved using the Euler method, with two solutions and two 

steps, and a sub-interval set to one. 

This strategy was inspired by the following references. As described by Haddad, 

Porsse, and Pereda (2013), productivity shocks are modeled as technological changes in the 

use of primary factors. For instance, a 10% decline in agricultural output caused by climate 

anomalies is represented as a 10% increase in factor requirements to maintain current output 
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levels. This decrease in productivity raises prices, reduces real income, and transmits general 

equilibrium effects throughout the economy via supply constraints, cost increases, and 

changes in household welfare. 

Similarly, Souza and Haddad (2011) argue that productivity losses initially raise 

regional prices and reduce the income of local households and firms, lowering investment 

returns. These effects reduce local demand, triggering contractions in production, 

employment, and factor use. Simultaneously, these shocks may improve relative productivity 

in other regions, potentially leading to regional reallocation of agricultural activity and 

production factors. The net effect on regional price levels is ambiguous and must be 

determined through simulation. Accordingly, productivity shocks in this model are 

operationalized through technological parameters that reduce the efficiency of primary factors 

used in irrigated agriculture over time, reflecting the adverse effects of declining water 

availability. 

Thus, this modeling framework provides a robust basis for assessing both the direct 

and systemic economic impacts of water stress under climate change, offering valuable 

insights into regional disparities and the vulnerability of irrigated agriculture within the 

Brazilian economy. Further development about the treatment of uncertainties and integration 

of B-MARIA-12RH and MTRH-SHS will take place in the upcoming stages of the 

investigation. 

 

3 Results 

3.1 Econometric model 

Regarding the results, Equation 2 was estimated using pooled Ordinary Least Squares 

(OLS) (1), random effects (2), and fixed effects (3) models. The fixed effects specification 

retains the statistical significance of most explanatory variables even after controlling for 

unobserved, time-invariant heterogeneity across units. This suggests that the model captures 

true relationships rather than biases from omitted fixed effects. 

The fixed effects model is also theoretically appropriate, as it accounts for unobserved 

but time-constant characteristics—such as region-specific agricultural practices, local 

policies, and infrastructure—that are likely to influence productivity. This is particularly 

relevant in panel data with strong cross-sectional heterogeneity, such as municipal-level 

agricultural data. 

Compared to the other models, pooled OLS (1) ignores the panel structure and may 

suffer from omitted variable bias. The random effects model (2) assumes no correlation 

between unobserved effects and explanatory variables, a strong assumption that is often 

violated in socio-economic and agricultural contexts, leading to inconsistent estimates. 

For example, the coefficient of share_ac, is positive and significant in model (1) 

(+1.283***), but becomes negative in models (2) and (3) (-2.231*** and -2.457***, 

respectively), indicating biased estimates when fixed heterogeneity is not controlled. 

Overall, given its statistical robustness, theoretical coherence, improved fit, and 

implicit evidence of endogeneity in the random effects model, the fixed effects model (3) is 

the most appropriate specification to identify the determinants of irrigated agriculture 

productivity based on Blue Water availability in this panel dataset.  

Its result indicates that for every 1% reduction in Blue Water availability relative to 

the historical average (Blue Water anomaly), irrigated agricultural productivity (tons per 

hectare per year (t/ha/year)) decreases by approximately -3.7%. 

 

3.2 Hydrological Model 

Regarding the hydrological models results, as follows, the solid line represents the 

multi-model mean of simulated blue water availability (millimeters per year (mm/year)), 
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providing a central estimate across climate models. The shaded ribbon indicates inter-model 

variability, expressed as ±1 standard deviation, capturing the uncertainty associated with the 

projections. The comparison between scenarios SSP2-4.5 and SSP5-8.5 highlights the 

expected differences in future hydrological conditions under intermediate versus high-

emission pathways, offering insights into the potential impacts of climate change on water 

availability. 

The projections of Blue Water anomaly – defined as the percentage deviation from the 

historical average availability (1980–2010) – reveal a consistent pattern of negative change 

across most Hydrographic Regions (HRs), suggesting widespread reductions in surface water 

availability under the SSP2-4.5 climate scenario. The hydrological simulations forecast 

decline in Blue Water availability. 

A closer model-by-model inspection highlights the most affected HRs: 

• ACCESS-ESM1-5 projects the sharpest drops in HR1–Amazon (-45.1%) and 

HR9–Parnaíba (-40.7%). 

• GFDL-CM4 shows the largest anomalies in HR1–Amazon (-40.3%) and HR7–

Paraguay (-37.9%). 

• GFDL-ESM4 emphasizes reductions in HR2–Eastern Atlantic (-45.7%) and 

HR10–São Francisco (-32.2%). 

• MIROC6 highlights HR9–Parnaíba (-33.6%) and HR4–Eastern Northeastern 

Atlantic (-28.8%). 

• NorESM2-MM projects major declines in HR1–Amazon (-32.6%) and HR7–

Paraguay (-26.9%). 

• TaiESM1 indicates milder declines, with its highest negative anomaly in HR5–

Southeastern Atlantic (-20.6%). 

 

In contrast, the KACE model diverges markedly from the ensemble, projecting 

positive anomalies across all HRs. Its highest increases are observed in HR4–Eastern 

Northeastern Atlantic (+54.5%), HR2–Eastern Atlantic (+45.9%), and HR10–São Francisco 

(+33.7%). While these optimistic estimates highlight substantial inter-model variability, they 

also underscore the uncertainties inherent in climate-hydrological projections, reinforcing the 

necessity of ensemble-based approaches. 

In terms of hydrographic regions most relevant to the monetary value of irrigated 

agricultural production, the projections also reveal potentially severe reductions in Blue Water 

availability. In the Paraná basin (HR8), GFDL-CM4 projects a decrease of -28.7%, while in 

the São Francisco basin (HR10), GFDL-ESM4 estimates a reduction of -32.2%. Similarly, the 

Southern Atlantic region (HR6) shows a projected decline of -25.8% under GFDL-ESM4.  

These results are consistent with national-scale projections. According to ANA 

(2024), despite substantial uncertainties, the country is expected to experience increasing 

temperatures along with changes in precipitation and evapotranspiration patterns across all 

regions, potentially reshaping the hydrological cycle (Impacto da Mudança Climática nos 

Recursos Hídricos no Brasil, Brasília, 2024). These projected changes further emphasize the 

urgency of integrated climate and water policy strategies that can address region-specific 

vulnerabilities, particularly in the agricultural sector. 

 

3.3 Computable General Equilibrium Model 

3.3.1 Shock vector 

The shock vector was derived by combining results from the econometric model with 

the projected Blue Water anomaly averaged across seven hydrological models for the period 

2015-2099. In this first simulation we only considered one climate change scenario, the SSP2-

4.5. 



12  

In the following table and figure, the negative values indicate a reduction in irrigated 

agricultural productivity, implying that more inputs are required to maintain the same level of 

output. Conversely, positive values reflect improved efficiency, where fewer inputs are 

needed to achieve the same output. 

Overall, most hydrographic regions are projected to experience reductions in irrigated 

agricultural productivity, with values up to -1.69% relative to historical data. A closer model-

by-model inspection highlights the hydrographic regions projected to experience the most 

severe declines in irrigated agricultural productivity: 

• ACCESS-ESM1-5 projects the sharpest drops in HR1–Amazon (-1.67%) and 

HR9–Parnaíba (-1.5%). 

• GFDL-CM4 shows the largest anomalies in HR1–Amazon (-1,49%) and HR7–

Paraguay (-1.4%). 

• GFDL-ESM4 emphasizes reductions in HR2–Eastern Atlantic (-1.69%), 

HR10–São Francisco (-1.19%) and HR1-Amazon (1.19%). 

• MIROC6 highlights HR9–Parnaíba (-1.24%) and HR4–Eastern Northeastern 

Atlantic (-1.06%). 

• NorESM2-MM projects major declines in HR1–Amazon (-1.21%) and HR7–

Paraguay (-0.99%). 

• TaiESM1 indicates milder declines, with its highest negative anomaly in HR5–

Southeastern Atlantic (-0.76%) and HR2-Eastern Atlantic (0.69%). 

 

In hydrographic regions most relevant to the monetary value of irrigated agricultural 

production, the projections also indicate reductions in productivity. In the Paraná basin (HR8), 

GFDL-CM4 projects a decline of -1.06%, in the São Francisco basin (HR10), GFDL-ESM4 

estimates reductions of -1.19%, while in the Southern Atlantic region (HR6), GFDL-ESM4 

projecting decreases of -0.95%.  

The general pattern suggests that water stress, reflected in reduced Blue Water 

availability, may adversely affect irrigated agriculture in most Brazilian hydrographic regions. 

The divergence among climate-hydrological models also underscores the uncertainty inherent 

in future water–climate dynamics, reinforcing the value of multi-model ensemble approaches 

for informing climate adaptation and water resource management strategies. 

 

3.3.2 Results 

This section addresses the following question: What would have been the 

macroeconomic impact on Brazil’s national GDP in 2015 if the average reduction in Blue 

Water availability – projected under the SSP2-4.5 climate scenario (2015–2099) – had already 

influenced irrigated agricultural productivity, accounting for model-related uncertainties? 

Table 9 presents the simulated percentage changes in Brazil’s key macroeconomic 

aggregates under seven distinct hydrological model simulations. The results reflect the 

economic consequences of a productivity shock in irrigated agriculture, driven by anomalous 

Blue Water availability conditions. 

 

Table 9 - Real GDP expenditure side: change (%) — results from7 hydrological models 

Description 

access-

esm1-5 

gfdl-

cm4 

gfdl-

esm4 kace miroc6 

noresm2-

mm taiesm1 

Real GDP from expenditure side -0,0487 -0,0703 -0,0621 0,0647 -0,0448 -0,0450 -0,0063 

Real household consumption -0,0173 -0,0253 -0,0228 0,0247 -0,0164 -0,0154 -0,0025 

Aggregate real regional government demand -0,0192 -0,0178 -0,0168 0,0147 -0,0158 -0,0122 -0,0049 

Aggregate real federal government demand -0,0062 -0,0091 -0,0082 0,0087 -0,0058 -0,0057 -0,0010 

Aggregate real investment expenditure 0,0000 0,0000 0,0000 0,0000 0,0000 0,0000 0,0000 
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Export volume -0,3129 -0,4478 -0,3921 0,4041 -0,2835 -0,2911 -0,0384 

Import volume -0,0261 -0,0353 -0,0311 0,0320 -0,0221 -0,0232 -0,0027 

Aggregate real inventories 0,0000 0,0000 0,0000 0,0000 0,0000 0,0000 0,0000 

Source: elaborated by the authors.               

 

On average, Brazil’s real GDP is estimated to decline by approximately 0.03%, 

representing a reduction of USD 54 billion (2015)9, under the simulated climate-induced 

water stress scenario, accounting for both direct and economy-wide effects. This result also 

reflects the aggregated propagation of local hydrological disruptions through intersectoral 

linkages and macroeconomic flows. The most substantial driver of GDP contraction is the 

decrease in export volume, which in average up to -0.19%. This highlights the structural 

vulnerability of Brazil’s water-intensive, export-dependent sectors – particularly irrigated 

agriculture and agro-industrial supply chains – to shifts in water availability under climate 

pressure. 

Other GDP components – real household consumption, real regional and federal 

government demand, and import volume – exhibit negative variations. Notably, given the 

short-run closure adopted in this simulation, aggregate real investment remains fixed, 

consistent with the assumption of an unchanged capital stock over the analysis period.  

The results presented in table 10 show the simulated effects of Blue Water anomalies 

on nominal GDP, assessed through the income-side decomposition. The average decline in 

nominal GDP was -0.03% reflecting the aggregate effect of reduced economic activity due to 

water stress on factor incomes and government revenues. 

The most pronounced contraction occurs in aggregate payments to capital, which 

declined by up to -0.06%. This outcome reflects the high sensitivity of returns to capital in 

water-intensive sectors – particularly those linked to irrigated agriculture and agro-industrial 

production chains – to hydrological stress. In contrast, labor income decreases are more 

modest (-0.02%), suggesting that employment and wage responses, while present, exhibit 

lower elasticity in the short run relative to capital. 

In addition, both indirect tax revenues and other cost ticket payments (e.g., royalties 

and service fees) show small reductions, indicating a potential indirect fiscal impact through 

contraction on the tax base, especially in scenarios involving diminished output and trade 

activity. 

These results underscore how environmental stressors such as water scarcity can 

directly impair income-generation mechanisms within the economic system. Beyond reducing 

overall value added, such constraints alter income distribution – disproportionately affecting 

capital-intensive sectors and thereby reinforcing structural vulnerabilities in water-dependent 

production systems. 

The percentage change in employment by industry across 67 economic sectors, 

simulated under seven distinct hydrological models, reveals the most significant employment 

on average reductions are observed in sectors S01-Agriculture, including support (0.21%), 

S12-Tobacco products (-0.16%), S20-Biofuels (-0.09%) and S09-Refined sugar (-0.08%). 

These sectors, likely tied to agriculture, food processing, and other climate-sensitive activities, 

are particularly exposed to hydrological shocks. While some industries display slightly 

positive responses under specific models (e.g., kace or taiesm1), the overall pattern is 

dominated by employment losses. These findings underscore the asymmetric and sector-

specific labor market consequences of climate change and emphasize the need for targeted, 

climate-resilient labor policies to promote a just transition. 

To deepen the understanding of these dynamics, it is necessary to explore the regional 

 
9 Brazil’s GDP in 2015 was USD 1,802 trillion (World Development Indicators). 
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effects of Blue Water anomalies on the economy. This allows for a more nuanced assessment 

of how regional water stress propagates through economic linkages at multiple spatial scales. 

The simulation results reveal notable spatial heterogeneity in the economic impacts of 

reduced Blue Water availability, expressed as percentage changes in Gross Regional Product 

(GRP). Considering the mean between the seven hydrological models, three regions stand out 

with the most severe economic contractions: HR1-Amazon (-0.16% on average), HR7-

Paraguay (HR7, -0.12%) and HR9-Parnaíba (HR9, -0.08%).  

In hydrographic regions most relevant to the monetary value of irrigated agricultural 

production, the projections indicate potentially reductions in GRP: HR8-Paraná (-0.08%), 

HR10-São Francisco (-0.03%), and HR6-Southern Atlantic (-0.03%). 

The interregional distribution matrix further reveals that the economic effects of Blue 

Water anomalies extend beyond the regions directly experiencing the strongest shocks. Based 

on simulations using the MIROC_6 hydrological model – which produced Real GDP impacts 

closest to the multi-model mean – these spillovers reach up to -0.18%. This result shows the 

high degree of economic interconnectedness among Brazil’s hydrographic regions.  

Interregional trade, labor and capital mobility, and supply chain integration function as 

key transmission mechanisms through which local water-related shocks can propagate beyond 

their point of origin. These systemic interdependencies highlight the importance of assessing 

water stress not only through localized impacts but also by considering broader spillover 

effects, particularly when designing adaptation and resilience strategies in water-dependent 

sectors such as irrigated agriculture. 

The largest interregional effects are associated with shocks originating in HR5–

Southeastern Atlantic, HR7–Paraguay, HR4–Northeastern Atlantic – Eastern, HR10–São 

Francisco and HR6–Southern Atlantic, with spillovers ranging from -0.002% to -0.001%.  

These findings illustrate how biophysical constraints in one region can cascade 

through the broader economic system, reinforcing the systemic vulnerability of water-

dependent economies. They also emphasize the embeddedness of ecological processes within 

macroeconomic performance, as hydrological risks influence not only the distribution of 

economic output but also the spatial dynamics of economic resilience. Further development 

about the treatment of uncertainties and integration of B-MARIA-12RH and MTRH-SHS will 

take place in the upcoming stages of the investigation. 

 

4 Discussion 

Irrigation has traditionally functioned as a fallback—or "Plan B"—in response to 

droughts and rainfall deficits. However, with the increasing frequency and intensity of 

hydrological anomalies under changing climate conditions, reliance on irrigation has grown. 

The twin pressures of rising demand for Blue Water and reduced availability due to climatic 

extremes pose significant risks to water security. These risks extend beyond the agricultural 

sector: given the central role of irrigated crops in the Brazilian diet, shocks to irrigation 

capacity may contribute to food price inflation, thereby endangering food and nutritional 

security. 

Modeling results presented in this study reinforce the macroeconomic relevance of 

these risks. On average, Brazil’s real GDP is estimated to decline by approximately -0.03%, 

equivalent to USD 54 billion (2015), under the simulated climate-induced water stress 

scenario. This average impact masks significant regional heterogeneity and sector-specific 

vulnerabilities. The contraction in GDP is largely driven by a projected decline in export 

volumes, averaging up to -0.19%, and a reduction in aggregate capital income of up to -

0.06%, disproportionately affecting capital-intensive sectors. These dynamics expose 

structural weaknesses in Brazil’s water-dependent production systems, particularly in sectors 

with high irrigation reliance. 
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Labor market effects also reflect the asymmetric transmission of hydrological shocks. 

Simulations across 67 economic sectors and seven distinct hydrological models show that 

average employment losses are most pronounced in S01-Agriculture, including support 

services (-0.21%), S12-Tobacco products (-0.16%), S20-Biofuels (-0.09%), and S09-Refined 

sugar (-0.08%). 

Regionally, the most severe GDP contractions were observed in HR1-Amazon (-

0.16%), HR7-Paraguay (-0.12%), and HR9-Parnaíba (-0.08%). Moreover, hydrographic 

regions central to irrigated agricultural output – such as HR10-São Francisco (-0.03%), HR8-

Paraná (-0.08%), and HR6-Southern Atlantic (-0.03%) – also experience noteworthy 

reductions in gross regional product (GRP), signaling critical vulnerabilities in irrigation-

dependent territories. 

In this context, there is a growing need to better understand the role of insurance 

mechanisms in mitigating the economic impacts of drought-related irrigation failures. 

Insurance policies could serve as a critical tool not only for compensating local direct losses 

but also for covering indirect and interregional spillover effects – such as price transmission, 

supply chain disruptions, and regional income shocks. This broader scope raises important 

questions about who would be willing to insure against such extended losses and how these 

risk pools could be structured.  

Uncertainty plays a central role in both the design and uptake of such insurance 

schemes. Uncertainties related to climate variability, the spatial distribution of drought 

impacts, hydrological modeling, and even the effectiveness of irrigation infrastructure 

challenge the predictive capacity of risk models and complicate premium pricing. As such, 

improved treatment of uncertainty – through probabilistic modeling, ensemble climate 

projections, and better coupling between economic and hydrological models – will be 

essential to the design of effective insurance instruments. 
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