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1 Introduction

This supplemental document contains details of data pre-processing and provides additional visual aids for the main manuscripts.

Readers might benefit from further details on how crop yield data were obtained and processed and further evaluation of the

different crop yield datasets used.

2 Crop yield data5

Data from Brazilian Institute of Geography and Statistics

Crop yield data is a crucial component in understanding the impacts of climate on food production. Crop yields are generally

made available at the municipality level. In Brazil, the Brazilian Institute of Geography and Statistics (IBGE) and state agencies

collect agricultural data using surveys, interviews, and expert elicitation to create an annual database for more than 40 crops

at the municipal level (de Geografia e Estatística, 2022). The raw data from IBGE can be assessed in the Multidimensional10

Statistics Database (BME). One of the main challenges of this dataset is that data represents annual statistics and does not

represent different cycles. The double cropping system is widely adopted in the study area, therefore representing a potential

bottleneck. However, IBGE has started to collect maize in the first and second cycles since 2003. This matches the period when

maize’s second cycle is intensified in Brazil.

Data from Parana state statistical yearbooks15

The Department of Rural Economy (Deral) of the Paraná state, Brazil, is also responsible for collecting crop data at the

municipal level. The method of collecting and processing data is similar to what is done by IBGE; therefore, a high level of

redundancy is expected from these two datasets. This redundancy is important to validate data and remove outliers that might

reduce the quality of a model. The same number of municipalities selected using IBGE data was used in data from Deral. This

dataset is derived from the Gross Value of Production, derived from the price and the quantity of production of 30 crops.20
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Global dataset of historical yields (GDHY)

The Global Dataset of Historical Yields is a global annual time series of 0.5 º grid-cell estimates for maize, rice, wheat, and

soybean from 1981 to 2016. For each grid cell, crop yields are estimated in ton/ha based on Food and Agriculture Organization

(FAO) country-level yield statistics and then corrected using the remote-sensed leaf area index (LAI), the fraction of photo-

synthetically active radiation (FPAR) and crop-specific radiation use efficiency derived from reanalysis. Crop areas and crop25

calendars were derived from Monfreda et al. (2008) and Sacks et al. (2010). More details on the dataset are described in Iizumi

and Sakai (2020) and Iizumi et al. (2014).

The dataset was aggregated to the municipal level using zonal statistics in the terra package (Hijmans, 2023) in R Studio.

In the literature, three major problems have been reported regarding the quality of crop yield data for risk analysis, namely

the presence of outliers, technological trends, and heteroskedasticity. Removal of outliers is a complex problem since we are30

working with extreme events. The definition of an outlier must be carefully taken to eliminate valuable data. According to

Ozaki et al. (2008), soybean and maize crop yield data tend to correlate, considering drought years, present correlation within

approximately 150 km, and, within this range, the normality assumption can be supported. Therefore, for simplification, we

assumed that crop yields within the IBGE’s immediate region are highly correlated, that is, R2 > 0.6 and p-value < 0.05.

Changes in technology in seed production, fertilizers, and land management impact crop yields (Liu and Ker, 2020). This35

effect is well documented in the agronomic literature and increases the averages and leads to changes in non-constant variance,

i.e., heteroskedasticity (Tolhurst and Ker, 2015; Harri et al., 2011). The effect of timely technological adoption and improve-

ments on crop yields was treated in a two-step process as proposed by Zhu et al. (2011), first by removing trends and then

testing and adjusting the heteroskedasticity of the residuals.

In the first step, we tested the presence of monotonic trends using the Mann-Kendall test (Mann, 1945) with the Kendall R40

Package (McLeod, 2022). If the Mann-Kendall indicates a p-value lower than 0.05, the null hypothesis is accepted, and the crop

yield series is considered to have a monotonic trend that must be corrected. We choose the Local Polynomial Regression Fitting

(LOESS) (Cleveland et al., 2017) to model crop yields yt at the year t. The residuals ϵt are considered to be the detrended crop

yields.

We tested heteroskedasticity in the data using the Pagan-Breusch test (Breusch and Pagan, 1979). If the p-value of the test45

is lower than 0.05, then the null hypothesis is rejected, and the yield series is considered heteroskedastic. We compute the

normalized residuals ynt for two cases in this case. The first case is when the errors are proportional to the yield level. Then, we

obtain the ynt considering the proportional error εt, calculated by dividing the error term from the LOESS prediction function

ϵt by the yield predicted by the function. Lastly, the proportional errors are multiplied by the yields observed in 2021. With

this procedure, the past yields are expressed in terms of 2010 technology. Otherwise, when the residuals are not proportional50

to the yield levels, ynt is calculated by adding 2010 yields to the residuals of the LOESS prediction function.

After obtaining a consistent time series corrected for outliers, trends, and heteroskedasticity, the next step is adjusting for a

distribution function. Statistical modeling of crop yields is relevant for risk management because we do not have a time series

long enough to empirically evaluate risk (Liu and Ker, 2020) empirically. Several parametric and nonparametric distribution

functions have been proposed to model crop yields (Ozaki et al., 2008). We selected the gamma distribution because it allows55
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one to simulate positive and negative skewness. The flexibility to assume different shapes according to the parameters c(α,β),

the shape and rate parameters, respectively. For the gamma distribution, when α is greater than 1, the distribution is skewed to

the right, that is, skewed towards higher crop yields. Otherwise, the distribution is skewed towards lower yields.

To eliminate potential outliers, we excluded values considering each year and state. The hypothesis of high correlation of

crop yields within studied regions was confirmed for the Soybean (Fig. SS1) and Maize (Fig SS2) data, indicating that this60

strategy is adequate. Since soybeans have a longer record, the correlations were more stable in the immediate regions and

tended to have higher values.

Figure S1. Spatial correlation of municipal soybean crop yields for eath dataset, IBGE, Deral and GDHY
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Figure S2. Spatial correlation of municipal maize crop yields for eath dataset, IBGE, Deral and GDHY

The comparison of the datasets used in this study is vital to evaluate the reliability of the data. High-quality crop yield

data improves calibration of crop growth models (Rosenzweig et al., 2014). However, they have a broader application in

geosciences. Crop yield data is used to parameterize watershed hydrological models, especially in agricultural catchments, and65

improves the simulation of soil moisture (Sinnathamby et al., 2017). For water resources management, using higher quality

crop yield data has improved global knowledge on the water-food-energy nexus (Ai and Hanasaki, 2023; Wang et al., 2023).

We compared crop yields at the municipal level in Brazil. As observed in Figures S3 and S4, IBGE and Parná Deral data

for soybeans and maize are highly correlated; however, outliers were detected in both datasets. The outlier removal process

improved the agreement between the two datasets, suggesting that eliminating data improved the dataset’s quality. Since Deral70

is only available in Paraná, for the other states of Brazil, only GDHY and IBGE were compared. The global dataset of historical

yields aggregated at the municipal level has a weak association with the other datasets. This result confirms what was reported

by Iizumi et al. (2014). The GDHY is based on satellite data collected from a fixed cropland map. In many regions of Brazil

there is a noticeable increase in croplands, which can influence the estimation of GHDY. Also, the exact location of the planted

area within each municipality can vary from year to year.75
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Figure S3. Correlation analysis of three different datasets for soybean crop yields: (Global dataset of historical yields (yieldgdhy), Brazilian

Institute for Geography and Statistics (yieldIBGE), and Paraná Department of Rural Economy (yieldPR)
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Figure S4. Correlation analysis of three different datasets for maize second cycle crop yields: (Global dataset of historical yields (yieldgdhy),

Brazilian Institute for Geography and Statistics (yieldIBGE), and Paraná Department of Rural Economy (yieldPR)

In order to evaluate risk, testing and removing trends is a fundamental step to remove the effects of technology advances

on the data (Harri et al., 2011). The Mann-Kendall trend analysis of soybean and maize yields for Brazilian municipalities

considering three datasets unveiled a consistent pattern of trends. Data for all municipalities in our study presented significant

positive monotonic trends considering p values less than 0.05. For maize, on the other hand, significant positive monotonic

trends were observed in the majority of municipalities. However, they were not universally present in the states of MS, GO,80

SP, and MG in the IBGE dataset. The lack of trends can be attributed to a limitation of the dataset, particularly related to not

having long-term data for the second maize cycle.

Since most data presented positive trends, we applied a LOESS model for all the municipalities. The residuals of the LOESS

models were then tested for heteroscedasticity. Other studies evaluated the presence of heteroscedasticity in crop yield data,
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Vicente (2004) was tested using the Brazilian agricultural census 1995/1996, Ozaki et al. (2008) for soybean, maize, and wheat85

in Paraná, and RODRIGUES et al. (2013) at farm-level studies in São Paulo.

The presence of heteroscedasticity represents systematic changes in crop yield data Yang et al. (1992) and to the best of our

knowledge, this is the first study that considers and evaluates spatial characteristics of heteroscedasticity of municipal level in

the long term.

Figure S5. Heteroskedasticity Test Results for soybean crop yields in Brazilian Municipalities

Figure S6. Heteroskedasticity Test Results for maize crop yields in Brazilian Municipalities
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3 Crop yield risk monitoring90

To illustrate the relationship between extreme climate impacts on food production and climate indices, we highlight the main

loss events from 1997 to 2021 in the study area in Figure S7. Several distinct periods of crop yield losses emerged during the

study period, which required further analysis. The notable events among these were 2010 for soybeans, with an average of 16%

of crop yield losses, and 2021 for maize, with an average of 40%, which impacted agricultural productivity in the region.

The patterns of crop yield losses observed in the region raise two main concerns. The first is that the severe crop yield losses95

presented in the previous examples have happened only once in the entire time series, representing an imbalance in the values

of the data set. One implication of this situation is that models might not have sufficient cases of severe failure to be trained

adequately and might underestimate losses. The second concern is related to the decision of what to do with these anomalous

events. Possible solutions are to use it for training, testing, or removing it from the dataset. We opted to maintain these events

in the analysis with the warning that this might interfere with model performance. However, we wanted to evaluate the ability100

of the model to predict unprecedented loss events.
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Figure S7. Temporal Variation of Soybean Crop Yields Across Risk Classes for IBGE, Deral and GDHY Datasets. The year-to-year distri-

bution of crop yields is categorized into four risk classes: ’Normal,’ ’Moderate,’ ’Severe,’ and ’Extreme.’
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Figure S8. Temporal Variation of Maize Crop Yields Across Risk Classes for IBGE, Deral and GDHY Datasets. The year-to-year distribution

of crop yields is categorized into four risk classes: ’Normal,’ ’Moderate,’ ’Severe,’ and ’Extreme.’
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