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ABSTRACT: Drought is an extreme event that can have a number of impacts on water resources and agricultural produc-
tivity. To mitigate the impacts, many studies have focused on improving drought predictions. As part of this, machine
learning (ML) has emerged as a useful tool for drought identification and prediction, which has been shown to skillfully
predict seasonal-scale droughts. In addition, a subset of drought, termed flash drought, has gained increased attention due
to its rapid development and difficulty to predict. Studies focused on flash droughts have found a number of variables that
accurately characterize their rapidly evolving conditions. However, while much work has been conducted to investigate
flash droughts, limited work has been completed using ML techniques. This study investigated the ability of ML algorithms
to represent and predict flash drought events via two parts. The first part focused on standard ML techniques such as ran-
dom forests, Ada boosting, and support vector machines, while the second part focused on neural-network-based models.
The ML models were trained on a set of key flash drought variables (soil moisture, evaporation, potential evaporation,
temperature, and precipitation). Results showed Ada boosting was the most effective at representing and predicting flash
drought events and was able to learn the climatological hotspots and some of the seasonality for flash droughts. However,
the ML models tended to over rely on a few variables and were biased toward those variables. Additionally, case studies
showed that the ML models struggled to capture the precise timing of flash drought events, resulting in a low skill score for
all the examined ML models.

KEYWORDS: Drought; Atmosphere-land interaction; Classification; Decision trees; Machine learning;
Support vector machines

1. Introduction

Droughts are dry extremes in the hydrologic cycle and can
have profound impacts on a society’s and ecology’s water re-
sources, particularly depending on the level of societal prepared-
ness or ability to mitigate drought impacts. For example, in
regions where drought resistance is not well developed, drought
events have been linked to recent food crises (Dikshit et al.
2020; Krishnamurthy R et al. 2022; Lesk et al. 2022). Even in re-
gions where drought resistance is more developed, drought re-
sults in billions of dollars in damage (Otkin et al. 2016; Dikshit
et al. 2020), exacerbated more by the fact that some regions,
such as the contiguous United States, experience droughts al-
most on a yearly time scale (Peters-Lidard et al. 2021).

An important feature of reducing the impact of drought is the
ability to identify and predict drought occurrence. Drought pre-
diction has evolved into three main types: 1) dynamical methods,
which use physical models and physical processes to estimate

patterns in the hydrologic cycle; 2) statistical methods, which use
statistical correlations between drought indicators and climato-
logical features to predict droughts and include statistical models
such as machine learning; and 3) hybrid methods, which combine
the previous two methods (Hao et al. 2018; AghaKouchak et al.
2022). In the past decade, machine learning (ML) has emerged
as a viable approach to predict drought events due to various
ML techniques’ ability to capture and learn nonlinearities in the
hydrologic and climate systems (Dikshit et al. 2022; Hsieh 2022).
ML approaches in drought prediction have mostly focused on
long-term (seasonal to interannual) drought events, connected
to climatological indices and surface variables to predict
drought-related indices (Dikshit et al. 2022; Ganguli and Reddy
2014; Rhee and Im 2017; Mohamadi et al. 2020; Dikshit and
Pradhan 2021) such as the standardized precipitation index (SPI)
(McKee et al. 1993, 1995), standardized precipitation evapora-
tion index (SPEI) (Vicente-Serrano et al. 2010), and Palmer
drought severity index (PDSI) (Palmer 1965; Wells et al. 2004).
Further, ML approaches traditionally utilized for drought have
included random forests (RFs), boosted tree algorithms, support
vector machines (SVMs) and support vector regressors (SVRs),
and different forms of artificial neural networks (ANNs) (Dikshit
and Pradhan 2021; Dikshit et al. 2022; Zhang et al. 2022).

Another recent emergence in drought research has been that
of rapidly developing drought events, termed flash droughts
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(FDs). Whereas traditional, long-term drought events develop
slowly over a period of months to years, FDs develop over a
short time scale (;3–6 weeks depending on the definition
used), following a period of rapid intensification of drought con-
ditions (Otkin et al. 2018; Christian et al. 2021; Qing et al.
2022). FDs produce additional impacts such as decreased crop
yield, ecosystem stress, and increased fire risk as a result of the
desiccation of the landscape (Christian et al. 2021; Alencar and
Paton 2022; Gavahi et al. 2022). However, FDs have proven dif-
ficult to identify in real time and to predict due to the inherent
nonlinearity in the evaporative feedback with the land surface
during the rapid drying period (Otkin et al. 2018; Christian et al.
2019a, 2021; Osman et al. 2021; Otkin et al. 2021, hereafter O21;
Tyagi et al. 2022), and the ability of FDs to rapidly develop even
from above-normal moisture environments (Basara et al. 2019).
In addition, because of the rapid development of FDs, long-
term drought indicators, such as climate indices and drought in-
dices (e.g., SPI and PDSI), are not as effective as or as strongly
correlated with FD events (Otkin et al. 2018; Lisonbee et al.
2022; Tyagi et al. 2022). As a result, many studies have sought to
increase our understanding of FD events.

While the lack of precipitation is the first-order driver of
drought, recent studies have found that quickly changing land
surface and hydrologic variables are the best indicators and
drivers of FDs. The most prominent hydrologic variables in-
clude soil moisture (SM) (Osman et al. 2021; O21; Alencar
and Paton 2022), evapotranspiration (ET), and potential ET
(PET) (Otkin et al. 2018; Christian et al. 2019b; Tyagi et al.
2022). In addition, air and surface temperature are also key
drivers of FD (Tyagi et al. 2022). To aid the identification of
FD events, numerous new indices have been created to cap-
ture the rapidly developing nature of FD events including the
evaporative drought demand index (EDDI) (Hobbins et al.
2016), the standardized evaporative demand index (SEDI)
(Li et al. 2020), the standardized evaporative stress ratio
(SESR) (Christian et al. 2019b, 2021, 2022, 2023, hereafter
C23), and the flash drought intensity index (FDII) (O21).
Compared to traditional methods, these indices have been
shown to capture the rapidly evolving conditions of FD when
calculated at the pentad and weekly time scales, while also
capturing deteriorating vegetative conditions that mark some
of the main impacts of FD.

While there is no consensus on a definition of FD (Otkin
et al. 2018; Lisonbee et al. 2022), the numerous definitions to
quantify FD cluster around quantifying the rapid intensification
period (a metric of choice decreases by a certain amount within
a 3–6 week period) and the drought component (the metric of
choice falls below the 20th percentile to quantify the drought)
(e.g., see Ford and Labosier 2017; Christian et al. 2019b, 2022,
C23; Yuan et al. 2019; Li et al. 2020; Liu et al. 2020, hereafter
L20; Noguera et al. 2020, hereafter N20; Pendergrass et al.
2020, hereafter P20; Osman et al. 2021; O21; Qing et al. 2022).
While these different FD definitions involve similar concepts
and identify similar hotspots in FD occurrence, each examines
FD development in different ways and can have comparatively
different results (Osman et al. 2021; Alencar and Paton 2022;
Tyagi et al. 2022). For example, Christian et al. (2019b) identify
FD using evaporative stress, which places stronger emphasis on

FDs in regions where the land surface coupling (more precisely,
the coupling between the temperature and ET) is strongest,
and underemphasizes locations where the coupling is not as
strong (Osman et al. 2021). Thus, not only are no two droughts
or FDs the same, neither are two FD definitions the same.

Despite advances in FD studies, identifying FD in real time
and predicting them remains a challenge. In addition, despite
ML techniques’ ability to represent drought events, the utili-
zation of ML techniques to identify and predict FD events has
been limited (Zhang et al. 2022; Foroumandi et al. 2024; Scott
et al. 2024; Lorenz et al. 2024). Zhang et al. (2022) used multi-
linear regression, RFs, and a recurrent neural network (RNN)
to distinguish rapid intensification from a set of drought
events, finding that the RFs produced the most stable statisti-
cal results. Foroumandi et al. (2024) incorporated a genera-
tive adversarial network (GAN) to predict the standardized
soil moisture index (SSI), which was then connected to FD.
The GAN model was able to learn complex nonlinear fea-
tures and sudden changes in the soil moisture, effectively
learning SSI patterns. However, potential avenues for identi-
fying FDs exist in previously tested algorithms such as 1) RFs
and boosted trees (Tyagi et al. 2022) and 2) in neural network
(NN) algorithms, which are still new to the FD community,
though there have been a number of applications toward mon-
itoring drought severity (e.g., Kaur and Sood 2020; Dhyani
and Pandya 2021; Foroumandi et al. 2023; Liu et al. 2024). As
such, this study seeks to conduct a comprehensive investiga-
tion of how various ML techniques can represent FD events.
Because several ML techniques have been used to represent
drought historically but have not been explored before for FD
events, this study has been split into two parts to represent the
full breadth of different ML algorithms in FD analysis. The
contributions of this first part include use of traditional ML
techniques (i.e., RFs, SVMs, and decision trees boosted by the
Ada algorithm; Pedregosa et al. 2011), and Edris et al. (2025,
hereafter Part II) investigates NN techniques (i.e., various
neural network architectures). While NN generally performs
better than simple ML models, exploring some of the simpler
models can still prove insightful, especially given tree-based
models have still had comparable performance to neural net-
work models for FD classification and prediction of FD varia-
bles (e.g., Li et al. 2022; Prodhan et al. 2021; Zhang et al.
2022), and were shown to be comparable for FD predictions
as well (Part II). In addition, these simpler models provide
some level of interpretability to understand why the ML mod-
els make their predictions, and how to improve on them (Flora
et al. 2024).

2. Datasets

a. North American Regional Reanalysis

Data for this project originated from the North American
Regional Reanalysis (NARR) dataset (Mesinger et al. 2006).
The NARR provides high-resolution data, 0.38 3 0.38, or ap-
proximately 32 km 3 32 km, over North America and for
over 40 years of data (from 1979 to the present). Surface vari-
ables in the NARR are determined by the Noah land surface
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model (Ek et al. 2003). The variables used for FD identification
were SM (0–40 cm average), ET, PET, surface temperature T,
and precipitation P. The dataset was also subsetted to focus on
the contiguous United States (CONUS). The seasonality of FD
favors spring and summer seasons in North America (Chen
et al. 2019; Christian et al. 2019a, 2021). In addition, FDs have
their greatest impact during the agricultural growing season
(April–October in North America), and hence many FD stud-
ies focus on the growing season for FD research (Christian et al.
2019b; Shah et al. 2022). Thus, for this project, we chose the
growing seasons for 1979–2021 and averaged the data into
pentads (5-day, nonoverlapping mean). As such, each grow-
ing season contained 43 pentads. The pentad averaging was
performed to retain the signal of FD predictors and minimize
day-to-day variations. Last, this study tested and verified the
ML models using K-fold cross validation (Hastie et al. 2009).
For K-fold cross validation, each fold in the cross validation
must be statistically independent from each other, which
means that the dataset could not be divided randomly since
some of the variables, such as temperature, PET, and espe-
cially soil moisture, are autocorrelated to various degrees.
However, because there is a 5-month difference between
each growing season, we assumed that the autocorrelation
was negligible between one growing season and the next.
Hence, each growing season is statistically independent and
considered onefold. For each ML experiment, onefold was
reserved for validation, onefold for testing, and the remaining
folds for training. There were also 43 experiments for each
ML model trained (and for each FD identification method
explored) so that each fold was treated as a validation and
test fold.

b. Input dataset

In addition to the five variables mentioned above, the
changes in ET, PET, and SM from one pentad to the next
were used to capture the rapid intensification component of

FD. For this study, the temporal changes in the three main
drivers, SM, ET, and PET, were calculated as

Dxp 5 xp 2 xp21, (1)

where x was either SM, ET, or PET; p was the pentad; and
p 2 1 was the previous pentad. Additionally, a 6-pentad lead-
ing moving average was applied to each change variable so
that DSM, DET, and DPET all represented the mean 30-day
change in their respective variable. Thus, the input parameters
used to identify FD, in the order they are given in the ML al-
gorithms, were T, P, ET, DET, PET, DPET, SM, and DSM.
Moreover, prior to training, each variable was standardized
for each grid point, relative to its respective dataset (training,
validation, or testing). Last, the input data were reformatted
to a space and time by input variable matrix so that each grid
and pentad was treated as an example of FD identification for
ML training. These variables were chosen due to their known
correlation to FD and because they are known to describe the
land surface processes that drive FD events (Otkin et al. 2018,
2021; Christian et al. 2019b; Tyagi et al. 2022). In addition, the
change variables were designed to help the ML models learn
the rapid change component that distinguishes FD from stan-
dard drought events and are also prominent drivers toward
FD events (Fig. 1).

c. Output dataset

For this project, the FD identification problem was treated
as a classification problem. Thus, the output dataset consisted
of two values or labels:1 0 (i.e., there was no FD for that grid
point and pentad) or 1 (i.e., there was FD for that grid point

FIG. 1. Relative importance of each variable to identifying FD according to the normalized
ANOVA F statistic. Bolded values denote statistical significance at the 95% confidence level.

1 There was also a hidden, third class for any sea or ocean grid
points whose class weight was set to 0 so that only land values are
used in training.
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and pentad). However, because there is no consensus on a
definition for FD, five different FD identification methods
were chosen for this project, and five separate ML methods
(for each ML algorithm) were trained to identify FD for each
method individually. An overview of each FD identification
method used can be found in Table 1 and is reviewed below.

The first method for FD identification used was the method
outlined in Christian et al. (2019b). This method employed
evaporative stress (using SESR, which is the standardized ra-
tio of ET to PET) to determine FD via a set of four criteria.
However, Christian et al. (2022) employed an improved ver-
sion of this method with satellite-derived land surface water
index (LSWI), which was later incorporated into SESR
(C23). The improved method used the Savitzky–Golay filter
to remove high-frequency noise while retaining the signal in
the pentads. The removal of this high-frequency noise also al-
lowed for two criteria to be merged together, creating a sim-
pler form of FD criteria. This project employs the improved
and simplified version of FD identification in C23. This
method required that the rapid intensification event lasted a
minimum of 30 days, that the average change in the filtered
SESR was below the 25th percentile (quantification of rapid
intensification), and that the filtered SESR was below the
20th percentile at the end of the intensification (quantification
of drought).

The second method used is outlined in N20. N20 used SPEI
on the weekly time scale to represent the demand and supply
of atmospheric moisture. Similar to the C23 method, N20 re-
quired that a rapid intensification period lasted at least 4 weeks
(28 days; 30 days on the pentad time scale), that SPEI decreased
by at least two standard deviations in the intensification period

(quantification of rapid intensification), and that SPEI was
1.28 standard deviations below normal at the end of the inten-
sification period (quantification of drought).

The third method is given in P20. P20 used EDDI to
identify FD when the EDDI increases by 50th percentiles
over 2 weeks (or three pentads; rapid intensification quanti-
fication), and when that increased EDDI is maintained for
another 2 weeks. P20 also used another method of FD identifi-
cation which involves how rapidly drought intensifies accord-
ing to the U.S. Drought Monitor (USDM). The USDM is still
relatively new, having started in 2002 (Svoboda et al. 2002),
and its methods for categorizing drought have evolved in time,
with the allowance of more rapid changes in drought being im-
plemented more in the past decade. Thus, the USDM dataset
did not contain enough samples for the purpose of this study
and was not used for FD identification.

L20 details the fourth FD method used in this project. L20
based their FD definition on the work done by Ford and Labosier
(2017) and used weekly SM percentile data, requiring that, in
a 3-week (four pentad) window of rapid intensification, the
change in SM percentiles must average 26.5th percentiles/week
(or a 5th percentiles/pentad decrease), or have a minimum of
210th percentiles/week (or 27.5th percentiles/pentad; rapid in-
tensification quantification), and that the minimum SM percen-
tile is below the 20th percentile (drought quantification).

The final FD identification method used in this project is
from O21. O21 defined the FDII to quantify the occurrence
and intensity of FD using SM percentiles at the pentad time
scale. The O21 method quantified rapid intensification and
drought separately and identified FD by multiplying the com-
ponents together. The calculation of FDII is more involved

TABLE 1. Overview of FD identification methods used in this study and their criteria for FD. Note the criteria are a summarized
version, and the reader is referred to the original paper for full details (e.g., on full details for calculating obs and DRO_SUM for the
O21 method).

Method Metric Criteria Publication

C23 SESR (standardized
ET/PET)

1. Rapid intensification period is 301 days
2. SESR , 20th percentile at the end of rapid intensification
3. Pentad to pentad change in SESR , 25th percentile during rapid

intensification

Christian et al.
(2019b), revised
in C23

N20 SPEI (P – PET transformed
to a standard normal
distribution)

1. Rapid Intensification is 281 days
2. SPEI decrease is at least 2 z units across the intensification period
3. SPEI , 21.28 z units at end of the intensification period

N20

P20 EDDI (PET transformed to
a standard normal
distribution)

1. EDDI increases by 50th percentiles in 3 weeks
2. EDDI does not decrease below the 50th-percentile increase for

another 3 weeks

P20

L20 SM percentiles 1. During the rapid intensification period: mean change in SM
percentiles $ 5th percentiles/pentad or maximum intensification
rate of SM percentiles of 7.5th percentiles/pentad

2. SM percentiles # 20 at the end of the rapid intensification period

L20

O21 FDII (determined from SM
percentiles)

1. FD_INT 5 (PER_BASE/(T_BASE)21 3 max(obs) if max(obs) .
PER_BASE/T_BASE; 0 otherwise (PER_BASE 5 15th percentiles,
T_BASE 5 4 pentads, and obs is the observed time-average change
in SM percentiles up to 10 pentads

2. DRO_SEV 5 DRO_SUM/Npent if FD_INT . 0; 0 otherwise
(DROSUM 5∑

Npent

i (202 SMpercentile i
), Npent can look up to 18 pentads

forward
3. FDII 5 FD_INT 3 DRO_SEV

O21
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than the previous methods, and the reader is referred to O21
for details. For simplicity, FD is said to occur when FDII. 0.

The frequency of FD events according to each method can
be seen in Fig. 2. The general spatial trend in FD is similar for
each method (with some small variations in the spatial hot-
spots), but each method has different FD frequencies and high-
lights some hotspots more strongly than others (some omit
hotspot regions altogether), agreeing with the general findings
in Osman et al. (2021). These frequency climatologies were one
of the targets that the ML algorithms were learning to predict.
An additional note is that the relative importance of each vari-
able in describing FD depends on the identification method
(Fig. 1). For example, SM is useful to describe FD using the
C23 method, while ET, PET, and DSM are additional variables
useful for the O21 method, and so on. These are also patterns
the ML models should learn.

3. ML algorithms and verification

Traditional ML algorithms for this work were created using
the sklearn package in Python (Pedregosa et al. 2011; Buitinck
et al. 2013). To fine-tune model parameters, a subset of the da-
taset (tenfolds) and several rotations were used. The parame-
ters with the best validation performance [based on various
metrics such as area under the receiver operating characteristic
curve (AUC), precision, and accuracy, as well as the ability
of the test to recreate FD climatology] were chosen for the full
experiments. As discussed above, no two FD identification

methods are the same, and thus each FD identification method
needs different parameters. In testing the ML algorithms, the
most important parameter was the class weights used to ac-
count for class imbalance. This may be expected, considering
one important difference between each method is how fre-
quently they identify FD. Thus, during these experiments, most
of the parameters were kept the same across each FD identifi-
cation method, and the class weights were modified to fit each
identification method (Table S1 in the online supplemental
material). Descriptions of these ML algorithms and the associ-
ated terminology can be found in Chase et al. (2022). As a
note, XGBoosting, another boosting method, was found to be
successful for other drought studies. But when examined here,
it produced similar predictions to Ada boosting with lower skill
(Table 2 and supplemental Figs. 24–32) and so was omitted
from the discussion for brevity.

a. RFs

Decision trees are one of the basic types of ML algorithms.
They use a set of yes/no questions (e.g., is the variable above
or below a threshold?) that branch out to multiple possibilities
leading to a specific classification. An RF is an ensemble of de-
cision trees, each perturbed to slightly different conditions,
and the most common classification is taken as the final classifi-
cation value for the RF. The simplicity of this model, the ease
of interpretation, and how readily it provides estimates for fea-
ture importance have led to RFs being one of the more com-
mon and preferred types of ML algorithms used for drought

FIG. 2. Percentage of years from 1979 to 2021 in which FD occurred according to the (a) C23 method,
(b) N20 method, (c) P20 method, (d) L20 method, and (e) O21 method.
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identification and prediction (Rhee and Im 2017; Rahmati et al.
2020; Dikshit and Pradhan 2021; Hsieh 2022) as well as other
meteorological phenomena such as soil moisture predictions
(e.g., Li et al. 2022) and investigations of mesoscale convection
systems and their climatology (Cui et al. 2021). Tests showed
that 150 trees, each allowed to grow 15 branches deep, were most
effective for this study, similar to findings from other works (e.g.,
Park et al. 2016; Rhee and Im 2017; Rahmati et al. 2020).

b. Ada boosted decision trees

Boosting algorithms are based on fitting an ML model (in this
case, decision trees) to a dataset and then adjusting the weights
of the ML model with each iteration The weight adjustments

are based on the gradient of an error function that is being
minimized. Boosting is fairly common, with XGBoosting being
the most favored in traditional drought studies (Park et al.
2016; Rahmati et al. 2020; Prodhan et al. 2021; Hsieh 2022).
Ada boosting creates additional decision tree classifiers and
adjusts the weights with each iteration to improve their perfor-
mance. For this project, it was found 80 estimators were able
to identify FD with a learning rate of 1024.

c. SVMs

SVMs are similar to perceptrons, with a model that is mini-
mized by a loss similar to a linear model. Various kernels can be
used for SVMs, with the radial basis function (RBF) kernel be-
ing most common for drought studies for its ability to represent
nonlinear data more effectively (Ganguli and Reddy 2014;
Mohamadi et al. 2020; Dikshit and Pradhan 2021). However,
for this study, RBF kernels did not have a significant improve-
ment over linear kernels, whereas they increased the computa-
tion time by an order of magnitude. Thus, linear SVMs were
used for this study with the squared hinge loss function mini-
mized, L2 regularization, and a stopping error of 1026.

d. Verification and interpretations

The skill of the ML algorithms was determined using the
true skill statistic or Peirce’s skill score (Woodcock 1976).

FIG. 3. Composite mean difference (unitless) of true minus predicted FD labels for each FD identification method
using Ada boosted tree predictions.

TABLE 2. True skill statistic over all grid points and pentads
for each ML algorithm and FD identification method. Numbers in
the parentheses indicate 95% confidence intervals derived from a
one-sample t test (calculated across all folds). Highest skill score
for each identification method is bolded.

RFs Ada boosting SVMs XGBoost

C23 0.20 (60.016) 0.33 (60.019) 0.13 (60.016) 0.18 (60.016)
N20 0.17 (60.013) 0.13 (60.007) 0.22 (60.012) 0.22 (60.009)
P20 0.11 (60.016) 0.06 (60.008) 0.05 (60.013) 0.01 (60.002)
L20 0.15 (60.014) 0.27 (60.016) 0.07 (60.011) 0.02 (60.004)
O21 0.14 (60.009) 0.28 (60.016) 0.08 (60.011) 0.06 (60.010)
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The true skill statistic uses all four components of a confusion
matrix2 to determine the skill score. This score is independent
of climatological event frequency, can be expressed similar to
the equitable threat score, and can be expressed as the probabil-
ity of detection (POD) of the event minus the probability of
false detection (POFD). The true skill score can be expressed as

skill 5
true positives

true positives 1 false negatives

2
false positives

false positives 1 true negatives

5 POD 2 POFD: (2)

While other skill metrics such as the critical skill index (CSI)
could also be used to determine the skill of the ML algorithms,
the general comparison between ML algorithms was the same
between multiple metrics (not shown), and the true skill statis-
tic showed the difference in ML algorithm performance at two
decimal places, whereas the others often required three or
more decimal places. Models were also verified using K-fold
cross validation, and skill metrics show the average skill score
for test folds across all folds.

The main statistical comparison used to compare true and
predicted FD labels was the composite mean difference, which

is the true labels averaged in time minus the predicted labels
averaged in time. Statistical significance of the differences was
determined from the bootstrap method3 at the p , 0.05 level,
with a difference of zero used as the null hypothesis. Spatial dis-
tributions of other metrics, such as accuracy, precision, recall,
and area under the receiver operating characteristic (ROC)
curve, were examined with consistent results.

Last, feature importance was obtained via multiple methods
to be compared. The first method used was Shapely values, de-
termined from the Shapley additive explanation (SHAP) pack-
age (Lundberg and Lee 2017). Shapely values (called SHAP
values in the SHAP package) assume that a model output or
quality can be represented by a linear sum of contributions, and
coefficients of those contributions then make up the feature at-
tribution of a given feature (Lundberg and Lee 2017; Flora et al.
2024). The coefficients are estimated by comparing model
performance “with” the feature to the model performance
“without” the feature. Feature importance can be determined
from attribution by performing a global average of the absolute
values of the attributions. A second set of feature importances

FIG. 4. The 95% statistical significance of composite mean differences between the true FD labels and the Ada
boosted tree predictions. Statistical significance was determined by the Monte Carlo bootstrapping method (N5 5000).

2 Also called truth tables or contingency tables.

3 The Monte Carlo bootstrapping method randomizes the data
and repeats the statistics (in this case, the time series was random-
ized at each grid point and the composite mean difference calcu-
lated) N times to obtain a distribution. The actual statistic is
compared to the distribution to obtain a p value. In this experi-
ment,N5 5000.
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was calculated using permutation importance using the ranked
probability skill score (RPSS) as the multiclass metric to evalu-
ate the permuted skill (McGovern et al. 2019; Au et al. 2022;
Flora et al. 2024). Permutation permutes (i.e., randomizes) one
or more features and examines the decrease in the skill metric
(e.g., RPSS) to determine the importance of the feature. The
third method for determining feature importance for tree-based
models was the GINI importance, obtained as part of the train-
ing from the total reduction of the tree criterion caused by cer-
tain features (Pedregosa et al. 2011; McGovern et al. 2019).
Feature importance calculations are computationally expensive.
Because of this, some simplifying assumptions were made. For
example, calculations for the Shapely values were performed
on the spatially averaged time series (over the domain) for test
data for each experiment in the K-fold cross validation, with
the assumption that the spatial average approximately repre-
sented the data. Additionally, the permutation importance was
done with 10% of the test data in calculations.

4. Results and discussion

a. Statistical performance

The skill scores for the ML algorithms are shown in Table 2.
Overall, of the ML algorithms explored, the best performing in
most cases was the Ada boosted decision trees, with the excep-
tion being with the N20 and P20 method for which RFs per-
formed best. To note, since Ada boost trees most frequently
showed the most skill, the remaining figures showing ML algo-
rithm performance and skill are for test set predictions made by

Ada boosted trees. For the same figures based on predictions
for the RFs, the reader is referred to supplemental Figs. 6–14
and 15–23 for the SVM results. The skill scores for the test set
predictions were fairly low (e.g., CSI , 0.35 and the true skill
statistic , 0.35 for all ML algorithms). This was likely due to
mistiming of the ML algorithms of FD events by a few pentads
up to 2 months, as well as an overemphasis of spatial hotspots
and climatological seasonality. The overemphasis on spatial hot-
spots is seen in the composite mean-difference maps (Fig. 3).
Regions that generally experienced more frequent FD events,
most notably the Great Plains, were overpredicted by the ML
algorithms (these overpredictions are also where the difference
in true and predicted labels were statistically significant; Fig. 4).
In contrast, the ML algorithms performed better outside of cli-
matological hotspots for some FD identification methods (C23;
P20; and L20) and underpredicted FD in other FD identifica-
tion methods (N20 and O21). This pattern of overpredicting the
hotspot regions and potentially underpredicting in other regions
was found when the true skill score was plotted in space, as well
as in standard performance metrics, such as accuracy, precision,
recall, and AUC (Fig. S1), though no temporal trends in ML al-
gorithm performance were detected (Fig. S2).

The last feature to note is the interpretability of the ML al-
gorithms (Fig. 5 for Ada boosted trees). For this study, several
approaches to estimating feature importance were examined
and compared. The ranking of the most important feature im-
portance varied notably from one FD identification method to
another. While some had P as the most important variable
and PET as the second most important, others ranked SM as

FIG. 5. Average feature importance for the Ada boosted decision trees according to the GINI
method. Feature importance was determined for all rotations, and bars show the average
importance across each rotation. Error bars indicate the 95% confidence interval from a
one-sample t test (average and standard deviations taken across all rotations).
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the most important. The SHAP feature importance and per-
mutation importance were omitted from the Ada boosted tree
analysis as all values were small (1025 for the O21 method,
and 1027 and lower for the other methods), and the permuta-
tion importance method also struggled with the feature impor-
tances as the values were both small (absolute value , 0.02)
and statistically identical for each variable. In contrast, the
GINI estimations were notably different, with P and SM often
the most important variables (as much as twice as important as
the second ranking variable). However, the precise ranking of
variables and magnitude varied more notably with the GINI
method. According to the GINI method, the Ada boosted trees
incorporated surface features more readily than the permuta-
tion importances would imply.

Furthermore, the ML algorithms learned to predict FD for
some identification methods better than others. This finding
may be because of the variables the ML algorithms empha-
sized. Since the L20 and O21 methods used SM to identify FD,
these methods had the larger skill score (according to GINI fea-
ture importance; Fig. 5). In addition, SESR (for the C23
method) is strongly correlated with SM (via ET and PET used
to determine it). This allowed an emphasis on SM for the C23
method to produce a larger skill score. Meanwhile, predictions
for the N20 method (which uses SPEI) relied most on P for the
predictions. However, the boosted trees were not using PET or
T as much, or learning as much of the surface interactions, re-
sulting in a lower skill score. Finally, the P20 method uses
EDDI to identify FD, which is not strongly correlated with

variables like P and SM. Focus on these variables for the pre-
dictions resulted in more mistiming of FD events and a lower
skill score (Table 2). This is more accentuated when compared
to the sensitivity analysis in Fig. 1. For example, SM, ET, and
PET were among the most important for identifying FD with
the C23 method (Fig. 1). Since the Ada boosted trees learned
much of, and relied heavily on, SM, ET, PET, and DET (Fig. 5),
this allowed the boosted trees to obtain the highest skill score
for that method (similarly with the O21 method). In contrast,
the P20 method can be described by P, SM, PET, and DET,
whereas the Ada boosted trees incorporated more P, PET, and
DPET. In short, the Ada boosted trees struggled more notice-
ably to capture the surface interactions described in the P20
method, resulting in a much lower skill score (similarly for the
N20 and L20 methods).

b. Predicted climatology

Apart from performance metrics, we also examined how
well the ML algorithms reproduced the statistical patterns of
FD in space and time (i.e., the climatology of FD). The pre-
dicted frequency climatology (Fig. 6) showed similar patterns
to those discussed. Compared to the true labels (Fig. 2), the
ML algorithms overpredicted FD events in climatological hot-
spots. The ML algorithms also highlighted major agricultural
regions in the western United States (such as the Central
Valley in California and southern Idaho) and overpredicted
FD in these locations as well. Given the development of FD
via evaporative feedback from the vegetation (i.e., crops

FIG. 6. Predicted frequency climatology of FDs by the Ada boosted trees for the (a) C23, (b) N20, (c) P20, (d) L20,
and (e) O21 methods.
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that tend to transpire more than local vegetation), it made
sense that these regions would be hotspots for FD, as is the
case for other major agricultural regions (e.g., C23; Lowman
et al. 2023; Mahto and Mishra 2023; Yuan et al. 2023), but they
were not present in the true labels (Fig. 2). However, this sug-
gested that the ML algorithms were able to learn these hot-
spots (i.e., they learned what spatial regions experience FD
more frequently), and they learned to identify FD more fre-
quently for major agricultural regions.

The ML algorithms overemphasized the seasonality of FD
events, identifying FD more frequently during favored months
and underpredicting FD in months less emphasized in that cli-
matology (Fig. 7). That said, this also shows that ML algo-
rithms were able to learn the seasonality of FD events for
some identification methods and overall capture the heteroge-
neity of these events. The full extent of the ML models’ ability
to capture FD events, however, is debatable as they tended to
focus FD identification during the end of the summer season
(August–October) for all methods, rather than just the FD
identification methods that have that seasonality. This is a po-
tential issue from the ML algorithms having over relied on one

or two select variables (such as SM, according to the GINI
method). For example, the ML algorithms may simply have
learned the SM climatology, which decreases in the late grow-
ing season (Illston et al. 2004). This would also explain why FD
occurrence in some agricultural regions was overpredicted, as
these would see larger declines in SM due to intensive agricul-
ture and irrigation than regions dominated by native vegeta-
tion. That said, the incorporation of other variables in the C23
and O21 methods, such as ET and DET (Fig. 5), allowed them
to more accurately identify in the spring and early summer sea-
son when those variables naturally increase due to increasing
vegetative activity (though they may have over relied on SM,
resulting in underpredictions). In terms of the FD coverage in
time, the ML algorithms learned the general patterns of FD
coverage for the C23, N20, and O21 methods, showing similar
spikes and dips as compared to the true labels (i.e., the ML al-
gorithms were able to learn which years contained more exten-
sive FD events and which years were less extensive; Fig. 8).
However, learning the magnitude of the FD coverage is a limit-
ing factor in the ML models, though the Ada boosted trees
showed some promise with the O21 method.

FIG. 7. FD seasonality (percentage of FD occurrence) for true labels (blue) and predicted labels by the Ada boosted
trees (orange) for the (a) C23, (b) N20, (c) P20, (d) L20, and (e) O21 methods.
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c. Case studies

Last, we investigated how well the ML algorithms were
able to represent more specific, individual events. To this end,
certain FD years, 1988, 2011, and 2012, were chosen due to
their high spatial FD coverage and their well-known timing
and impacts.

1) 1988

To start, in 1988 prolonged drought conditions initiated in
April and May in the Midwest of the United States. Through-
out the early growing season, dry conditions propagated fur-
ther into the Great Plains and Midwest, with some regions
undergoing rapid drying as the drought spread into new

regions (Fig. 9). By the end of the summer, the majority of
the United States, especially the north-central United States,
was in a severe, historic-level drought (Kim and Rhee 2016;
Kim et al. 2019). While 1988 is generally viewed as a major
drought event, the occurrence of rapid drying with this event
has not been discussed much in the literature. FD was re-
corded for all FD identification methods, though the different
ways the FD identification methods examine conditions re-
sulted in different timing and locations for FD, depending on
the method. For example, the C23 and N20 methods saw the
1988 drought begin as a FD as a whole (with the end result
that most of the domain experienced FD by the end of the
growing season), while P20 only recorded FD as the drought
propagated through the Great Plains in the early summer.

FIG. 8. True (red) and predicted (blue) annual average spatial coverage of FD across the domain for the
(a) C23, (b) N20, (c) L20, and (e) O21 methods. Error bars denote one std dev in the annual average. Predicted labels
were made by the Ada boosted trees.
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Some of the seasonality bias can be seen as the ML algorithms
identified FD up to 1–2 months late for some methods (C23
and N20), and prematurely early in another (P20), the bias be-
ing toward the late seasonality the ML algorithms predicted as
the large decline in SM was not until mid- to late June (Fig. S3).
The spatial coverage of the 1988 event was generally well repre-
sented by the ML algorithms, with the notable exception that
the ML algorithms liked to make continuous patches of FD as
compared to discontinuous grids in the L20 method.

2) 2011

During early 2011, abnormally hot and dry conditions
started to initiate the development of drought in the Southern
Great Plains (Texas and Oklahoma). However, as the spring

and summer continued, the drying increased in rate and spread
eastward to much of the southern United States, creating a
large FD event that began in April and May and continued into
June and July (with much of Texas, Oklahoma, and the south-
eastern United States settling into drought for the remaining
growing season; Fig. 10; Otkin et al. 2013; Ford et al. 2015;
McEvoy et al. 2016). For the C23 method, the ML algorithms
captured the timing for this event fairly well (since the Ada
boosted trees were, but potentially due to the increased PET as
well; Fig. 5 and supplemental Fig. 4), but largely overpredicted
the coverage of FD initiation in May. For the O21 method, the
coverage of the FD event in the Southern Great Plains was well
represented, but the FD extended further north than verifica-
tion (again, a bias toward climatology). Moreover, the ML

FIG. 9. FD case study for 1988 for each FD identification method. (left) True labels, (center) predicted labels from the test dataset, and
(right) true and predicted FD coverage over the domain. FD predictions were made by Ada boosted trees.
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algorithms identified FD up to 2 months late in many loca-
tions. For the remaining FD identification methods, the ML
algorithms either overpredicted (P20 and L20) or underpre-
dicted (N20) FD coverage, and they mistimed FD occurrence
by 1–2 months. Given the Ada boosted tree reliance on SM for
the L20 method, and P for the P20 and N20 methods (Fig. 5),
these late predictions of FD may be due to a combination of
a minimum SM in late August and September, and a sharper
decrease in P in September than during the rest of the event
(for the Ada boosted trees predicting the L20 method, DSM
was less important than P; supplemental Figs. 4b,e).

3) 2012

In 2012, parts of eastern Arkansas and southern Missouri
dried out at time scales faster than normal. As the spring

continued, the drought propagated north and westward, caus-
ing regions that were above-normal moisture conditions and
not expecting drought conditions to rapidly deteriorate into
drought. The result was widespread desiccation and crop loss
(Fig. 11; Ford et al. 2015; Otkin et al. 2016; McEvoy et al.
2016; Basara et al. 2019). The end result saw drought settle
into much of the central United States, creating one of the
more famous and heavily examined examples for FD. For this
case study, the ML algorithms generally identified FD devel-
opment a month later than truth (in June and July, when the
SM first reached its minimum; Fig. S5), rather than May, with
the exception being for the C23 method, which identified FD
early. The ML algorithms also had a harder time predicting
the aerial coverage for this FD event, as they often overpre-
dicted the extent of the FD for the C23, P20, and L20 methods.

FIG. 10. FD case study for 2011 for each FD identification method. (left) True labels, (center) predicted labels from the test dataset, and
(right) true and predicted FD coverage over the domain. FD predictions were made by Ada boosted trees.
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However, the ML algorithms were able to represent the cover-
age of the FD relatively well for the N20 and O21 methods.

5. Summary and conclusions

This study contributed an initial investigation of FD identifi-
cation using three standard ML algorithms: RFs, Ada boosted
decision trees, and SVMs. The models were trained on five
different FD identification methods individually, using key

variables known to drive FD events. The results found that the
most skillful ML algorithm (Ada boosted trees) showed promise
in being able to represent FD events across multiple identifica-
tion methods. The ML algorithms were able to learn which spa-
tial regions experienced the most frequent FD events, as well as
some degree of seasonality of the FD events. Case studies
showed that the spatial coverage of FD events was often (though
not always) well represented. In addition, predictions for the C23
and O21 methods consistently showed well-structured spatial

FIG. 11. FD case study for 2012 for each FD identification method. (left) True labels, (center) predicted labels from the test dataset, and
(right) true and predicted FD coverage over the domain. FD predictions were made by Ada boosted trees.
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patterns. This is likely due to the fact that the ML algorithms
were better able to learn which variables describe those methods,
and thence represent surface interactions involved in FD more
accurately. However, feature importances showed that the ML
algorithms were over relying on select variables (SM, P, and
PET), and sometimes the wrong variables when compared to
the sensitivity analysis, and the ML algorithms may have learned
climatologies and patterns in those variables as opposed to syn-
thesizing the information to identify FD. As a result, the ML al-
gorithms struggled to learn the timing of FD events and favored
a specific seasonality (i.e., late summer into fall), due to both
negative precipitation and soil moisture anomalies being most
prominent at that time. The ML algorithms also often over-
emphasized hotspot regions, creating numerous false positives
in those areas.

The second part of this study examined more complicated al-
gorithms in neural networks, which better represented FD but
are harder to interpret. Given this study focused on standard
ML techniques, future studies are recommended to investigate
the ability of deep learning models to predict FD, especially
given their general improvement over standard ML to repre-
sent droughts (Mohamadi et al. 2020; Dikshit and Pradhan
2021; Prodhan et al. 2021). Future studies should also focus on
more specific algorithms (such as Ada boosted trees) and meth-
ods to improve their performance, such as physics-constrained
models or augmenting the input data with climatological varia-
bles such as ENSO and the Atlantic multidecadal oscillation, or
taking other such approaches so that models learn to incorpo-
rate other variables and improve their predictions, as well as
apply other explainable AI tools to make the models more in-
terpretable, explainable, and trustworthy.
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