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Agricultural drought stress forecasting across different
biomes in Brazil using machine learning

1. Abstract

Drought events across Brazil have become more common in recent years. The northeast,
marked by the dry semi-arid Caatinga biome, experiences the most extreme drought events,
which can have a large impact on economic productivity including disruptions to energy and
transport infrastructure as well as agricultural losses. However, droughts are an issue across
Brazil and can have significant effects on vegetation across the six biomes which make up
the country. Drought stress, defined by a reduction in the vegetation health index (VHI)
below the 40% threshold is indicative of significant crop yield reductions. Here we evaluate
monthly forecasted reductions in VHI below the 40% threshold using machine learning. We
then use the results to understand how climatological features influence drought stress in
each biome. This is achieved through a combination of Empirical Orthogonal Function (EOF)
analysis, Shapley plots, and correlation analysis of predicted spatial trends. We observe
distinct behaviour in the Caatinga biome which is rooted in its unique regional climate
patterns and physical geography. For other biomes, VHI, RZSM and precipitation are less
strongly linked; however high inertia in VHI allows for high forecast performance. The
findings strongly imply that drought forecasting models should treat Northeast Brazil as a
distinct system, training models specifically for this region to improve the prediction accuracy
of vegetation health and integrated drought indices.

2. Introduction

In recent years, drought episodes have become increasingly frequent across Brazil. The
Northeast, marked by its semi-arid climate and the Caatinga biome, is the most severely
affected by extreme droughts, which can significantly undermine economic productivity—
leading to agricultural losses and disruptions in energy and transportation systems (Cunha
et al., 2019). Drought stress impacts in Northeast Brazil have been reported since the
sixteenth century (Marengo et al., 2017). For example, drought in 1997—-1998 resulted in
agricultural losses of 57% with the total economic damage estimated to be 5% of the regions
GDP (Marengo et al., 2017). Agriculture in northeast Brazil is both important and vulnerable
to drought impacts. The region has 7.8 M ha of agricultural lands with a share of 6-13% of
the Brazilian production of soybean, maize, coffee, sugarcane, milk and beef. However, 95%
of farmed land consists of rainfed agriculture, with a lack of irrigation increasing vulnerability
to drought impacts (Marengo et al., 2022).

Many studies have been conducted on droughts in Northeast Brazil (Marengo et al., 2022,
Cunha et al., 2019, Marengo et al., 2017, Lopes Ribeiro et al., 2021, Gallear et al., 2025).
Previous drought monitoring studies estimated soil moisture trends in the region (Zeri et al.,
2022). They found that soil moisture anomaly (SMA) and standardized precipitation index
(SPI), showed a lagged correlation of 1 to 1.5 months in the annual scale with vegetation
health index (VHI), suggesting that negative trends in SMA and SPI can be an early warning
for yield losses (approximated by vegetation health) during the growing season. Gallear et
al. (2025) built on this work by showing high correlations between soil moisture, SPEI and
precipitation with a one-month time delay.
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However, drought impacts are not limited to the northeast region of Brazil. Most recently,
severe drought in Amazonia saw precipitation deficits of the order of 50 to 100 mm/month
and temperatures 3°C greater than normal, leading to reduced evapotranspiration and soil
moisture indicators (Marengo et al., 2024). In the west, drought has also impacted the
Pantanal wetland biome. During the period of 2019 — 2020, a lack of precipitation caused by
predominance of warm dry air masses from subtropical latitudes led to reduced river levels
which subsequently affected transport systems (Marengo et al., 2021, Ferreira Barbosa et
al., 2022). Droughts have also impacted South Brazil, causing US$ 3.5 billion in soybean
yield losses from 1974 to 2019 (Miyamoto, 2024).

Here, we build on the work of Zeri et al. (2022) and Gallear et al. (2025) to determine how
variations in climate across the six biomes of Brazil affect the probability of agricultural
drought stress, and the propagation from meteorological variables to agricultural drought
stress. Machine learning models are trained to forecast agricultural drought for each biome
and the results are analysed to extract the importance of different predictors and study
spatial-temporal variations. Further contextual analyses are performed using Principal
Component Analysis (PCA, also referred to as Empirical Orthogonal Function or EOF
analysis) and simple linear correlations to help interpret the results.

We seek to answer the following research questions:

1. How may monthly agricultural drought stress forecast model performance vary
across Brazil's six biomes?

2. How does monthly propagation from meteorological variation to agricultural drought
stress vary across Brazil

3. How does variation between biomes in Brazil affect probability of agricultural drought
stress?

3. Methodology

3.1. Study regions

Figure 1 shows the biomes used to separate the data used in this study, the soybean
harvested area in relation to biome boundaries and the cropping calendar with planting and
harvesting periods of soybean for the different regions of Brazil.
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Figure 1. (a) Each biome of Brazil: Atlantic Forest, Amazonia, Caatinga, Cerrado, Pampa

and Pantanal. (b) Soybean harvested area, data from CROPGRIDS dataset (Tang et al.,
2024). (c) Growing season calendar for regions of Brazil (BOPAR, 2025).

The Caatinga biome averages an annual rainfall below 800 mm per year (Alvares et al.,
2013). This, combined with high evapotranspiration rates (exceeding 2500 mm yr') (Lopes
Ribeiro et al., 2021) contributes to reduced water availability and a very limited storage
capacity of rivers which are mostly intermittent (Lopes Ribeiro et al., 2021). Furthermore,
Caatinga soils are generally shallow (0-50 cm) meaning limited soil moisture storage
capacity (Cirilo, 2008). Annual precipitation in the Cerrado varies between 600—2200 mm, it
is the second largest biome with wettest regions bordering the amazon and driest regions
close to the Caatinga biome. Amazonia is the largest biome, mainly characterized by
rainforest areas and an equatorial climate, with daily mean temperatures ranging from 22-28
°C. Torrential rains are distributed throughout the year (Lopes Ribeiro et al., 2021). The
Pantanal is the smallest biome in Brazil; however, it is one of the world's largest wetlands
(Marengo et al., 2021, Lopes Ribeiro et al., 2021). The Pantanal acts as a large reservoir,
causing a lag of up to 5 months between inflows and outflows; summer rains determine the
flooding seasons, being between November and March in the north and May and August in
the south (Marengo et al., 2021). The Atlantic Forest is the biome which includes the major
urban centres of S&o Paulo and Rio de Janeiro. The Atlantic Forest is extremely
heterogenous in composition, spanning from 4°-32° S and covers a wide range of climates
and vegetation formations. Elevation ranges from sea level to 2900 m and there can be
abrupt changes in rainfall, soil moisture, depth, and type as well as average air temperature
(Tabarelli et al., 2005). The Pampa biome located in South Brazil has a wet subtropical
climate, characterized by high precipitation throughout the year with hot summers and cold
winters, and mostly consists of grasslands with some small patches of forest (Lopes Ribeiro
et al., 2021, Overbeck et al., 2007).
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Agricultural land is unevenly distributed across each biome with large areas of soybean
farmland found in the Cerrado biome and the boundary between the Atlantic Forest and
Pampa biomes. The boundary between Cerrado and the southern part of the Amazonia
biome also shows large areas of expanding soybean producing land which has been shown
to be of ecological concern (Song et al., 2021, Barona et al., 2010). Unlike the previous
study by Gallear et al. (2025), the soybean growing area is not used to filter
agrometeorological data to exclude grid cells without significant soybean farming activity.
This decision was made to ensure inclusion of areas which may be used by small holder
farmers in the analysis and to minimise bias of region selection towards large industrial scale
farms. Although there are some changes in planting windows between the regions, October
to December is the common planting window across all five regions in Figure 1 (c). For this
reason, October to December are the most important months for risk to agricultural
productivity, particularly because soybean exports are a significant driver of economic
growth for the Brazilian economy (Cattelan and Dall’Agnol, 2018). Therefore, some analysis
of model forecast performance should focus on this period of months.

3.2. Data

Data used in this study were either obtained from satellite products such as the Climate
Hazards Center Infrared Precipitation with Station data (CHIRPS) (Funk et al., 2015) or from
reanalysis data (such as ECMWF’s ERA5 (Hersbach, 2023)) (Table 1). Table 1 shows the
data sources with the abbreviations used henceforth throughout the text. The variables of
interest are derived from the data sources described in Table 1 at the 0.25°grid scale across
all biomes shown in Figure 1. The variables were split into separate datasets according to
biome with a separate model trained on each. Each grid cell in the dataset is a time series of
months running from February 2003 to December 2021. 2 metre Temperature (2m),
potential evaporation (pev), and longwave radiation (longrad) data was obtained from the
monthly averaged ERAS reanalysis database. The reason for including these three variables
in the model input data is to capture temperature effects which may result in drought
conditions. T2m is defined as temperature two metres above the surface of the land,
Potential evaporation (pev) is defined as a measure of the extent to which the near surface
atmospheric conditions are conducive to evaporation, and mean surface downward
longwave radiation flux (longrad) is included to capture potential heat effects. ERAS is a
reanalysis database which combines climate model data with observations using data
assimilation to provide better estimates of meteorological variables at the grid scale
(Hersbach, 2023).
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Table 1. Variables used in this study with data sources and abbreviations used
throughout the text.

Variable (units) Abbreviation Source Usage
Precipitation Precip CHIRPS Feature
(mm/month)

2 metre T2M ERA5 Feature
temperature (K)

Potential pev ERA5 Feature

evaporation (kg m-

?)

Mean surface longrad ERAS5 Feature
downward long-

wave radiation flux

(W m?)

Root Zone Soil RZSM NASA GRACE Feature

Moisture (%)

Vegetation health  VHI NOAA STAR Next month's value used

index (%) to derive dependent
variable

Standardized SPEI Calculated from Feature

evapotranspiration CHIRPS

-precipitation index precipitation data

(Unitless) and ERAS data

3.3. Vegetation health index (VHI)

The vegetation health index (VHI) is a satellite-based proxy for estimating vegetation health,
with values below 40% representing stress conditions. The VHI is a weighted sum of the
vegetation condition index (VCI) and the temperature condition index (TCl), determined
through the following formulae:

100(NDVI — NDVI,,;,) )
" NDVIyax — NDVIin 1)

100(BT . — BT)
— max #(2)
BTmaX - BTmin

VHI = oVCI + (1 — )TCI#(3)

where BT is the brightness temperature recorded from a thermal sensor, max/min
represents the maximum and minimum values of a variable over the study period and «a is a
fixed coefficient used to determine the relative contribution of VCI and TCI to VHI. NDVI is
the normalized Difference Vegetation Index. The VHI data is obtained from the NOAA STAR
satellite-based vegetation health system based on the Advanced Very High Resolution
Radiometer (AVHRR) found on NOAA polar orbiting satellites (Kogan, 1997). The data is
upscaled from 0.036° to 0.25 spatial resolution.
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3.4. Root Zone Soil Moisture (RZSM)

Root Zone Soil Moisture (RZSM) is used to determine the propagation of meteorological
drought to soil moisture drought affecting plants (Gallear et al., 2025). Root zone refers to
the top metre of soil, and RZSM is estimated using the NASA GRACE satellite (Li et al.,
2019). The NASA GRACE satellite data are based on two satellites which record changes in
the earth's gravity field caused by the redistribution of water. Similar to the previous study
(Gallear et al., 2025), RZSM is averaged from weekly to monthly timescales to align with
monthly vegetation health index data.

3.5. Total monthly Precipitation (Precip)

Precipitation data is obtained from the Climate Hazards Group Infrared precipitation with
station data (CHIRPS) database (Funk et al., 2015). CHIRPS is a dataset which combines
satellite data with in-situ measurements to provide a gridded dataset which has been used in

many large-scale studies such as (Gallear et al., 2025, Lees et al., 2022, de Oliveira - Junior
et al., 2021).

3.6. Standardized Precipitation-evapotranspiration Index (SPEI)

Standardised precipitation index (SPI) is the most widely adopted metric for monitoring
meteorological drought (Svoboda and Fuchs, 2017). It's a measure of the precipitation
relative to the climatology for that specific location and time of year. SPEI builds upon SPI by
integrating potential evapotranspiration (PET) data to calculate a climatic water balance
using the difference between precipitation and PET (Vicente-Serrano et al., 2010). In this
study, daily PET is estimated using the Penman-Monteith method, as recommended by the
United Nations’ Food and Agriculture Organisation, and subtracted from the daily
precipitation to calculate the climatic water balance (Allen et al., 1998). The climatic water
balance is aggregated over running 30-, 60- and 90-day periods, with each then fitted to a
log-logistic distribution to calculate daily standardised values, which were then used to
calculate the SPEI (Vicente-Serrano et al., 2010). Daily SPEI values were finally averaged
over monthly periods to get one, two- and three-month SPEI values used in this study. The
base period used for this dataset to define the climatology is 1995-2014, reflecting the IPCC
ARG base period (IPCC, 2021). We used SPEI in this work rather than SPI due to stronger
monthly correlations with VHI at the grid scale across Brazil, particularly in the Northeast
Caatinga and central Midwest regions, and at shorter accumulation periods (Gallear et al.,
2025).

3.7. Definition of drought stress

The accepted VHI threshold to signify serious drought stress on vegetation is 40%, this
threshold has been applied globally (Kogan et al., 2013). This threshold stems from
reductions in VCI and TCI being indicative of reductions in maize yield of more than 50%
(Kogan, 1997). This value is therefore used to issue drought warnings and so can be
interpreted as the threshold at which meteorological drought propagates to impact
vegetation health to which we infer agricultural impacts such as yield losses (Kogan et al.,
2013, Kogan, 1997, Gidey et al., 2018, Kloos et al., 2021, Dalezios et al., 2014).

This absolute definition of drought stress (rather than a relative value based on the
distribution of VHI at each biome) leads to thresholds at different extremities of each dataset.
Figure 2 shows the location of the threshold in relation to the monthly VHI distribution for
each of the biomes. Most important to note is that the threshold of drought stress is closest
to the median value of VHI for the Caatinga biome. This means that the ratio of drought to
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non-drought cases is most equal in the Caatinga, meaning that drought occurs nearly half of
all instances in this biome.
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Figure 2. Spatio-temporal distributions of monthly VHI for each biome across both time
and space showing the threshold value (40%) as a red vertical line through each
histogram (a-f). The ratio of drought to non-drought cases across the spatio-temporal
distribution of VHI for each biome is shown in the top right corner of each panel with
drought being defined by the values which fall below the 40% threshold.

The position of the 40% threshold in relation to each biome results in differing proportions of
drought cases in each biome. The drought to non-drought ratio is highest in Caatinga (0.48),
with the second highest ratio (Cerrado) being half that of the Caatinga (0.24). Amazonia and
Pantanal jointly have the lowest drought to non-drought ratios.

3.8. Machine Learning methods

Following Gallear et al. (2025), we used a random forest method to forecast the probability
of drought stress for the subsequent month (defined as mean monthly VHI being below
40%). Random forest is an ensemble method first developed by (Breiman, 2001). The
method partitions data into subsets based on conditions at each leaf node of the tree.
Random forest constructs a specified number of trees then averages the result of each
individual tree (Marsland, 2011, Breiman, 2001). There are several advantages to using tree-
based methods over more complex ones such as neural networks, the main advantages
being better interpretability, greater robustness to outliers, and simpler calibration (Delerce et
al., 2016, Gallear, 2023).

Spatial and per biome model validation was undertaken using a leave-one-out approach in
which each model is trained and tested successively with a leave-one-year-out approach,
The test scores from each set are then used to produce the distribution of test scores shown
in Figure 3. This is done to provide a better overall estimate of model performance and an
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estimate of model stability across different training and testing datasets. Hyperparameters
were left at default values to reduce risk of over-tuning and provide a more general estimate
of model performance. A year-based train and test split prevents spatial information leakage
from training to testing set. Forecast model performance is evaluated using several
classification metrics. We use accuracy, recall, precision, F1 score as well as True positive
rate and false positive rate. F1 score is the harmonic mean of precision and recall; this is
especially important for the grid cell level evaluation which contains many imbalanced grid
cells with much fewer drought instances than non-drought instances. These metrics are
defined by the following formulae:

TP + TN
TP + TN + FP + FN

Accuracy =

#(4)

Precision = L #(5
rec151on—TP_}_FP (5)

Recall= —© 46
ecall = 57N #(0)

Fle 2 X Precion X Recall# 7
"~ precision + Recall )

Where TP is true positives, TN is true negatives, FP is false positives, and FN is false
negatives.

To determine the effect of changing the drought definition threshold on model performance,
for each biome we produce Receiver Operating Characteristic (ROC) curves using a range
of drought thresholds. The ROC is a standard technique for summarizing classifier
performance across the trade-offs between true positive and false positive rates (Chawla,
2010). An ROC curve is a line plot of true positive rate versus false positive rate. The greater
the area under the curve, the greater the model performance is relative to incorrectly
forecasting droughts (i.e. The greater the ratio of true positives to false positives). If model
results are plotted as a diagonal line across with a 1-1 ratio of true positives to false positives
this would show the model performance is the same as random chance. ROC curve analysis
was performed using training data from 2003 to 2018 with a testing period of 2018 to 2021.

SHAP (with associated Shapley values) is a feature attribution method used to determine the
contribution of each feature to the model output. SHAP is a computational method which
assigns proportional values to features depending on the influence of each feature on the
prediction (Molnar, 2025). SHAP is computationally expensive and complex and so requires
approximations and large computational resources (Chen et al., 2023). However, it is also a
model agnostic method which, crucially, considers the influence of correlations between
features (Rodriguez-Pérez and Bajorath, 2020). This is especially important for
meteorological features such as rainfall and solar radiation which will likely be correlated.

3.9. Empirical Orthogonal Function (EOF) analysis

We use EOF analysis to describe how the spatio-temporal patterns of VHI, RZSM and
precipitation may vary, providing indication for the reasons of the variation in forecast model
performance. EOF analysis has been previously applied to climate and agronomic data to
detect and correlate dominant patterns of variability (Challinor et al., 2003). EOF analysis
(also referred to as Principal Component Analysis) reduces a larger set of variables to a new

8
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smaller set of variables which are linear combinations of the original ones, chosen to
represent the maximum possible fraction of the variability contained in the original data. EOF
analysis has the potential for great insights into both the spatial and temporal variations in
the data depending on the nature of the linear combinations which are most effective at
compressing the data (Wilks, 2006).

4. Results

4.1. Classification metrics and model validation

The overall accuracy of the random forest models for each biome is between 0.8 and 1.
Some biomes have a much higher proportion of non-drought cases than others (Figure 2).
Therefore, to gain a full picture of model performance, recall and precision are also shown
per biome and grid cell (Figure 3). Recall and precision are combined into the F1 score
(Equation 7) and is shown with the other metrics in Figure 3. Results from Figure 3 show
increased variability of model performance metrics in Caatinga, but high overall grid cell level
metrics for all biomes across Brazil. High precision and recall mean that models are not
significantly biased towards predicting false positives or false negatives. Greater variability in
recall in the Caatinga biome indicates that in some years, more droughts are incorrectly
forecasted than others. The maps also show that the central Caatinga has a lower recall
score (between 0.6 and 0.4) than the rest of the biome and much of the Cerrado, this
indicates that droughts are overestimated in this location. There is also a marked difference
between model performance in the north of the Amazonia as compared to south Amazonia.
Cross validation shows that median model performance for all metrics is between 0.8 and 1
showing high consistency in model performance across test years.



291

292
293
294
295
296
297
298
299
300

301

10

0.8

o
ES

Accuracy

Precision

o
=

F1 Score

Accuracy
o
@

Precision
(=
>

C
Recall

o
@

o
=
o
IS

04

0.0 0.0 0.0

Figure 3. Accuracy (1.a.) precision (1.b.), recall (1.c.) and f1 score (d) of the random
forest forecast model for predicting stress condition in VHI data 1 month in advance. Test
data is for the last 4 years of the time series (2018 — 2021). Accuracy (2.a.), precision
(2.b.) and recall (2.c.) of random forest models using leave one out cross validation for
each year (2003 — 2021)

Figure 4 shows the monthly consistency of forecast accuracy, recall and precision, allowing
us to determine the usefulness of forecasts throughout the soybean growing season and
contrast this with the rest of the year. Typically, recall, accuracy and precision are consistent
throughout the year regardless of month of forecast, though there are some variability and
anomalous predictions. Dotted vertical lines which represent a typical planting window
across Brazil do not contain significantly different values for model performance than the rest
of the year in most cases (with October in Caatinga being the exception). Model
performance during this planting window tends to be in the upper end of the annual range for
Amazonia, Atlantic Forest, and Pampa, but is in the lower end for Caatinga.

10
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Figure 4. Line plots of model accuracy, recall and precision across each month for the 4-
year test period for the six biomes. Dotted lines show Start of October to December period
which is typically the common period of months for Soybean planting across Brazil.

4.2. ROC curve analysis

ROC curves are here used for determining the effect of changing the drought definition
threshold on the trade-off between the true positive and false positive error rates. Therefore,
we can examine to what extent more extreme definitions of drought can be forecasted using
the same modelling set up for each biome. The greater true positive rate (shown in panel (a)
of Figure 5, along with the larger area under the curve in panel (b) indicate both a higher true
positive rate at lower thresholds and a greater true positive rate in relation to the number of
false positives. panel (a) of Figure 5 shows how the drought threshold of 40% VHI has a
much higher true positive rate for the Caatinga biome than other biomes (80%). Panel (b)
shows how at the same time the ratio of true positives to false positives is also high. This
means that in Caatinga, models can forecast more severe droughts at a greater true positive
rate without incorrectly forecasting more droughts at the same time. Other biomes show very
comparable results in terms of true positive rates at different thresholds, and the ratio of true
positives to false positives at different thresholds. From this we can say that the Caatinga
biome stands out as a biome which is unique in the ability of models to forecast severe
droughts.

11
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Figure 5. (a) Rate of true positives against threshold VHI value for each biome, (b) True
positive rate against False positive rate for each drought threshold value.

4.3. Shapley values and spatial relationships

Shapley values explain how much each feature contributes to the variation in the modelled
forecasts for each biome (Figure 6). Lagged VHI dominates the contribution to model
forecasts across all biomes (ranging from 1.4 to 3 average relative contribution across
biomes). High contribution from VHI indicates the slow inertia of VHI which changes
gradually month to month. The relative contributions of other variables depend on which
biome model forecasts are trained upon. But month of the year (month) and total monthly
precipitation (precip) often make relatively high contributions to model forecasts across
multiple biomes. SPEI often appears in the top four of the features when ordered by
importance for model forecast. Which accumulation period is most important depends on the
biome, with sometimes 90 days and sometimes 30 days being a higher contributing feature.

12
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Figure 6. Shapley plots for each of the six biomes in Brazil.

Figure 7 shows scatter plots of mean drought probability against monthly total precipitation
(a—f) and against RZSM (g-I). Each variable has been averaged over time to produce one
value per grid cell. This allows for an understanding of the potential spatial relationships
between drought and climate for each biome. Precipitation data indicates that the strongest
spatial relationships between average rainfall and probability of drought are for the Caatinga
and Cerrado biomes. The Amazonia biome shows a medium Pearsons correlation
coefficient value (-0.526) however the relationship is not clear by eye. This may be because
the correlation value is heavily influenced by the density of data points in this biome. Other
biomes show much weaker relationships between these two variables. There is a correlation
coefficient of -0.606 between RZSM and drought probability in Caatinga, however other
biomes do not show strong correlations. There is a high degree of confidence in the r values
reported for many of the correlations, this is because the number of data points used for the
correlation is quite high.

The plots clearly show differences in the spatial variability in rainfall across biomes. In
Pampa and Pantanal, the range of rainfall values throughout space is small, whereas in
Cerrado, Caatinga and Amazonia, there are much larger ranges in the precipitation values.
Moreover, these latter biomes also exhibit stronger correlations between average drought
probability and average precipitation. Atlantic forest also has a larger range in precipitation
values across space but shows little relationship between average rainfall and average
drought probability. RZSM values show a similar pattern with lower spatial variability in
Pampa and Pantanal, higher spatial variability in Cerrado, Caatinga and Amazonia, but only
Caatinga shows a strong correlation between spatial RZSM values and average drought
probability.
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Figure 7. Scatter plots of average precipitation (a-f) quantities and RZSM percentages (g-
l) against probability of drought threshold exceedance per grid cell. Data is shown
separately for the 6 biomes of Brazil. Starred r values represent greater than a 95%

degree of

4.4,

confidence.

Empirical Orthogonal Function (EOF) analysis

The EOF analysis provides insights into explaining the differences in drought stress
forecasts across biomes and how propagation of drought can have different spatial
dependencies. Figure 8 shows the results of the analysis for RZSM, precipitation and VHI.
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variable explained by heach EOF.

Dominant patterns of variation among the three satellite product derived variables are
captured by the first EOF modes, with decreasing percentages of variation captured with
increasing EOF mode (Figure 8). EOF 1 for each variable captures a pattern with southern
Brazil (most notably the Pampa biome) varying distinctly from the rest of the country. EOF 2
for each variable captures a clear distinction between north and south. RZSM EOF2 also
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shows a pattern in the amazon distinct from the rest of Brazil. EOF 3 presents a distinction
between northeast Brazil (where the Caatinga biome and parts of the Cerrado are located)
from the rest of Brazil. RZSM, precipitation and VHI show very similar patterns for EOF 3
however there are some very minor differences in the pattern of VHI EOF 3 from the other 2
variables (namely a stronger positive mode in the northeast tip of the Caatinga biome). EOF
4 explains less proportion of the variation for each variable and less similarities are shown
between the three variables for EOF 4. EOF 4 of RZSM and precipitation show similar
patterns of variation in the northeast, this contrasts with EOF 4 of VHI which is quite different
and shows some patterns of variation around the edges of the amazon rainforest in the
south, and east of the Amazonia biome. Further EOFs after 4 would capture less and less
variation of the data however these were not plotted or analysed as the importance of these
EOF modes would be less.

5. Discussion

Overall, accuracy, precision, and recall showed high values (above 0.8) for all biomes. The
Caatinga biome had a lower recall median of around 0.8, but with greater spatial variability,
with lower values in the central and southern parts of the biome. High accuracy and
precision but slightly larger variability in recall in the Caatinga biome indicates that the model
over predicts drought in some cases. Results in this biome merit closer examination as it's
also more susceptible to droughts. For future forecasting work it is important to note the
(Tomasella et al., 2025) study which demonstrated changes in the aridity index towards
more arid conditions in the Caatinga. Future work may seek to understand if longer term
trends towards increased aridity may affect the performance of agricultural drought
forecasts.

When comparing the differences between how each of the biomes affect agricultural drought
stress probability at different thresholds, ROC curve analysis shows a true positive rate of
0.4 to 0.5 at the 40% threshold for all biomes excepted Caatinga, where this rate reaches
0.8. When the true positive rate is 0.4 this results in a very low false positive rate of below
0.1 for all biomes. For the Caatinga 0.8 true positive rate results in a false positive rate of
around 0.2, and so errors are minimised. This indicates that the threshold of 40% is
particularly useful for forecasting drought stress conditions for the next month in this biome.
This result is most likely associated with the characteristics of the Caatinga species, which
are well adapted to long periods without precipitation due to the short rainy season in most
of the region (usually from February to May). Plants in this biome respond quickly to
precipitation pulses and dry spells (Medeiros et al., 2022, Santos e Silva et al., 2024).
Results from other biomes indicate lower drought stress probability at lower thresholds
indicating that more severe droughts are not just less common but also harder to forecast.

Propagation of meteorological drought to agricultural drought is an important question which
could be used for earlier warning of the impacts of drought on crop health depending on
weather forecasts. Here, we show that the relationship between precipitation and agricultural
drought stress probability varies per biome, with some biomes such as the Pantanal showing
no correlation between rainfall and agricultural drought but others such as the Caatinga
showing a much stronger relationship. Strong correlation between rainfall and vegetation
health in the northeast is also shown in (Gallear et al., 2025). Both the results in this study
and the previous, show that drought more easily propagates from meteorological to
agricultural drought in the northeast, this should make it easier to forecast agricultural
drought in this region at longer lead times.
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The Shapley plots show that VHI in the current month is the strongest predictor of drought
stress in the following month. This indicates that VHI does not change significantly from
month to month, capturing the slow progression of plant health. This result supports the
inclusion of VHI in combined drought indices, since it measures a current impact on the
vegetation status and a continuous influence on drought intensity the following month. After
VHI, either precipitation and/or SPEI appear among the first three features in order of
importance, indicating that the water balance components are crucial to assess the
likelihood of that meteorological drought conditions will propagate to agricultural drought the
following month. While precipitation accounts for the input of water, SPEI considers the
balance of precipitation and evapotranspiration, and soil moisture conditions as an indirect
assessment, relative to the climatological average during that time of year. This results in
SPEI being more able to identify longer and more severe droughts than SPI, which has been
shown in multiple studies, especially for arid and semi-arid regions (Tirivarombo et al., 2018,
Mwinjuma et al., 2025, Lotfirad et al., 2022).

Correlation analysis of climate variables and probability of drought shows how the climate of
different biomes can have varying strengths of relationship with probability of drought. RZSM
shows a high correlation with average probability of drought across the Caatinga biome. This
is likely because Caatinga soils are generally shallow (0—50 cm) which limits water infiltration
and storage capacity, hence fluctuations in soil moisture are more likely to have a significant
effect on vegetation health (Lopes Ribeiro et al., 2021). Given previous research which
shows decreasing soil moisture trends across the biome (Lopes Ribeiro et al., 2021), this
may also affect the vegetation health to a greater extent. Precipitation is strongly correlated
with vegetation health both across the Caatinga and Cerrado. Again, shallow soils likely
mean that precipitation takes a more rapid effect on vegetation health in the Caatinga biome.

Spatio-temporal dynamics of climate are indicated by the EOF analysis. This reveals that
modes of variation in VHI, RZSM and precipitation are often correlated on a coarse scale
across Brazil. Most notably, the northeast exhibits specific patterns of variation in VHI,
RZSM and precipitation which are distinct to the rest of Brazil. This can be used to better
understand how drought may propagate in different regions from meteorological drought to
agricultural drought stress. EOF 3 shows common patterns of variation between rainfall,
RZSM and VHI in the northeast, therefore indicating that the chance of propagation in this
region will often be more likely. This finding coincides with higher correlations between
SPEI, RZSM and VHI in the northeast (Gallear et al., 2025) and therefore indicates that
forecasting systems should treat northeast Brazil as a separate system when training
models to forecast VHI or the integrated drought index (IDI) (which uses VHI, SPI, and
RZSM).

We have shown that the impact of meteorological drought varies across biomes. Agricultural
land is unevenly distributed across each biome with large areas of soybean farmland found
in the Cerrado and Pampa regions. Therefore, forecasting would likely be most important for
soybean growth in the Cerrado region. However, most of the Caatinga’s rural population
depends on agriculture (José Maria Cardoso da Silva, 2019). For this reason, it is important
to include regions which may not be so intensely farmed as agricultural drought forecasts
are still relevant and useful to smaller scale farming operations. The analysis of model
performance shows that monthly performance is consistent (despite anomaly of October in
the Caatinga). Therefore, model performance in most biomes can be relied upon for critical
months relevant to the cropping season calendar (with the example of soybean given here in
this study in Figure 1). If future work is to improve the relevance of forecasts for agriculture,
improved skill may be obtained by focusing on specific growing regions where sufficient data
allows for robust monthly model performance.
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6. Conclusions

Model evaluation in this work demonstrates strong performance across all Brazilian biomes,
with accuracy, precision, and recall scores generally exceeding 0.8. However, the Caatinga
biome requires special attention; while median performance is high, it exhibits significant
spatial variability, reflecting its inherent drought susceptibility and greater prediction
uncertainty, a concern underscored by recent studies showing increasing aridity trends
(Tomasella et al., 2025). The most powerful predictor for next-month drought stress is the
current month's Vegetation Health Index (VHI), owing to its slow-changing nature (inertia).
High inertia in VHI allows for high skill forecasting stress for the subsequent month in other
biomes such as Cerrado, Amazonia and Pampa. Strong forecasts are especially important
for the Cerrado where most Soybean farming occurs, an important export for the Brazilian
economy. Water balance components like precipitation, root zone soil moisture (RZSM), and
SPEI are also identified as crucial drivers, with a greater number of droughts forecasted at
more severe thresholds in Brazil’s northeast Caatinga biome.

The distinct behaviour observed in the Caatinga is rooted in its unique regional climate
patterns and physical geography. The biome's characteristically shallow soils limit water
storage capacity, making vegetation health highly and rapidly responsive to changes in
RZSM and precipitation. Large-scale climate analysis confirms that Northeast Brazil
functions as a separate system regarding key climate variables. Therefore, the findings
strongly support that drought forecasting models should treat Northeast Brazil as a distinct
system, training models specifically for this region to improve the prediction accuracy of
vegetation health and integrated drought indices.
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Table 1. Variables used in this study with data sources and abbreviations used
throughout the text.

Variable (units) Abbreviation Source Usage
Precipitation Precip CHIRPS Feature
(mm/month)

2 metre T2M ERA5 Feature
temperature (K)

Potential pev ERA5 Feature

evaporation (kg m-

%)

Mean surface longrad ERAS5 Feature
downward long-

wave radiation flux

(W m?)

Root Zone Soil RZSM NASA GRACE Feature

Moisture (%)

Vegetation health  VHI NOAA STAR Next month's value used

index (%) to derive dependent
variable

Standardized SPEI Calculated from Feature

evapotranspiration CHIRPS

-precipitation index precipitation data

(Unitless) and ERAS5 data
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