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Abstract. Drought is a highly consequential natural disaster
that may likely increase in both severity and extent across
the conterminous United States (CONUS). The mechanisms
affecting the propagation of drought from the atmosphere
to streamflow are complex and interactive, making the pre-
diction of streamflow drought difficult with current model-
ing approaches. Machine learning is an emerging tool in the
field of hydrology that may be well-suited to prediction of
streamflow drought across large and topographically diverse
areas. Here, we train and analyze 3198 random forest models
at U.S. Geological Survey streamgages to understand com-
mon meteorological drivers of streamflow drought and to de-
fine physiographic characteristics of basins sensitive to these
drivers. We also develop a novel dynamic regionalization ap-
proach using donor gages to predict daily streamflow drought
at pseudo-ungaged locations. Our results show that telecon-
nections, temperature, evaporative demand, and snow—water
equivalent are important drivers of streamflow drought in the
West, Southwest, and Northern Rocky Mountains (Northern
Rockies) regions of the United States, and precipitation and
soil moisture are primary drivers of streamflow drought in
the Northeast, Southeast, and the Northwest regions. Predic-
tion using dynamic regionalization shows comparable per-
formance to at-site models. This method may be applicable

to other hydrologic prediction problems requiring transfer-
ability to ungaged locations.

1 Introduction

Droughts rank first among all natural disasters in terms of the
number of people affected (Mishra and Singh, 2010). The
vast extent and protracted nature of drought often result in
severe and lasting consequences, both for ecosystem stability
as well as numerous economic sectors including agriculture,
recreation, tourism, and more (Basara et al., 2013; Huang
et al., 2017; Manuel, 2008; Wlostowski et al., 2022; Zou
et al., 2018). In the conterminous United States (CONUS),
modern droughts have resulted in economic losses totalling
billions of dollars, including the 2010-2013 drought in the
southern United States, the subsequent 2012-2013 expan-
sion into the North American drought that affected most of
the United States, central and eastern parts of Canada, and
parts of Mexico, and the 2012-2014 drought in California
(Griffin and Anchukaitis, 2014; Seneviratne, 2012; Williams
et al., 2015). Moreover, while certain areas of the United
States like the arid western part of the country are predis-
posed to drought development and persistence of droughts
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(Zhang et al., 2021), droughts remain a threat across all of
the CONUS due to evolving climate conditions and land use
(Mishra and Singh, 2010; Seneviratne, 2012).

Streamflow often provides the most easily monitored hy-
drologic drought signal in the CONUS owing to a robust net-
work of U.S. Geological Survey (USGS) streamgages. This
advantage provides important early warning signs of impend-
ing drought conditions in monitored areas, with two impor-
tant caveats. The first caveat is that not all locations are mon-
itored, and the spatial distribution of unmonitored locations
is not random. For example, small watersheds (< 10 km?)
and watersheds at higher elevations are underrepresented in
the USGS streamgage network, particularly in arid regions
(Deweber et al., 2014; Kiang et al., 2013; Krabbenholft et al.,
2022). The second caveat is that the streamflow drought sig-
nal is derived from multiple complex and interconnected
mechanisms that are introduced as the drought signal prop-
agates from the atmosphere to the land surface. The interac-
tions between mechanisms affecting the propagation of me-
teorologic drought to hydrologic drought result in complex,
non-linear spatial and temporal effects that are still not fully
understood. Beven (2001) notes the difficulty in identifying
scale-invariant climatic controls on runoff generation due to
spatial and seasonal variability in patterns of water storage
and residence time.

Recent advancements in data mining and machine learn-
ing (ML) applications to the field of hydrology may provide
new insights into the spatial and temporal patterns of stream-
flow drought and the associated drivers across the CONUS
(Hamshaw et al., 2023; Kratzert et al., 2019; Shen et al.,
2021). ML has a distinct advantage over more traditional ap-
proaches (e.g., process-based hydrologic models and statisti-
cal regression methods) in its ability to utilize a wide variety
of disparate datasets and potentially uncover complex pat-
terns in space and time (Jiang et al., 2022; Nunes Carvalho
et al., 2022; Zhu et al., 2021), though interpretability of Al
and ML methods for high-stakes decision making remains a
crucial objective (Rudin et al., 2022). Additionally, the fewer
assumptions made in ML-based modeling techniques offer
advantages in both scalability to larger systems, as well as
transferability to new systems altogether (Li et al., 2022; Tah-
masebi et al., 2020).

Generally, there is a positive correlation between model
performance and the amount of training data used (Goodfel-
low et al., 2016). However, workloads for artificial intelli-
gence (AI) and ML require extremely large volumes of data
processing and storage capacity (Gbedawo et al., 2023). In
hydrologic modeling, dynamic regionalization enables pre-
diction at ungaged locations by selecting a subset of mod-
els trained at “donor” gages that are similar in character, but
not necessarily proximal, to the ungaged location of interest
(Mclntyre et al., 2005). This subset is then used for predic-
tion at the ungaged location of interest Beyond enabling pre-
dictions in ungaged basins, this approach has the advantage
of reducing the volume of training data and potentially avoid-
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ing the introduction of conflicting signals from including
training data from dissimilar basins (Pagliero et al., 2019).

Through the advantages provided by ML and data mining
techniques, we seek to further understand spatial and tem-
poral streamflow drought mechanisms, as well as their in-
teractions, within the CONUS. Summarily, we address the
following research questions:

1. What are the common hydrometeorologic drivers of
streamflow drought in the CONUS?

2. What are the defining physiographic characteristics of
basins most sensitive to influential drivers of streamflow
drought?

3. Can we use dynamic regionalization (i.e., donor gages)
to predict daily streamflow drought at ungaged loca-
tions?

2 Methods
2.1 Study Area

The CONUS encompasses a wide range of hydroclimatic
conditions. Mean annual precipitation ranges from less than
250 mm in the arid Southwest to over 2500 mm in the Pa-
cific Northwest and Southeast, with a general east-west gra-
dient reflecting moisture availability (Gorski et al., 2025).
Temperature regimes vary from subtropical in the southern
CONUS to continental in the northern interior, influencing
the seasonality of streamflow through snowmelt timing and
evaporative demand. Streamflow regimes are correspond-
ingly diverse, ranging from snowmelt-dominated systems in
the Rocky Mountains and northern latitudes to rainfall-driven
and baseflow-dominated systems in the eastern CONUS
(Rice et al., 2015).

Our study area consists of 3198 watersheds across the
CONUS monitored by USGS streamgages (Fig. 1) from the
dataset known as the Geospatial Attributes of Gages for Eval-
uating Streamflow (GAGES) version 2 (Falcone, 2011), here-
after referred to as GAGES-II. Basins monitored by stream-
gages included in the GAGES-II dataset span the extent of
the CONUS and capture much of the hydrologic complexity
present across the country.

Because of the non-random placement and objectives of
USGS streamgages, there are well-documented biases as-
sociated with the GAGES-II dataset and the basins mon-
itored (Deweber et al., 2014). These biases translate into
non-random distributions of basin characteristics related to
drainage area (i.e., larger rivers are disproportionately moni-
tored), popularity (i.e., rivers considered to have higher recre-
ational value are disproportionately monitored), water use
(i.e., rivers that are primary sources of public use are dis-
proportionately monitored), and others. These biases further
motivate the similarity-based donor selection approach de-
scribed in Sect. 2.4.
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Figure 1. Panel (a) shows the 3198 basins in the conterminous United States which comprise the study area. Red basins indicate the 1900
filtered basins with Kappa > 0.4 used as candidate donors. The filtering process is described in Sect. 2.4.1. For ease of reference in describing
results, we divided the CONUS into nine geographic regions (panel b), which shows regional naming conventions.

2.2 Data

2.2.1 Streamflow Data

We obtained daily streamflow data for 9068 GAGES-II
streamgages across the CONUS for climate years (1 April—
31 March) from 1981-2020. To reduce inaccurate drought
identification from sparse records, we selected streamgages
where at least eight years per decade had streamflow observa-
tions for 95 % of days in each climate year (Hammond et al.,
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2022; Simeone, 2022). We used climate years for the stream-
gage selection as they better include the full low-flow season
(generally, late summer through fall, depending on gage lo-
cation) in the CONUS (Carpenter and Hayes, 1996; Feaster
and Lee, 2017). After processing and filtering based on daily
streamflow records, our dataset consisted of 3198 gages. A
full description of the input data and processing methods are
available in Simeone (2022). All data processing was done
using R version 4.2.2 (R Core Team, 2021).

Hydrol. Earth Syst. Sci., 30, 5925-5945, 2026
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We identified streamflow droughts using daily streamflow
values converted to percentiles using the Weibull plotting
position (e.g., Schlogl and Laaha, 2017) following methods
from Simeone (2022). Since streamflow often follows an an-
nual seasonal cycle, we selected a definition of drought that
represents a departure from typical annual cycles. To remove
this seasonality, streamflow percentiles were computed for
each day of the year using the Weibull plotting position. For
a given day, all streamflow values within a 30 d window cen-
tered on that day across all years of record were ranked, and
the percentile was calculated as:

-
percentile = p——" €))
where r is the rank of the daily streamflow value among all
values in the 30 d window across all years, and n is the total
number of values in that window. To account for the effect of
zero-flow days in the daily streamflow data, we implemented
the combined Threshold Level Method and Continuous Dry
period method developed by van Huijgevoort et al. (2012).
The method treats the number of continuous days with zero
flow as a proxy for streamflow level, and breaks ties between
zero-flow percentile rankings based on the number of preced-
ing zero-flow days (Simeone et al., 2024). For this analysis,
we conceptualize droughts as binary events. A streamflow
percentile below a predefined severity threshold is consid-
ered a drought; above this severity threshold is a non-drought
event. We selected the 20th percentile as the severity thresh-
old for this analysis as a balance between a useable drought
definition and an adequate number of occurrences to inform
the statistical model, although we recognize that for specific
needs other severity levels may be more related to risks in
water resource scarcity. Our definition of streamflow drought
means that every location in the CONUS will be in drought
20 % of the time, and that these droughts will be evenly dis-
tributed throughout the year. We did not de-trend the data,
so long-term trends in streamflow (e.g., Rice et al., 2015)
could affect the temporal distribution of droughts due to our
stationary definition of drought. A threshold-based drought
identification method was chosen over other methods that in-
corporate drought longevity to avoid the additional complex-
ity that arises from an added minimum duration threshold
across a domain where typical drought longevity can vary
substantially.

2.2.2 Climatic and physiographic drivers

Climatic and physiographic variables were selected as ex-
planatory variables in the model based on previous liter-
ature, data availability, and exploratory data analysis (Ta-
ble 1). Teleconnections data (Atlantic Multidecadal Oscilla-
tion (AMO), Pacific Decadal Oscillation (PDO), El Nifio—
Southern Oscillation (ENSO), and Pacific—North American
pattern (PNA)) were included to provide additional insight
into drought conditions, particularly at locations where local
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precipitation patterns do not often correspond strongly with
streamflow such as in basins with high baseflow. Date infor-
mation was included as a predictor (using Decimal date, a
continuous time variable distinct from the Julian Day used in
the variable-threshold drought definition) to account for pos-
sible non-seasonal temporal patterns that may not be elim-
inated through Weibull transformation of the streamflow.
Sunspot data were included as indicators of solar activity,
which can influence atmospheric circulation, precipitation
patterns, snowpack, and temperature (Yang and Xing, 2021).
Antecedent streamflow data were not used as this would
have prevented the utilization of the donor method (described
in Sect. 2.4) at ungaged locations where streamflow is not
available and would likely dominate model predictions given
the autocorrelation between streamflow and the drought re-
sponse variable, obscuring the meteorological connections
of interest. Additionally, no explicit groundwater level data
were included due to the lack of a nationally consistent daily
dataset at this scale. Groundwater connectivity is instead in-
directly represented through soil moisture and through static
basin characteristics (e.g., baseflow index, water table depth)
used in the donor selection process (Sect. 2.4.3). For the in-
dividual gage models, only climatic (i.e., time-varying) data
were included. This is because these models were only time-
varying, and static variables would have provided no addi-
tional information. All geospatial data processing was done
using the R package gdptools (McDonald, 2022) and fol-
lowed the workflow described in Sect. S1 in the Supplement.
All climatic variable data (with the exception of climate
teleconnection variables) were transformed into percentiles
using both the variable-threshold method (thresholds are cal-
culated for each day of the year using only the values for that
day and surrounding 30 d window from all years on record;
identified by “weibull_jd”, where jd represents Julian Day, in
the variable name) described in Sect. 2.2.1 as well as a fixed-
threshold method (all values in the period of record are used
to calculate a single fixed threshold; identified by “site” in
the variable name and described in Simeone, 2022) that re-
sults in a deviation from the long-term average. Transformed
variables were included as predictors alongside their untrans-
formed forms. In addition, we included values derived from
rolling windows of 30 (monthly trends), 90 (seasonal trends),
and 365 (annual trends) days to average or sum preceding
daily values to provide the models with information on an-
tecedent conditions. This resulted in 130 total predictors.

2.3 At-site model development and evaluation

All model development was done using R version 4.2.2
(R Core Team, 2021) run on Amazon Web Services using
Amazon SageMaker Studio. We chose to implement random
forest classification models (Breiman, 2001) because of the
method’s well-established predictive performance and resis-
tance to overfitting (Biau and Scornet, 2016; Tyralis et al.,
2019), robustness to redundancies and correlations among
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Table 1. Selected explanatory variables for the at-site models. With the exception of the teleconnections (AMO, PDO, ENSO, PNA), all
variables were also transformed to percentiles and smoothed using rolling 30, 90, and 365 d rolling windows.

Variable Units Source Reference

Minimum Temperature °C gridMET Abatzoglou, 2013

Maximum Temperature °C

Precipitation mm

Evapotranspiration (Reference — grass) mm

Standardized Precipitation Evapotranspiration unitless

Index (SPEI)

Snow Water Equivalent (SWE) mm NASA NSIDC Broxton et al. (2019)

Soil Moisture (0—10 cm depth) kg m~2 NASA NLDAS2 Mitchell et al. (2004)

Soil Moisture (10-40 cm depth) kg m~2

Soil Moisture (40-100 cm depth) kg m~2

Atlantic Multidecadal Oscillation (AMO) unitless National Oceanic and Enfield et al. (2001)
Atmospheric Administration

Pacific Decadal Oscillation (PDO) unitless National Oceanic and Mantua (1999)
Atmospheric Administration

El Nino-Southern Oscillation (ENSO) unitless National Oceanic and Bjerknes (1969)
Atmospheric Administration

Pacific North America pattern (PNA) unitless National Oceanic and Barnston and Livezey

Atmospheric Administration (1987)

Sunspots

International sunspots

Royal Observatory of Belgium  Clette et al. (2015)

Date decimal date

n/a n/a

n/a not applicable.

predictor variables (post-hoc dimension reduction, described
in Sect. 2.4.2, is utilized over pre-processing for this reason),
and the ability to quantify the relative importance of individ-
ual predictor variables (Archer and Kimes, 2008). The mod-
eling was done using the caret package in R (Kuhn et al.,
2023). The overall study methodology, beginning at the de-
velopment of individual random forests models, is summa-
rized in Fig. 2.

2.3.1 Training and configuration

A random forest classification model was trained for each of
the 3198 streamgages included in the analysis. Because of
the class imbalance (drought events comprise 20 % of obser-
vations), training data were weighted inversely proportional
to class frequency (0.8 for drought, 0.2 for non-drought), ef-
fectively treating each drought instance as equivalent to four
non-drought instances in the node-splitting calculations. Pre-
processing on each model to reduce the number of predictor
variables was avoided in favor of post-processing to facilitate
direct comparison among the 3198 models developed for the
analysis. Because random forests are robust to correlated pre-
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dictors and uninformative predictor variables, preserving the
full input space for all models allows for interpretability and
enhanced pattern detection, two major goals for this analysis.

Variable importance was computed using the Gini Index,
or mean decrease in impurity (MDI), which sums the gain
associated with all splits performed along a given variable.
MDI was selected to compute variable importance because
it has been shown that rankings based on MDI can be more
robust to perturbations of the data compared with those ob-
tained with permutation-based importance (Calle and Ur-
rea, 2011). Minimum node size was set to the package de-
fault of 10 for classification. Given the scale of the analy-
sis (3198 individual models), individual hyperparameter op-
timization was not practical; models with poor performance
were excluded through the filtering described in Sect. 2.4.1.
Cohen’s Kappa (Cohen, 1960) was used to select the opti-
mal model because it is not prone to bias toward the majority
class.

Hydrol. Earth Syst. Sci., 30, 5925-5945, 2026
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RQ1. “What are the common hydrometeorologic drivers of streamflow drought in the CONUS?”

§23and 2.4.1

§242

Develop a random forest model for predicting
streamflow drought at 3,198 basins in CONUS.

Filter at-site models using
a Kappa threshold of 0.4.

Reduce dimensionality of IVs using

—l principal component analysis (PCA).

Examine Vs for CONUS-wide

Extract importance values
driver importances.

(IVs) from each model.

Examine principal components (PCs) for

regional patterns in driver importance.

RQ2. “What are the defining physiographic
characteristics of basins most sensitive to

RQ3. “Can we use dynamic regionalization to predict daily streamflow
drought at ungaged locations?”

- - . 7”
influential drivers of streamflow drought? §244

§24.3

Create linear regressions for each PC using | [[|

Model the PCs for a site using its GAGES-
Il data and the regression models.

Examine the predictive capability
of the donor method regionally.

selected GAGES-II variables as predictors.

—

=

Examine regression fits for commonalities

in basin characteristics for individual PCs. coefficients.

v Find the top 1% donors by
similarity in PC regression (—{ data in donor RF —>| Validate using at-site

Use site forcing Arrive at a prediction.

models. model and observations.

Intermediate processing step | | Direct response to Research Question (RQ)

Figure 2. Methodology flowchart describing the intermediate processing steps in white boxes and steps that directly address research ques-
tions in green boxes. Boxes are organized by the three major research questions. Sections that elaborate on the steps are also listed in each

box for reference. CONUS refers to the conterminous United States.

2.3.2 Model evaluation

To understand model performance at each streamgage, the
models were trained on data from 1985-2015 and tested on
data from 1982-1984 and 2016-2020. The early testing pe-
riod (1982-1984) is shorter because the snow water equiva-
lent data we used are not available prior to 1982. We included
an early and late testing period to be able to account for and
potentially analyze the presence of nonstationarity in the fre-
quency of streamflow droughts at the streamgages of interest.
We selected evaluation metrics that provide a fair assess-
ment of the prediction, accounting for the imbalance in the

drought data. Selected metrics include:
s . Po — Pe
Cohen’s Kappa coefficient (Cohen, 1960): ﬁ
(S

Tpos + Tne
Observed agreement, p, : pos + g 3)
Tpos + Tneg + Fpos + Fneg

Expected agreement by chance, pe :

@

Tpos + Fneg
Tpos + Tneg + Fpos + Fneg
Tpos + Fpos
x Tpos + Tneg + Fpos + Fneg
Fpos + Tneg
Tpos + Tneg + Fpos + Fneg
Fneg + Tneg
X Tpos + Tneg + Fpos + Fneg
Tpos

“

Model sensitivity: (®)]

Tpos + Fneg’
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. Tneg
Model specificity: ——————, (6)
Tneg + Fpos
Balanced model accuracy:
Model sensitivy + Model specificity )

2

where Tpos is the number of true positives, Fneg is the num-
ber of false negatives, Tneg is the number of true negatives,
and Fpos is the number of false positives.

Cohen’s Kappa score (hereafter, “Kappa™) is designed
to evaluate the observed model accuracy compared to the
expected model accuracy. By adjusting for agreement that
might happen by random chance, it is a helpful metric for
evaluating predictions on imbalanced test data (80 % non-
drought, 20 % drought), where a naive model predicting only
the majority class would achieve high accuracy but a Kappa
near zero. While class weighting during training (Sect. 2.3.1)
addresses imbalance in the learning process, Kappa provides
a fair evaluation of the resulting predictions on the natu-
rally imbalanced test set. Model sensitivity and specificity
characterize the model performance specifically associated
with events (droughts) and non-events (non-droughts), re-
spectively. Balanced model accuracy represents the mean of
model sensitivity and specificity and provides an unbiased
evaluation of model performance as it relates to prediction of
both drought and non-drought events.

https://doi.org/10.5194/hess-30-5925-2026
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2.4 Development and evaluation of dynamic
regionalization method

Within the overall methodology (Fig. 2), the analysis and
application of the model output to a donor-based predic-
tion method was conducted in four steps: (1) pre-analysis
filtering of gages associated with poor model performance
(Sect. 2.4.1), (2) dimension reduction of important pre-
dictor variables using principal component analysis (PCA;
Sect. 2.4.2), (3) regression of principal components (PCs)
using basin characteristics as predictors (Sect. 2.4.3), and
(4) development of a donor-gage drought prediction method
at pseudo-ungaged basins using regressed principal compo-
nents (Sect. 2.4.4).

2.4.1 Pre-analysis filtering of poor-performance gages

At-site models with poor performance (Kappa scores less
than 0.4) were excluded from the potential donor candi-
date pool. We observed that poor performance was typically
seen in the Northern Rocky Mountains (Northern Rockies),
West, and Southwest regions of the United States, where in
a greater prevalence of basins, water management practices
can alter the observed streamflow (Falcone, 2011). Because
these practices are not adequately represented with the avail-
able data, we are unable to model them accurately. Gages
which are subject to high levels of disturbance are often lo-
cated in the arid west where water management practices
may have a larger proportional effect. Because of this, con-
sideration was given to trade-offs between spatial represen-
tativeness and noise reduction in the filtering process.

Kappa was prioritized as the primary filtering mechanism
above other metrics as it is a more robust measure of clas-
sification performance in imbalanced datasets. This decision
ensured that the models used in the analysis not only demon-
strated high predictive power, but also a robust ability to han-
dle class imbalances and make informed classification de-
cisions when applied to drought conditions. Ultimately, the
threshold value of Kappa > 0.4 was set to include values of at
least a “fair” to “moderate” rating (Fleiss et al., 2003; Landis
and Koch, 1977). This reduced the dataset from 3198 models
to 1900 filtered models. These filtered models were then used
for the remainder of the analysis, as well as donor candidates
in the method described in Sect. 2.4.4.

2.4.2 Dimension reduction of variable importance

The Gini Index variable importance measure described in
Sect. 2.3.1 is a useful byproduct of the random forest (RF)
models, as it provides insight into the discriminative ability
of each predictor variable for streamflow drought classifica-
tion (Archer and Kimes, 2008). However, the high dimen-
sionality of the 130 predictor variable dataset for each RF
model, as well as the influence of insignificant variables and
correlative effects, necessitated transformation prior to anal-
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ysis and interpretation (Jolliffe, 2002). Therefore, we applied
PCA (Hotelling, 1933) to reduce the dimensional complex-
ity of the predictor variable importance values generated for
each of the filtered random forest models. The variable im-
portances were scaled to have unit variance before analysis,
and the top 27 PCs were selected accounting for 95 % of the
total variability in the dataset. PCA was conducted in R using
the stats package (R Core Team, 2021). Correlation among
variable importances were not explicitly calculated due to the
scale of the predictor dataset. However, loadings (the coeffi-
cients of the linear combination of the original variables from
which the PCs are constructed) with similar magnitude and
direction within a principal component are generally propor-
tional with the Pearson correlation coefficient (Frost et al.,
2015). Therefore, loadings were examined here following the
dimensional reduction as part of the overall analysis.

2.4.3 Regression of principal components using basin
characteristics

To predict at locations outside the modeled dataset, PC scores
were estimated using regressions built with 58 selected cli-
matic and physiographic basin characteristics obtained from
the GAGES-II dataset (Falcone, 2011). These variables were
derived from a prior study (Konapala and Mishra, 2020), and
selected based on their relatively high influence over stream-
flow drought (Addor et al., 2018; Rice et al., 2015; Stoelzle
etal., 2014). Included are 10 climate variables, 15 hydrologic
catchment variables, 4 land cover variables, 23 soil charac-
teristic variables, and 6 topographic variables. Table S1 in
the Supplement lists these variables with a short description.
A complete description of these variables can be found in
the metadata associated with the GAGES-II dataset (Falcone,
2011). A linear model was deemed sufficient for modeling
the principal components through inspection of each covari-
ate relationship with the first 6 principal components, as well
as ANOVA-based comparative model testing of alternatives
to the Gaussian error distribution. Therefore, a linear regres-
sion for each of the 27 principal component scores was de-
veloped using the 58 GAGES-II variables at all donor-gage
locations. The variables were each scaled such that they were
centered with a mean of 0 and a standard deviation of 1 to fa-
cilitate comparison of the regression coefficients.

2.4.4 Development of donor-gage prediction method

To accomplish a donor-based prediction at a location of in-
terest (LOI) outside the donor-gage network, we developed
a method which selects characteristically similar donors for
the LOI and combines them to generate a single prediction
time series. First, a set of PC scores were estimated for the
LOI using the regression models described in Sect. 2.4.3 and
the LOI basin characteristics. To determine suitable donors,
the absolute difference between each estimated PC score for
the LOI and each corresponding PC score for each candidate
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Table 2. At-site model performance metrics for all sites (n = 3198) and filtered sites (n = 1900) based on comparison of at-site RF models

to observed streamflow drought time series.

A. Heldmyer et al.: Predicting streamflow drought in the conterminous United States

Metric Subset Mean Median Standard Deviation Minimum Maximum
Balanced Accuracy  All sites 0.75 0.77 0.12 0.35 1
Filtered 0.82 0.82 0.06 0.63 1
Kappa All sites 0.42 0.45 0.2 —0.16 0.88
Filtered 0.56 0.55 0.09 0.4 0.88
Overall Accuracy All sites 0.86 0.87 0.07 0.46 1
Filtered 0.88 0.88 0.04 0.75 1
Sensitivity All sites 0.59 0.65 0.26 0 1
Filtered 0.73 0.75 0.14 0.27 1
Specificity All sites 0.91 0.91 0.06 0.48 1
Filtered 091 0.91 0.05 0.69 1

donor was computed and weighted by the percent of total
variance explained by that PC (Sect. 2.4.2), giving greater
influence to more determinative components. For example,
if PC1 explains 25 % of the total variance in the original
dataset of variable importances, the calculated values for
the absolute difference between PC scores for PC1 were
weighted by 0.25. These weighted differences were then
summed across all PCs for each candidate donor. In an effort
to dilute the effects of potential outlier donors due to possible
low regression strength, we selected the top 1% (i.e., 19 of
1900) of candidates that resulted in the minimal weighted ab-
solute sum of differences to comprise the donors for the LOL.
The 1 % threshold was selected as a pragmatic choice to pro-
vide a sufficient ensemble size for averaging while maintain-
ing similarity to the LOI; sensitivity to this parameter was
not formally tested. The random forest explanatory variables
described in Table 1 for the LOI were then used to force each
of the donor RF models and provide a set of drought prob-
ability time series. These were then averaged and converted
to a binary series using a threshold of 0.35, which was deter-
mined based on maximization of Kappa between the donor
predictions and observations through iterative testing at 0.05
intervals from 0.05 to 0.95.

2.4.5 Evaluation of donor-gage predictions

Donor-gage predictions were evaluated at all 3198 sites (i.e.,
both filtered and unfiltered), as well as at the filtered subset of
1900 sites, using the Kappa metric based on two targets. The
first target was the relative performance of the donor-gage
predictions when compared to the time series of streamflow
droughts as predicted by the at-site model for the test period
at each gage. This evaluation provided both an understand-
ing of how well the donor-gage method performed compared
to what can be expected from a model at that gage, as well
as the validity of matching donors using patterns in variable
importances. The second target we used was the timeseries
of observed streamflow droughts at each gage. This target al-
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lowed us to assess the performance of the donor-gage predic-
tion method with all types of error included in the analysis.

3 Results
3.1 At-site model results
3.1.1 Model performance

Performance for the at-site RF models evaluated with the
metrics described in Sect. 2.3.2 are summarized below in Ta-
ble 2. Performance across all metrics were higher at filtered
sites than at all locations.

Spatial patterns in Kappa were evident, with greater Kappa
scores primarily in the Central, Southeast, and Northeast re-
gions, along the Pacific coast of the West and Northwest
regions, and towards the center of the Southwest region
(Fig. 3).

3.1.2 Model Importance Values

Following the filtering described in Sect. 2.4.1, we examined
the variable importance values produced for each of the 130
input variables included in the 1900 models. Boxplots of val-
ues associated with each variable are provided in Fig. S1
in the Supplement. Across all models, the input variables
with the highest median importances were soil moisture,
precipitation, and Standardized Precipitation Evapotranspi-
ration Index (SPEI) at various rolling window smoothing
lengths, with some Weibull-transformed and others in raw
form. However, spatial patterns across most variables were
evident (Fig. 4). For example, potential evapotranspiration
(PET) was found to have higher importance in the South,
Southwest, and Southeast regions. SPEI had higher impor-
tance across the CONUS except in the Southwest region,
whereas snow water equivalent (SWE) importance was high
in the Southwest, Northern Rockies, Northwest, and West re-
gions. Teleconnections (AMO, PDO, ENSO, PNA), while
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Figure 3. At-site model performance represented by the Kappa
metric for (a) all 3198 sites, and (b) 1900 sites filtered by Kappa
scores > 0.4.

low relative to other variables, were generally higher im-
portance in the western CONUS (Northwest, West, Northern
Rockies, Southwest regions). Decimal date was found to be
relatively low importance at most sites except in the West,
Southwest, and South regions, where certain gages demon-
strate an outsized value.

Overall, the variable with the greatest mean importance
was Weibull-transformed soil moisture between 40- and
100-cm depth (mean Gini Index score of 82.5), followed
by Weibull-transformed soil moisture between 10- and 40-
cm depth (mean Gini Index score of 64.1). Following
these in mean importance were three precipitation vari-
ables: 90 d rolling average Weibull-transformed precipitation
(mean Gini Index score of 57.2), 90d rolling average pre-
cipitation (mean Gini Index score of 52.2), and 365 d rolling
average Weibull-transformed precipitation (mean Gini Index
score of 50.3). The 90d rolling average Weibull-transformed
SPEI was the next greatest (mean Gini Index score of 47.6).
Variables besides soil moisture, precipitation, and SPEI did
not have mean Gini Index scores greater than 37.1, which
was the value found for the Decimal date variable.

3.2 Principal Components Analysis

PCA results revealed that the first three principal components
(PCs) explained about 60 % of the variance in the variable
importance data, and the first six PCs explained about 80 %.
While a total of 27 PCs were included in the analysis, only
the top three will be discussed here in detail since regional
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patterns are only clearly apparent for these PCs. Interpreta-
tion of the PCs in terms of the original variables illuminates
some high-level data structures present among the original
RF model input variables. In general, loadings closer to —1
or | indicate that the variable strongly influences the compo-
nent. However, due to the complexity and high dimensional-
ity of the input data, loadings for the first three PCs did not
exceed a magnitude of 0.25.

Relatively high magnitude loadings for PC1 include tele-
connections such as PNA, ENSO, and PDO, as well as at-
mospheric energy and evaporative demand metrics such as
temperature (both minimum and maximum daily) and PET
(Fig. 5). However, these variables were less influential in
the Central and coastal Northwest regions of the CONUS.
These loadings were between —0.11 and —0.13. PC2 is dom-
inated by moisture-related metrics: precipitation, SPEI, and
soil moisture. These loadings were between 0.11 and 0.18.
Notably, a clear split between 365D soil moisture and 30D
precipitation is evident in the loadings between the east-
ern (Northeast and Central regions) and the western (West,
Southwest, Northwest, and Northern Rockies regions) parts
of the CONUS. PC3 is largely characterized by soil mois-
ture (between —0.13 and —0.21) and SWE (between 0.10
and 0.19). Soil moisture is dominant in the Southeast and
South regions, whereas SWE is more influential in the North-
east, Northwest, Northern Rockies, Southwest, and interior
parts of the West along the Sierra Nevada mountain range.

3.3 Regression of PCs with donor basin characteristics

Regression statistics for the first three PCs are provided be-
low in Table 3. Adjusted R for the first three principal com-
ponents were found to be between 0.41 and 0.74. Statistics
for all 27 principal components are also provided in Table S2.

For PC1, the F-statistic was below the F-critical value.
However, all p-values were found to be below 0.01, indi-
cating statistical significance for alpha=0.05. An abbrevi-
ated table for the most significant predictor variables (p-
value < 0.001) with coefficients above 1 or below —1 for the
first three PCs are shown below in Table 4 along with their
coefficients. The coefficient threshold was implemented to
focus the interpretation on significant variables that also gen-
erate the greatest response in the PC value.

For the PC1 regression, PET and T_AVG_BASIN were
found to have very high magnitude coefficients (>10), but
with opposite sign.

3.4 Donor-gage prediction results

Mean Kappa scores for donor-gage predictions for the test
period (Water Year (WY; 1 October-30 September) 1982—
1984 starting April 1982, WY 2016-2020) at all sites
was 0.40 with a standard deviation (o) of 0.22. Other met-
rics are summarized below in Table 5.
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Figure 4. Spatial plots of the transformations (indicated in parentheses) with the highest median Gini Index scores (i.e., variable importance)
for each variable at 1900 at-site models across the CONUS. Roll30, Roll90, and Roll365 indicate rolling smoothing windows of 30, 90,
and 365 d, respectively. JD and Site indicate Weibull transformation using the Julian Day (variable) or site-based (fixed) drought threshold
definitions, respectively.

Table 3. Regression statistics for the first 3 principal components modeled using GAGES-II variables. For each PC, the RZ, adjusted RZ,
residual standard error (SE), F-statistic, F-critical, degrees of freedom (df), p-value, and Akaike Information Criterion (AIC) score are
provided.

PC  R%? Adjusted R2 Residual SE  F-statistic  F-critical df  p-value AIC
1 042 0.41 5.26 36.84 37 1862  <0.01 6348.68
2 067 0.67 3.05 101.2 38 1861  <0.01 4270.88
3074 0.74 1.73 143.5 37 1862 <001 2112.95

Hydrol. Earth Syst. Sci., 30, 5925-5945, 2026 https://doi.org/10.5194/hess-30-5925-2026



A. Heldmyer et al.: Predicting streamflow drought in the conterminous United States

5935

Table 4. Linear regression coefficients for highly significant (p < 0.001) predictor variables with coefficient absolute values > 1 for the first 3

principal components (PCs).

GAGES-II Variable Short description Category PC1 PC2 PC3
BFI_AVE Base Flow Index Hydro —1.68
DEVNLCDO06 Watershed percent “developed” LC06_Basin
ELEV_MEAN_M_BASIN Mean watershed elevation Topo —-138 —-2.66
FORESTNLCDO06 Watershed percent “forest” LCO06_Basin 1.28
FST32F_BASIN Mean day of year of first freeze Climate —2.09 3.11 1.78
LAT_GAGE Gage latitude BasinID 1.04
LNG_GAGE Gage longitude BasinID
LST32F_BASIN Mean DOY of last freeze Climate 3.35 2.88
NOI10AVE Average percent of soil by weight passing through Soils

No. 10 sieve
NO200AVE Average percent of soil by weight passing through Soils

No. 200 sieve
PERMAVE Average permeability Soils 2.44
PET Mean annual potential evapotranspiration Climate —-1093 —-138 —1.89
PLANTNLCDO06 Watershed percent “planted/cultivated” LCO06_Basin 1.69
PPTAVG_BASIN Mean annual basin precipitation Climate 342 —1.01
PRECIP_SEAS_IND Precipitation seasonality index Climate —1.22
RFACT Rainfall and runoff factor Soils 1.11
SNOW_PCT_PRECIP Snow percent of total precipitation Climate 2.02
T_AVG_BASIN Average annual basin air temperature Climate 10.65 2.74
WDMIN_BASIN Average annual basin minimum days of precipitation Climate —-1.27 1.34

Table 5. Donor-gage model performance metrics for all sites (n = 3198) and filtered sites only (n = 1900) based on comparison of donor-
gage model to observed streamflow drought time series.

Metric Subset Mean Median Standard Deviation, o Min Max
Balanced Accuracy  All sites 0.73 0.75 0.13 0.3 1
Filtered 0.79 0.81 0.09 037 0098
Kappa All sites 0.4 0.44 022 —-0.26 0.84
Filtered 0.52 0.53 0.14 —-023 0.84
Overall Accuracy All sites 0.86 0.87 0.07 0.38 1
Filtered 0.88 0.88 0.04 0.62 0.99
Sensitivity All sites 0.54 0.59 0.26 0 1
Filtered 0.67 0.71 0.19 0 1
Specificity All sites 0.91 0.91 0.05 0.5 1
Filtered 091 091 0.04 0.64 1
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Figure 5. The top three principal components (PCs) for variable threshold random forest drought model importance values at each donor
candidate site (n = 1900) across the contiguous United States. Generally, PC scores indicate covariation among the predictors listed for each
subplot below their associated spatial maps. Here, the 10 largest positive and negative loadings are listed in order, with a horizontal dashed
line indicating where the dataset was truncated. The color of these variable points corresponds with the spatial maps and indicates a relatively

strong influence of the variable at the sites of the same color.

Geographically, higher Kappa scores (0.4 and above) were
distributed similarly to the at-site model Kappas (Fig. 3), pri-
marily in the East and Southeast regions (Fig. 6). Higher
Kappa scores were also found in the Southwest and coastal
parts of the West and Northwest. Low Kappa scores (be-
low 0.4) were found primarily in the Northern Rockies,
Southwest, and Great Lakes regions.

3.4.1 Comparisons to at-site model performance

Donor-based predictions had a mean Kappa score across
all sites 0.02 lower than the at-site model predictions (0.03
for the filtered subset). Generally, the donor-based pre-
dictions outperform low-Kappa at-site models and under-
perform high-Kappa at-site models, indicating an overall
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smaller distribution of scores (Fig. 7). Furthermore, the geo-
graphic distribution of donor-based model performance gen-
erally followed the distribution of at-site model performance.
The spatial structure of the comparative model performance
was generally undefined. However, the donor-based method
underperformed the at-site models in the coastal part of the
West and Northwest regions, in particular.

3.4.2 Selected example gages

Two sites were selected to demonstrate the donor-gage
method in the Northeast and Southwest regions of the United
States (Fig. 8). These sites include basins represented by
USGS streamgage 09152500 in the west (U.S. Geological
Survey, 2024b) (Gunnison R. Near Grand Junction, CO; U.S.
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Figure 6. Model performances of donor-based predictions repre-
sented by Kappa scores for the test period (1982-1985, 2015-2020)
at (a) all 3198 gage locations, and (b) 1900 sites filtered by Kappa
scores > 0.4.

Geological Survey, 2024b) and USGS streamgage 01440400
in the east (Brodhead Creek Near Analomink, PA; U.S. Ge-
ological Survey, 2024a).

The drought events that occurred at these two locations
differed in both longevity and frequency during the later test
period (2016-2020), with droughts in the Southwest loca-
tion appearing for greater lengths of time but at a lower
frequency. Additionally, donor gages for the Northeast site
were located a much shorter mean distance from the site
at 219 km (donors for the Southwest site were located at a
mean distance of 2891 km). In addition, the relative agree-
ment in predicted drought probability among the donors also
differed, with donors generally in greater agreement for the
Northeast location (mean standard deviation of 0.03) than the
Southwest location (mean standard deviation of 0.06). How-
ever, despite these differences, the donor-based approach was
able to perform comparably to the at-site model predictions
in both circumstances, with a difference in Kappa of 0.07
and 0.01 for the western and eastern locations, respectively.

4 Discussion

4.1 The common meteorologic drivers of streamflow
drought across the CONUS

The random forest model variable importances indicated
the top three important categories of variables among those
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tested for predicting streamflow drought in the CONUS
were soil moisture, precipitation, and SPEI. These drivers,
as fundamental indicators of moisture, are directly linked to
streamflow and are therefore well-documented in their link-
age to streamflow drought (McCabe et al., 2023; Pournasiri
Poshtiri et al., 2019). Soil moisture importance, particularly
at the deeper 1040 and 40-100 cm depths, was especially
high in places with relatively low aridity (i.e., regions out-
side of the Southwest). This is likely indicative of hydro-
logic memory effects in these wetter regions, where deep
soil moisture integrates antecedent conditions over long pe-
riods and can sustain low streamflow even after short-term
meteorological conditions improve. In other words, deep soil
moisture deficits in low-aridity regions may prolong drought
by resisting rapid recovery in response to transient precipita-
tion events. Other variables, such as PET and SWE, showed
a more region-specific (mainly, the Southwest and Northern
Rockies) relevance to streamflow drought prediction. This is
consistent with the dominant role of temperature and sea-
sonal snowpack in the regulation of streamflow for basins in
the arid Southwest and basins that are primarily snow-driven
(Livneh and Badger, 2020). The teleconnection (AMO, PDO,
ENSO, and PNA) and sunspots variables showed a generally
low predictive importance across the CONUS. This is con-
sistent with past findings that show these large-scale drivers
have limited direct influence over streamflow at the local
scale (Mallya et al., 2013; Piechota and Dracup, 1996). No-
tably, the date variable shows elevated importance for cer-
tain sites in the western CONUS (South, Southwest, West
regions). Given that streamflow was transformed to reduce
seasonality in the models, it is possible that long-term dry-
ing trends due to persistent warming, snowpack loss, and re-
duced runoff efficiency are being captured here. This aligns
with findings from prior literature (Livneh and Badger, 2020)
documenting such shifts in many western catchments.

The principal component analysis allows for an exam-
ination of generalized drought typology in the CONUS,
whereby individual meteorological and hydrologic variables
can be examined by their relative fluctuations in impor-
tance across regions (Kim et al., 2021; Mainali and Pricope,
2017). Such regional drought patterns have been investigated
before. Konapala and Mishra (2020) found three distinct
drought regimes across the CONUS based on random forest
algorithms for the period of 1979-2010: (1) longer duration,
less frequent, and less intense droughts; (2) moderate dura-
tion, moderately frequent, and moderately intense droughts;
and (3) shorter duration, more frequent, and more intense
droughts. The basins organized into these drought regimes
often exhibited similar spatial patterns to the regions that de-
veloped from the PCA in this analysis. Their study found
high elevation, arid/semiarid, and/or snow-fed basins, typi-
cally found in the western CONUS (West, Southwest, North-
west, and Northern Rockies regions), were clustered into the
first regime and contrast with the more humid basins in other
clusters that demonstrate a more direct precipitation influ-
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Figure 7. A comparison between donor-based model accuracy and at-site model accuracy at 3198 sites in the CONUS. Panel (a) is a
scatterplot showing the relationship between at-site and donor-based models and corresponding boxplots showing model distributions, and
panel (b) is a map showing the differences between donor-based and at-site model Kappa values. Sites with less than a 0.1 absolute difference

are represented with small grey points.

ence, typically found in the Northwest and eastern CONUS
(Northeast, Central, and Southeast regions). Additionally, the
largest loadings for PC2 in this study were largely the same
variables in the positive (SPEI, precipitation) and negative
(soil moisture, SWE) directions, but at different smoothing
window lengths (365 d in the negative direction, 30d in the
positive direction). This is analogous to the varying drought
lengths found by Konapala and Mishra (2020): models in the
western CONUS were more influenced by longer smooth-
ing window lengths for important drought predictor variables
(365 d), and shorter lengths in the eastern CONUS (0 to 30 d).

Through PCA, we found evidence of spatial groupings
among broad categories of variables with relatively simi-
lar influence on streamflow drought. For example, PC1 de-
scribed relatively high loadings among the teleconnections
used in this study (PNA, ENSO, PDO), temperature, and
PET. All these loadings were negative and are therefore as-
sociated with the region in Fig. 5 populated with sites that
have a negative (purple) PC value. This includes the West,
Southwest, Northern Rockies, and non-coastal Northwest, as
well as parts of the Southeast and Northeast regions. The out-
sized impact of these climate variables on drought conditions
in the CONUS at regional scale has been well-documented
(e.g., Baek et al., 2019; Cook et al., 2014; Woodhouse et al.,
2016). Other notable examples include Singh et al. (2021)
finding a significant modulation of ENSO effects on stream-
flow, and a PCA conducted by McCabe et al. (2004) find-
ing a principal component highly correlated with PDO to
explain 24 % of total variance in drought frequency. Flori-
ancic et al. (2021) found that high excess PET is a potential
driver of low flows in catchments along the coastal Southeast
and Northeast regions. The low importance of teleconnec-
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tions variables at individual sites combined with high load-
ings and overall predominance of teleconnections variables
within PC1 (demonstrating a strongly consistent, regional
scale pattern) demonstrate that teleconnections act as strong
background climate modulators at regional scales, influenc-
ing overall drought sensitivity without directly contributing
to local drought conditions.

It is also possible that compounding interactions between
the teleconnections variables is a factor in the dominance of
teleconnections among the high magnitude loadings within
PCI1. Prior studies have shown that PDO may modify the
relationship between ENSO and regional drought events by
either strengthening or weakening the atmospheric circula-
tion anomalies associated with ENSO (Gershunov and Bar-
nett, 1998; Rao et al., 2019; Singh et al., 2021; Yeh et al.,
2018). Similarly, a La Nifa-induced negative PNA pattern
may be intensified by the negative PDO (Hu and Huang,
2009; Nguyen et al., 2021; Wang et al., 2014). Given ideal
phase timing, teleconnections may interact in compounding
fashion to strengthen the severity of streamflow drought con-
ditions at a regional scale.

We observe similar high-loading driver components and
interactions in other PCs as well. PC2 combines precipita-
tion and moisture-related drought drivers (SPEI, soil mois-
ture), and PC3 is primarily associated with SWE and soil
moisture-related drivers. Through sign analysis, we find that
short-term precipitation, SPEI, and soil moisture are positive
in PC2, and therefore associated with the Northeast region
where PC2 is positive (green) in Fig. 5. A precipitation deficit
is generally considered to be the primary driver of drought
conditions, though long-term changes to precipitation show
a high degree of spatiotemporal variability (Naumann et al.,
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Figure 8. Two example prediction locations in the Southwest United States (U.S. Geological Survey (USGS) streamgage 09152500) and
Northeast (USGS streamgage 01440400). The map displays the prediction locations as triangles, and the 19 selected donor gages for predict-
ing at that location as circles of the same color. Time series of predicted streamflow drought probability for the model test period 2015-2020
are displayed for their corresponding prediction locations, with periods of observed streamflow drought displayed in red, the donors in
black (mean donor prediction is bold), and the at-site model predictions in blue. A dashed line at 0.35 indicates the threshold for predicted
streamflow drought status, where predictions above the line indicate streamflow drought and below indicate non-drought.

2018). The intermediate storage mode of precipitation, ei-
ther in the soil or in snowpack, is likely the discerning dif-
ference between PC3 positive and negative regions. In the
Northeast region, SWE is a high magnitude positive load-
ing, and soil moisture is a high magnitude negative loading.
Spatially, we see this in the delineation of basins into groups
of snow-driven and non-snow-driven streamflow, such as be-
tween the Southeast region and mountainous parts of the
western CONUS.

A difficulty that arises when linking meteorology to
streamflow drought is the overlapping influence of multi-
ple driver components within a region. From Fig. 5, we ob-
serve that drought in the western CONUS is driven by nu-
merous meteorological drivers. PC1, PC2, and PC3 all de-
scribe drought combinations of drivers centered in this area.
Many individual drivers are represented here: teleconnec-
tions, PET, temperature, and SWE, among others. Contrast
this with the Northeast region, where we note a dominance
of PC2 (precipitation-related) drivers over all others. It is
possible that a major contributor to the relative difficulty in
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untangling predictors of streamflow drought in the western
CONUS (apart from the difficulty in including water man-
agement operations), arises from this large pool of overlap-
ping streamflow drought typologies that can affect the region.
Future inclusions to the workflow, such as partial dependence
analysis or Shapley Additive Explanations (SHAP) values
not originally in the scope of this investigation, may prove
useful in disentangling these effects.

4.2 The connection between basin physiography and
streamflow drought drivers

To better understand the spatial structure of variable impor-
tance patterns in streamflow drought prediction found in the
PCA, we regressed the principal components against static
basin characteristics (Table 4). The resulting variability in
connection strength between PCs and basin characteristics,
where R? for the first three principal component regressions
showed increasing explanatory power (0.42 for PC1, 0.67
for PC2, and 0.74 for PC3), is likely indicative of the fact
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that basin characteristics more effectively explain the spa-
tial variation in local, physically grounded predictors like
soil moisture, precipitation, and snowpack, rather than in-
direct, regional-scale predictors like teleconnections, which
were dominant loadings in PC1.

The high magnitude regression coefficients for the tele-
connections and temperature-dominated PC1 typified the
majority of the eastern CONUS (where PCI is strongly
positive) as forested or cultivated (FORESTNLCDOG6,
PLANTNLCDO6), rainy (PPTAVG_BASIN), warm
(T_AVG_BASIN), and with permeable soils (PER-
MAVE). This is in contrast with the western CONUS
(where PCl is strongly negative), where elevations may be
higher (ELEV_MEAN_M_BASIN), precipitation is more
seasonal (PRECIP_SEAS_IND) and basins are drier (PET,
WDMIN_BASIN). These relationships suggest a greater
importance for teleconnections and energy demand-related
variables in basins with less buffering capacity (low soil
moisture retention and minimal snowpack), and a greater
sensitivity overall towards larger-scale climate patterns such
as ENSO and PNA which comprise the high-loading drivers
for the PC1 drought combination. Pefia-Gallardo et al.
(2019) conducted a PCA investigating correlations between
propagation from climate forcings (SPEI) and hydrological
drought and found similar results.

PC2, dominated by moisture-related variables (precipita-
tion, SPEI, and soil moisture), showed a contrast between the
Northeast region (where PC2 is generally positive), and the
western CONUS (where PC2 is negative). High magnitude
coefficients associated with positive PC2 values included
later freeze dates (FST32F_BASIN, LST32F_BASIN), more
days with precipitation (WDMIN_BASIN), and a higher
rainfall and runoff factor (RFACT). In the more humid North-
east, the strong influence of these longer-term soil moisture
metrics show basins in this region retain water over longer
periods. In contrast, the western CONUS associated negative
PC2 values with high magnitude negative sign coefficients
like elevation (ELEV_MEAN_M_BASIN) and PET, sug-
gesting a diminished capacity for water storage over long pe-
riods. These results contextualize PC2 as a moisture-regime
axis, framed by physiographic controls on catchment mem-
ory and responsiveness to shifts in moisture input.

Finally, PC3 distinguished between basins with soil
moisture-driven (negative PC3 values) variables in the South
and Southeast regions, and SWE-driven (positive PC3 val-
ues) variables in the Northeast, Northwest, Northern Rock-
ies, and Southwest regions, as well as interior parts of the
West region along the Sierra Nevada mountain range. From
the regression, positive PC3 values were associated with high
magnitude basin characteristics including snow as a per-
cent of total precipitation (SNOW_PCT_PRECIP), timing of
basin average day of first and last freeze (FST32F_BASIN,
LST32F_BASIN), latitude (LAT_GAGE), and basin aver-
age temperature (T_AVG_BASIN), while negative PC3 val-
ues were associated with baseflow index (BFI_AVE) and
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PET. These regression relationships for PC3 point towards
a dichotomy in seasonal storage between flow regimes in
snow-dominated systems found in the western CONUS,
and baseflow-driven systems in the South and Southeast re-
gions where soil moisture plays a more dominant role. In
the snowpack-driven western CONUS basins vulnerable to
streamflow drought driven by a reduction in SWE, the ef-
fects of earlier (and therefore slower) snowmelt highlight the
importance of freezing conditions timing and air tempera-
ture, as evidenced by findings that earlier, slower snowmelt
decreases subsurface flow and streamflow production (Barn-
hart et al., 2016).

4.3 The performance and applicability of the
donor-gage method

Beyond its use as an analytical tool for the investigation of
streamflow drought causes and corollaries, this method was
evaluated for its potential as a predictive tool in pseudo-
ungaged basins. The primary motivator lies in the complexity
of streamflow drought itself. Meteorological drivers are in-
terconnected and overlapping, andthe land surface both mit-
igates and exacerbates the drought signal as it propagates to
the basin outlet. This complexity implies a need for a model
workflow capable of independent and flexibly-derived pre-
dictions.

Here, the term “independent” is defined in contrast to re-
gional models that may be insensitive to drought drivers that
are highly heterogeneous at sub-regional scales and influ-
ential at individual basins within the region. Basins which
are not well-represented by overall regional characteristics,
which become increasingly prevalent as the modeled pro-
cesses increase in spatiotemporal variability, may be poorly
represented by such models. This is particularly true in re-
gions that encompass a wide range of basin characteristics,
such as the western CONUS. Our donor-based method ad-
dresses this issue by providing a dynamic regionalization
approach to optimize a sparse-model architecture. In other
words, it reduces the complexity of a regional tree-based
model by pruning the number of donor gages back to only
those that are similar to the ungaged location of interest. No-
tably, the donor-based predictions outperformed the at-site
models at some locations, particularly where at-site model
performance was low. This is likely attributable to the averag-
ing of 19 donor predictions, which reduces variance from in-
dividual model overfitting to local noise. In effect, the donor
ensemble provides regularization, where predictions from
characteristically similar basins may generalize better than
a single model trained on potentially noisy local data.

Similarly, the term “flexibly-derived” pertains to overcom-
ing the limitations introduced by models designed and cali-
brated to specific circumstances, locations, and prior human
understanding of the modeled process(es). The process of
combining meteorological drivers in the context of the re-
sponse variable, such as with PCA, is likely to become an in-
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creasingly important step in an age where models are becom-
ing larger in scope, and datasets more varied and numerous.
Drought models forced with meteorological datasets without
a contextually-based transformation or filtering built on the
response variable(s) are likely to be less accurate than those
with selected and pretreated input data. Machine learning-
based approaches do not suffer the rigidity of process-based
modeling approaches yet are sensitive to the datasets they
are supplied. This opens the door to potential future appli-
cations in different conditions, such as for modeling stream-
flow drought response to future climate scenarios. Under pro-
jected climate change, rising temperatures and shifting pre-
cipitation patterns are expected to alter the relative impor-
tance of drought drivers across the CONUS. For example,
increasing evaporative demand and declining snowpack may
amplify the role of temperature and PET in the West and
Northern Rockies, while changes in precipitation seasonality
could shift the dominant drivers in currently precipitation-
driven regions of the eastern CONUS. The driver typol-
ogy developed here provides a baseline against which future
shifts in drought mechanisms could be assessed.

Our variable-threshold drought definition identifies depar-
tures from expected seasonal flows, meaning that anoma-
lously low flows during any season are classified as drought.
While this approach appropriately removes the seasonal cy-
cle and captures meaningful departures year-round, it does
not distinguish between the potentially different mechanisms
driving drought in different seasons. For example, spring
drought may be more closely linked to snowmelt deficits or
precipitation shortfalls, while summer and fall drought may
be driven primarily by elevated evaporative demand or de-
pleted soil moisture and baseflow. Our random forest models
partially account for these seasonal differences through the
inclusion of date as a predictor variable, but a season-specific
modeling approach could more explicitly isolate the distinct
drivers of drought in different parts of the hydrologic year.

One oft-cited concern with machine learning-based ap-
proaches comes from its characterization as a “black box”
(Rudin, 2019; Welchowski et al., 2022). That is, the inter-
nal functions of a machine learning model are not easily in-
terpretable, making it difficult for users to understand and
evaluate model performance. This can be an issue in situa-
tions where the model may be drawing misleading or inac-
curate conclusions from the input data. Given this concern,
our compartmentalization of the workflow into discrete steps
provides several points along the workflow for analysis, in-
terpretation, and adjustment. For example, this method pro-
vides a mechanism to examine and manipulate the specific
inputs to the model (e.g., donor gages). For every set of pre-
dictions at ungaged locations using this approach, the mod-
eler is able to analyze the change in predictions or predic-
tive accuracy given a new set of donor gages. Through this
permutation of donors, the importance of each donor in the
model can be evaluated, providing crucial information on the
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relative importance of various model parameters on the final
predictions.

5 Conclusion

In this study, we developed a machine learning-based
methodology to advance understanding of the meteorologi-
cal drivers of streamflow drought, as well as the land surface
characteristics that influence its propagation to the basin out-
let. We have also investigated the potential for this donor-
based method as an approach for drought prediction in
pseudo-ungaged basins using a dynamic regionalization.

We conclude that the meteorological drivers of streamflow
drought are highly interconnected, and the reorganization of
these drivers with specific reference to streamflow drought
through PCA transformation of random forest importance
values provides contextually based insights into the influence
of these drivers. Overall, we found that the greatest impor-
tance values across the CONUS were held by precipitation,
soil moisture, and SPEI. From PCA, we found that stream-
flow drought drivers cluster into distinct, regionally coher-
ent groupings: teleconnections, temperature, and evapora-
tive demand co-vary in the western CONUS; precipitation,
SPEI, and soil moisture co-vary in the eastern CONUS; and
snow—water equivalent and soil moisture distinguish snow-
dominated from baseflow-driven systems. These groupings
exhibit the strongest regional differences across the CONUS.

Additionally, we found regional differences in overlap of
streamflow drought drivers, with the western CONUS sub-
ject to teleconnections, temperature, precipitation, and snow,
and the Northeast region dominated by precipitation-related
drivers alone. We also conclude static climatic and physio-
graphic basin characteristics have an important and complex
influence on drought propagation during the transitional pe-
riod in the hydrologic cycle between the atmosphere and ob-
served streamflow.

Finally, we found potential in a donor-based dynamic re-
gionalization for predicting streamflow drought at pseudo-
ungaged locations. We found a comparable performance in
predicting drought between an at-site random forest model,
and a dynamically selected and weighted set of donors which
share common drought response characteristics.

The results from this investigation provide new insights
into the spatiotemporal distribution of influential streamflow
drought drivers and may serve as a guiding framework to-
wards future advances in streamflow drought prediction. Fur-
ther, this method can provide greater potential for improv-
ing the interpretability of machine learning by parsing the
prediction-model donors out and allowing them to be ana-
lyzed individually.
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