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Abstract: 47 

Forecasts of streamflow drought, when streamflow declines below typical levels, are notably less 48 

available than for floods or meteorological drought, despite widespread impacts. To address this gap, 49 

we apply machine learning (ML) models to forecast streamflow drought 1-13 weeks into the future at > 50 

3,000 streamgage locations across the conterminous United States (CONUS). We applied two ML 51 

methods (Long short-term memory (LSTM) neural networks; Light Gradient-Boosting Machine - 52 

LightGBM) and two benchmark model approaches (persistence; Autoregressive Integrated Moving 53 

Average - ARIMA) to predict weekly streamflow percentiles with independent models for each forecast 54 

horizon. To explore whether a training focus on dry weeks improved performance, both ML models 55 

were trained using all percentiles (LSTM-all, LightGBM-all) and only percentiles below 30% (LSTM<30, 56 

LightGBM<30). We evaluated model performance regionally and nationally for drought occurrence (the 57 

classification performance for a future date) and for drought onset/termination (performance 58 

identifying drought starts and ends). ML models generally performed worse than the persistence model 59 

for discrete classification (moderate, severe, extreme drought) of drought occurrence but exceeded the 60 

benchmark models for onset/termination. ML models outperformed benchmarks in predicting 61 

continuous streamflow percentiles below 30%. Occurrence performance was better for less intense 62 

droughts and shorter forecast horizons, with the ML models having predictive power at 1-4 week 63 

horizons for severe droughts (10th percentile threshold). All models struggled to forecast onset, though 64 

the best ML model was the LSTM<30 (sensitivity of 22%). Termination performance was greater, with 65 

the drought termination performance greatest for the LightGBM-all model. When estimating model 66 

uncertainty, the LSTM<30 model had the narrowest 90% percentile interval with closest to optimal 67 

capture. This work highlights the challenges and opportunities to further advance hydrological drought 68 

forecasting and supports an experimental operational streamflow drought assessment and forecast tool. 69 

Keywords: hydrological drought, streamflow drought, streamflow, forecasting, machine learning,  70 

uncertainty quantification 71 

Highlights:  72 

1. Applied neural network and tree-based models to predict streamflow percentiles weekly 1-13 73 

weeks into the future 74 

2. Many models underperformed compared to a simple benchmark forecasting current conditions 75 

3. Models trained to focus on streamflow percentiles <30 were best for drought forecasting 76 

4. ML models outperform benchmarks in predicting drought termination for 1-4 weeks 77 

5. Study sets a baseline for future streamflow drought forecast improvement  78 

 79 

 80 

 81 
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 84 
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1. Introduction  85 
 86 

Drought is a complex phenomenon that poses significant challenges to water resource management 87 
across the United States. Drought encompasses various types—meteorological, agricultural, 88 
hydrological—with distinct definitions and impacts by sector (Wilhite & Glantz, 1985; American 89 
Meteorological Society 1997; Heim, 2002) necessitating a comprehensive understanding for effective 90 
management. Meteorological drought refers to a prolonged period of below-average precipitation, 91 
whereas agricultural drought impacts crop production due to insufficient soil moisture. Hydrological 92 
drought is defined as a lack of water in the hydrological system, manifesting itself in abnormally low 93 
streamflow in rivers and abnormally low levels in lakes, reservoirs, and groundwater (Van Loon, 2015).  94 

Hydrological drought has widespread and recurring impacts on industrial water supply, municipal water 95 
supply, hydropower, thermoelectric power, river navigation, irrigation, water quality, and aquatic 96 
organisms (Wlostowski et al.et al., 2022). Hydrological drought duration and severity have increased in 97 
the southern and western United States during recent decades (Dudley et al.et al., 2020; Hammond et 98 
al.et al., 2022), and drought events are projected to be more impactful and widespread by the end of 99 
the 21st century given continued changes to precipitation and evapotranspiration dynamics (Cook et 100 
al.et al., 2020). Five especially impactful hydrological drought events lasting longer than three years and 101 
covering more than 50% of the area of the conterminous United States (CONUS) have occurred from 102 
1901-2020 (McCabe et al.et al., 2023). 103 

Despite the impacts of hydrological drought for many sectors, there is a notable gap in the provision of 104 
accurate and timely information regarding both existing and forecasted hydrological drought conditions, 105 
especially when compared to the number of tools available to assess and forecast meteorological and 106 
agricultural drought. The importance of addressing this gap has been underscored by federal partners 107 
and programs such as the National Oceanic and Atmospheric Administration’s National Integrated 108 
Drought Information System and multiple Department of the Interior bureaus, including the U.S. 109 
Geological Survey - alongside various stakeholder groups such as agricultural organizations, energy 110 
utilities, municipal and regional planners, and the general public (Skumanich et al.et al., 2024). 111 
Collectively, these parties stress the need for improved monitoring and predictive capabilities related to 112 
drought conditions because the implications of drought span economic, social, and ecological 113 
dimensions.  114 

Developing a hydrological drought assessment and prediction tool could improve the ability to 115 
coordinate management decisions and prepare for potential impacts. Unlike existing precipitation 116 
forecasting tools, forecasting streamflow drought requires accounting for storage (snow and 117 
groundwater), human modifications (diversions and reservoirs), and complex terrestrial processes with 118 
incomplete data for each of these categories. Physically based models are often developed with the goal 119 
of representing peak streamflows and/or long-term water budgets, and accuracies of modeled flows 120 
often decrease during severe streamflow droughts (Simeone et al.et al., 2024). While there have been 121 
improvements in modeling droughts over the past four decades, effective ways to translate and pass on 122 
information from decision makers to users could still be further developed (Mishra and Singh, 2011). 123 

The U.S. Geological Survey Water Mission Area Drought Program is working to advance early warning 124 
capacity for hydrological drought occurrence, onset, and termination at multiple intensity levels using 125 
machine learning (ML) models. For the remainder of this paper, we will focus on streamflow drought, a 126 
subset of hydrological drought focused on drought in streams and rivers. Specifically, we focus on 127 
streamflow drought defined as observations of streamflow that fall below a given threshold for that 128 
streamgage location and time of year. With the growing potential for ML models for hydrological 129 
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applications (Shen, 2018), we investigated ML models for streamflow drought forecasting and compared 130 
their performances to simpler persistence and ARIMA models. Given that not all processes are 131 
adequately represented in available process models, particularly for periods of drought, we use ML 132 
models with the goal to emulate these processes well enough in the internal model states to produce a 133 
tool that can provide actionable forecast information.  134 

The goal of this paper is to provide documentation supporting a new operational tool for sub-seasonal 135 
to seasonal (S2S) streamflow drought forecasting in the conterminous United States (CONUS). This tool 136 
was prototyped to complement existing water forecasting tools primarily focused on flooding in the next 137 
10 days such as (1) NOAA National Water Model forecasts 138 
(https://water.noaa.gov/assets/styles/public/images/wrn-national-water-model.pdf); (2) National 139 
Weather Service (NWS) Hydrological Ensemble Forecast Service (HEFS; 140 
https://www.weather.gov/dmx/hefs_info) or seasonal water supply NWS River forecast centers water 141 
resources forecasts (https://www.cbrfc.noaa.gov/us/about.html); and (3) National Resource 142 
Conservation Service (NRCS) water supply forecasts (https://www.nrcs.usda.gov/resources/data-and-143 
reports/water-supply-forecast-predefined-reports).  144 

The objectives of this paper are to (1) apply ML models to determine feasibility of forecasting drought 145 
occurrence, onset, and termination at multiple intensity levels for 1-13 weeks (~1-90 days) in advance, 146 
(2) incorporate data and methods to attempt to improve forecast performance in areas with heavily 147 
regulated streamflow including areas below dams, (3) document an experimental operational drought 148 
assessment and forecast tool that includes forecasts and forecast uncertainty and sets a baseline of 149 
performance that can be improved in future work, and (4) identify the maximum number of weeks 150 
ahead that the best-performing ML model can reliably forecast drought properties at gaged locations in 151 
CONUS. This paper generates a novel forecasting tool that addresses a gap in the availability of present 152 
and future streamflow drought conditions and presents a novel approach to predicting departures from 153 
typical seasonal conditions. 154 

2. Background 155 

The complexity of defining drought is a critical factor impacting the ability to manage it effectively. 156 
Traditionally, drought has been categorized into several types based on its characteristics and the 157 
sectors it affects. Depending on the combination of water use type, management constraints, and 158 
location, different ways of defining hydrological drought may be more useful than others (Sarailidis et 159 
al., 2019; Skumanich et al., 2024). The varying definitions and thresholds for these types of droughts can 160 
lead to confusion and inconsistencies in monitoring and response strategies (Heim et al., 2023; Sutanto 161 
and Van Lanen, 2021). The time scale (daily, weekly, monthly) and approach used (seasonally varying 162 
threshold versus fixed thresholds) to identify drought can lead to substantially different quantification of 163 
drought. For example, prior work has shown that daily threshold methods identify 25%–50% more 164 
drought events than monthly methods and monthly analyses show longer average drought durations 165 
(Sutanto and Van Lanen, 2021). Variables like streamflow, soil moisture, and precipitation are often 166 
converted to percentiles or standardized indices to identify drought because this provides a way to 167 
compare data across different locations and time periods, allowing for consistent drought classification 168 
and intensity assessment. The National Drought Monitor (Svoboda et al., 2002) and many state drought 169 
plans use thresholds in streamflow percentiles and groundwater percentiles to categorize areas as being 170 
in moderate drought (below 20th percentile), severe (below 10th percentile), extreme (below 5th 171 
percentile), though there is considerable variation in the thresholds and indicators that individual states 172 
use to classify periods of drought. 173 

https://water.noaa.gov/assets/styles/public/images/wrn-national-water-model.pdf
https://www.weather.gov/dmx/hefs_info
https://www.cbrfc.noaa.gov/us/about.html
https://www.nrcs.usda.gov/resources/data-and-reports/water-supply-forecast-predefined-reports
https://www.nrcs.usda.gov/resources/data-and-reports/water-supply-forecast-predefined-reports
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Overview of drought prediction 174 
Predicting droughts (and floods) is challenging for a number of reasons including incomplete process 175 
understanding and representation, relatively short observation records compared to the return periods 176 
of extreme events, non-stationarity in processes controlling extremes, and incomplete data on human-177 
water interactions (Brunner et al., 2021). Despite these challenges, developments in recent years have 178 
led to advances in the ability to improve the accuracy and lead time of meteorological and hydrological 179 
drought forecasts, and have suggested future prospects for additional improvements including data 180 
assimilation and machine learning (Fung et al., 2020; Hao et al., 2018). Additionally, Sutanto et al. (2020) 181 
found that hydrological drought forecasts outperform meteorological forecasts, motivating a shift in 182 
focus towards more relevant forecasting for impacted sectors. Collectively, these studies underscore the 183 
need for ongoing research and collaboration to enhance prediction accuracy and mitigate the impacts of 184 
extreme weather events. 185 

Prior drought prediction efforts using physically based models 186 
Process-based hydrologic models that simulate the underlying physical processes of the hydrological 187 
cycle (e.g., precipitation, evapotranspiration, runoff, and groundwater flow) can be used for drought-188 
specific prediction. National-scale hydrologic models, such as the National Water Model (Cosgrove et al., 189 
2024) and the National Hydrological Model (Regan et al., 2019), have been systematically evaluated for 190 
their ability to simulate streamflow droughts across thousands of U.S. Geological Survey (USGS) gages 191 
(Simeone et al., 2024). These models can be used to classify drought and non-drought periods and 192 
quantify drought severity, duration, and intensity. The National Water Model generally most accurately 193 
simulates drought timing while the National Hydrological Model most accurately estimates drought 194 
magnitude, and both models estimate drought more accurately in wetter regions. Despite 195 
advancements in process model development, challenges remain in simulating the most severe drought 196 
events, especially in drier regions, and in capturing the complexity of surface-subsurface interactions 197 
(Husic et al., 2024; Johnson et al., 2023; Towler et al., 2023). Ongoing research aims to improve model 198 
physical consistency, data assimilation, and integration with machine learning techniques for better 199 
forecasting. 200 

Statistical and simple machine learning models 201 
Statistical models have been widely used for streamflow and drought prediction. ARIMA (Autoregressive 202 
Integrated Moving Average) models are frequently used for streamflow and streamflow drought 203 
prediction due to their ability to model and forecast time series data with trends and seasonality 204 
(Montanari et al., 1997). In streamflow forecasting, ARIMA models have demonstrated reliable 205 
performance, often outperforming simpler models like Autoregressive Moving Average (ARMA) models, 206 
especially for monthly and annual predictions  (Modarres, 2007; Sabzi et al., 2017). For hydrological 207 
drought prediction, ARIMA models are typically used to forecast streamflow indices such as the 208 
Streamflow Drought Index (SDI), providing short-term outlooks on drought conditions (Modarres, 2007; 209 
Myronidis et al., 2018). However, while ARIMA models are effective for stationary or near-stationary 210 
time series, their accuracy can be limited by the non-stationarity and volatility inherent in streamflow 211 
data. To address this, hybrid approaches that combine ARIMA with decomposition techniques or 212 
volatility models (such as a Generalized Autoregressive Conditional Heteroskedasticity, or GARCH, 213 
model) have been developed, significantly improving prediction accuracy for both high and low flows 214 
and better capturing structural breaks and regime changes in streamflow records (Wang et al., 2018; 215 
Wang et al., 2023). Despite the rise of machine learning and more complex hybrid models, ARIMA 216 
remains a valuable tool for streamflow and drought prediction, particularly when data are limited or 217 
when a transparent, interpretable model is needed. In an alternate approach, Austin, 2021 used 218 
maximum likelihood logistic regression (MLLR) models to forecast the probability of monthly 219 
hydrological droughts in streams and rivers across the northeastern United States. These MLLR models 220 
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use winter streamflow measurements (October–February) to estimate the likelihood of drought 221 
conditions in the following summer months (July–September), enabling predictions 5 to 11 months in 222 
advance with up to 97% accuracy.  223 

Machine learning for streamflow and streamflow extreme prediction: 224 
Recent studies have increasingly focused on leveraging more complex machine learning techniques 225 
including deep learning to enhance daily streamflow prediction, demonstrating significant 226 
advancements in both accuracy and applicability. The Long Short-Term Memory (LSTM) neural network 227 
approach has been demonstrated to increase accuracies of rainfall-runoff models compared to the SAC-228 
SMA + Snow-17 processed based combination commonly used for streamflow prediction, highlighting 229 
the potential of neural networks for hydrological forecasting (Kratzert et al., 2018). Other studies, such 230 
as those by Arsenault et al. (2023), Cho and Kim (2022), and Kratzert et al. (2019) highlighted the 231 
increased accuracy of LSTMs in continuous streamflow prediction in ungaged basins, further 232 
emphasizing the potential of machine learning in hydrology. LSTM models can effectively represent 233 
various types of dammed basins, with smaller dams modeled implicitly and large degree-of-regulation 234 
reservoirs explicitly, as long as dammed basins are present in the training dataset (Ouyang et al., 2021). 235 
 236 
Using multiple approaches and ML architectures can improve understanding of different aspects of a 237 
prediction problem (De La Fuente et al., 2023). While LSTM models are generally more accurate for daily 238 
streamflow prediction, ensemble tree models (e.g., random forest models, boosted regression tree 239 
models) can produce accurate and unbiased spatial hydrological predictions, offering flexibility and 240 
informative maps compared to alternative statistical techniques (Hengl et al., 2018). Both neural 241 
network and tree-based models are universal function approximators (Watt et al. 2020) but operate 242 
through different means (i.e., neural networks - high dimensional, nonlinear time series; tree-based - 243 
highly branched decision making). These models may offer complementary strengths to enable 244 
ensembling or model selection (e.g., using different models in different regions or for different aspects 245 
of drought prediction).  246 
 247 
Several studies have specifically focused on the prediction of streamflow extremes, including floods and 248 
droughts, to demonstrated the potential for using ML or ML-hybrid models (e.g., Cho and Kim, 2022) to 249 
increase accuracies of extreme predictions. Based on model diagnostics, LSTM models predict 250 
streamflow with higher accuracy compared to the National Water Model largely because of the channel 251 
routing scheme (Frame et al., 2022). Tounsi et al. (2022) demonstrate how hybrid models that combine 252 
machine learning with traditional techniques can increase accuracies of drought predictions by 253 
accounting for complex interactions within hydrological systems. Hybrid models combining process-254 
based hydrologic models and machine learning algorithms increase accuracies of streamflow simulation 255 
in diverse catchments across the CONUS, especially where process-based models do not accurately 256 
simulate streamflow (Konapala et al., 2020). 257 
 258 
In one of the first ML focused studies on streamflow drought prediction, (Hamshaw et al., 2023) utilized 259 
LSTMs for regional streamflow drought forecasting up to two weeks ahead in the Colorado River Basin, 260 
showcasing the effectiveness of these models in capturing complex hydrological patterns and setting a 261 
benchmark for their skill in short term forecasting for gaged and ungaged locations. Frame et al. (2022) 262 
showed that deep learning models, such as LSTMs and mass-conserving LSTM variants, can accurately 263 
predict extreme rainfall-runoff events more accurately than conceptual and process-based models. 264 
Additionally, Eng and Wolock (2022a) evaluated various machine learning methods across the CONUS, 265 
confirming their potential to predict low flows more accurately than traditional hydrological models at 266 
the annual scale. 267 
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Hybrid approaches that combine the process understanding of conceptual or climate models with the 268 
predictive power of ML—such as Physically Guided Deep Learning (PGDL) or LSTM-climate model 269 
hybrids—have been shown to more accurately simulate the timing and magnitude of extreme events  270 
compared to standalone ML and purely process-based models while maintaining physical plausibility 271 
in outputs (Bhasme et al., 2022; Vo et al., 2023). These hybrid models can reduce biases and uncertainty 272 
and better detect drought or flood occurrences, especially at longer lead times. However, the 273 
effectiveness of such constraints depends on the quality of the process-based model, the nature of the 274 
extremes, and the specific implementation; in some cases, adding process- or physics-guidance can even 275 
reduce model accuracy (Hoedt et al., 2021; Krishnapriyan et al., 2021). As machine learning methods 276 
continue to evolve, their integration into drought prediction frameworks is expected to enhance the 277 
understanding and forecasting of drought impacts, ultimately supporting better resource management 278 
in increasingly variable climates. 279 

3. Methods 280 
In this section, we provide details on the site selection criteria [Section 3.1], datasets used and 281 
preparation to model inputs [Section 3.2], model setup and versions [Section 3.3], and model evaluation 282 
[Section 3.4]. In brief, both tree-based and neural network models were trained and evaluated using 283 
streamflow and explanatory variable data from the period 2000-2020 for the CONUS (Figure 1).  We 284 
focused on the 2000-2020 period based on the availability of long-term meteorology reforecast data, 285 
which were limiting compared to the longer records available for observed streamflow. These ML 286 
models were compared to two benchmark models: 1) a simple persistence model (predicting no change 287 
between most recent observation and forecast period) and 2) an autoregressive integrated moving 288 
average (ARIMA) model. Separate regression models were built to predict weekly streamflow 289 
percentiles for each lead time (1, 2, 4, 9, and 13 weeks). Models were evaluated for their performance in 290 
matching the correct drought intensity category (moderate drought <20th percentile, severe drought 291 
<10th percentile, extreme drought <5th percentile) and for their ability to correctly forecast the timing of 292 
onset and termination of drought events, with a focus on 1, 2, 3, and 4 weeks ahead. Model 293 
performance is defined as a measure of how accurately a model's outputs match observations 294 



This information product has been peer reviewed and approved for publication as a preprint by the U.S. 
Geological Survey. This preprint is submitted to EarthArXiv. 

 295 

Figure 1. Conterminous United States (CONUS) streamgages with long-term complete streamflow record 296 
used for training streamflow drought forecasting models overlayed on Hydrologic Unit Code (HUC) 2 297 
region boundaries from the Watershed Boundary Dataset (Luukkonen et al., 2024). 298 
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 299 

 300 

Figure 2. Example streamflow drought occurrence for sites with different streamflow regimes: snow-301 
dominated, USGS 13340000 Clearwater River at Orofino, Idaho; intermittent streamflow, USGS 302 
08408500, Delaware River near Red Bluff, New Mexico; highly regulated, USGS 09050700 Blue River 303 
below Dillon, Colorado; rain-dominated, USGS 03528000 Clinch River above Tazewell, Tennessee (U.S. 304 
Geological Survey, 2025). Black lines show the 7-day average daily streamflow for the example year, the 305 
red line shows the moderate drought threshold represented by the 20th percentile variable 306 
(deseasonalized) percentile, orange fill shows periods of streamflow drought, and grey shading shows 307 
the 25th to 75th interquartile range of the 7-day average daily streamflow for climate years (April 1 – 308 
March 30) 1981-2020. The brown dashed line represents the 20th percentile fixed drought threshold, 309 
which does not account for seasonality like the variable drought percentile does.  310 

  311 

3.1 Site selection 312 
We selected 3,219 USGS streamgages based on two criteria: (a) streamflow time series were required to 313 
include at least 95% of days in each climate year (April 1 to March 30) and (b) streamgages were 314 
required to have at least 8 of 10 complete climate years for decades from 1981-2020 (e.g., 2000–2009 315 
and 2010-2019) following the methods in Simeone (2022). Of these sites, 31% were dam-impacted, 31% 316 
were ice-impacted, 21% were non-perennial, and 14% were snow-dominated. Not all sites fit one of 317 
these categories, and may be rain dominated, non-ice impacted, without dam influence and perennial.  318 
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3.2 Data and preparation of model inputs 319 
We obtained daily streamflow data from 1981-2020 from the USGS National Water Information System 320 
(NWIS, U.S. Geological Survey, 2025) using the R package dataRetrieval (Hirsch and DeCicco, 2015; R 321 
Core Team, 2024, version 4.4.1). We then converted 7-day average daily observed streamflow to 322 
percentile values to identify drought via consistent thresholds across streamgages. We computed de-323 
seasonalized streamflow percentiles, hereafter variable percentiles, with the unbiased Weibull plotting 324 
position (e.g., Laaha et al., 2017) using a variable threshold for each day of the year using only the values 325 
for a 30-day window surrounding that day from all years of record. The 30-day window was selected for 326 
more inclusion of seasonally relevant data and to provide a fuller empirical distribution to rank against 327 
which generates a smoother and more continuous percentile time series. We implemented a modified 328 
version of the combined threshold level and continuous dry period methods (Simeone et al., 2024; Van 329 
Huijgevoort et al., 2012) to handle the zero-flow measurements (<0.00028 cubic meters per second; 330 
<0.01 cubic feet per second). This method breaks ties between zero-flow days for percentile rankings 331 
based on the number of preceding zero-flow days, where days with more preceding zero-flow days 332 
received lower percentile rankings. Figure 2 shows streamflow percentile time series during drought for 333 
selected sites spanning highly regulated, intermittent, snow-dominated, and rain-dominated 334 
endmembers within our dataset. We note that our definition of drought describes the departure of 335 
streamflow from typical values for each week of the year at each site, not necessarily the lowest flows 336 
observed during the entire period. By predicting variable streamflow percentiles, we are predicting a 337 
deseasonalized time series that allows for the identification of wetter than normal or drier than normal 338 
conditions any time of the year. 339 

While streamflow percentiles are continuous quantities, droughts are fundamentally events classified by 340 
thresholds. We set percentile thresholds of 5%, 10%, 20% for drought identification (analogous to the 341 
percentiles currently used by the operational U.S. Drought Monitor), where the 10% flow equates to the 342 
flow value that is exceeded 90% of the time. We do not perform pooling (either pre-modeling or post-343 
hoc) in our modeling analysis. 344 

To develop models to predict streamflow percentiles, we prepared watershed average time series of 345 
several gridded datasets and watershed average values of static watershed properties including land 346 
cover, topography, human landscape and water regulation et al.. For gridded meteorological variables, 347 
we used gridMET (Abatzoglou, 2013). For land surface model output on soil moisture, we used NLDAS2 348 
(Mitchell et al., 2004) and for snow water equivalent we used Broxton et al. (2019). Climate 349 
teleconnections including the Pacific-North American Pattern (PNA) and El Niño-Southern Oscillation 350 
(ENSO) were obtained from https://www.cpc.ncep.noaa.gov/data/teledoc/telecontents.shtml. We 351 
obtained forecast meteorology from the Global Ensemble Forecast System (GEFS, Zhou et al., 2017) for 352 
1 to 10 days and from the North American Multimodel Ensemble (NMME, Kirtman et al., 2014) for 1-3 353 
months, while forecast streamflow was obtained from the Global Flood Awareness System (GLOFAS, 354 
Alfieri et al., 2013) for 4-9 weeks. Finally, reservoir inflow, storage, and release were obtained for more 355 
than 500 sites with long-term records from ResOpsUS (Steyaert et al., 2022). Refer to Table S1 for details 356 
on the time series datasets used and table S2 for a list of all static watershed attributes. For a full list of 357 
the rolling average time series variables used in developing our models please refer to the data 358 
dictionary provided with model inputs in the accompanying data release (Hammond, 2025). During 359 
model development, feature selection was performed independently for each ML architecture to 360 
maximize performance (e.g., including weather forecasts) and reduce complexity (e.g., remove 361 
unnecessary watershed attributes). One major consideration was feature selection at the data-source-362 
level considering the timeliness or availability of current data for operational forecasting. 363 

https://www.cpc.ncep.noaa.gov/data/teledoc/telecontents.shtml
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3.3 Modeling approaches 364 
Using a common set of streamflow data and explanatory variables, we applied the two machine learning 365 
methods and two benchmark model approaches to make weekly forecasts of the streamflow percentile 366 
for 1, 2, 4, 9, and 13 weeks into the future. We decided to create independent models forecasting each 367 
week horizon rather than creating a model that forecasts multiple weeks at a time. This decision was 368 
based on a) prototype models showing poorer performance when forecasting multiple weeks, b) a 369 
motivation for flexibility in model training and greater performance rather than forecast consistency and 370 
fewer models, and c) broader success of this approach in ML forecasting (Makridakis et al., 2022a; 371 
Makridakis et al., 2022b). We elected to directly predict the target streamflow percentile, which has 372 
typical annual seasonal patterns removed. While this was a more difficult modelling task than predicting 373 
streamflow, an earlier modelling effort (Hamshaw et al., 2023) found lower model performance when 374 
first predicting streamflow and then converting to streamflow percentile as a post-processing step. We 375 
also decided to approach drought forecasting as a regression problem – predicting the numeric value of 376 
the streamflow percentile – rather than to predict drought classes directly because initial 377 
experimentation showed improved drought class prediction when postprocessing predictions of 378 
continuous streamflow percentiles. While our percentiles do not explicitly account for long-term trends 379 
in streamflow, we account for the potential influence of monotonic trends over the 2000-2020 period in 380 
the design of our training and testing splits. We train our models on a central period from October 1st, 381 
2002 to September 30th, 2018, leaving the first part of the record (October 1st, 2000 to September 30th, 382 
2002) and the last part of the record (October 1st, 2018 – March 30th, 2020) for model testing. 383 

3.3.1 Long short-term memory neural networks 384 
Long short-term memory (LSTM) models are a popular form of recurrent neural networks trained on 385 
time series data (Hochreiter and Schmidhuber, 1997). The mathematics behind LSTMs are well 386 
documented in a plethora of studies – for one of the more prominent examples, refer to Kratzert et al. 387 
(2018). Conceptually, LSTMs learn to preserve older information that is deemed relevant to the present 388 
and to forget older information when current data represents noteworthy updates. The LSTM prediction 389 
function consists of multiple rounds of nonlinear transformations which distill input data into high 390 
dimensional hidden vectors that are optimized for relevance to the model output (here, streamflow 391 
percentiles). 392 

Because of the temporal awareness of the LSTM, we did not use input variables that were manually 393 
lagged or averaged through time. Instead, we provided LSTMs with sequences of antecedent data. We 394 
considered different sequence lengths ranging from 13 to 104 weeks, and we found that 38 weeks 395 
produced optimal results. We specified a hidden dimension size of 82 which was produced by the LSTM, 396 
then a final affine transformation reduced this hidden vector into an output vector of size three. The 397 
three elements of the output vector correspond to a deterministic prediction and the lower and upper 398 
bound of the 90% prediction interval (refer to the Uncertainty Quantification section). We trained one 399 
model for the entire CONUS for each forecast horizon independently. 400 

A validation set of 9-09-2013 to 6-29-2015 was used to tune LSTM hyperparameters (e.g., dropout rate, 401 
hidden dimension size, and early stopping epochs). This period was sufficiently representative of 402 
hydrologic drought, in that gage-days below 10% occurred approximately 10% of the time. “LSTM-all” 403 
models were trained to predict all streamflow percentiles, while “LSTM<30” models used a training set 404 
limited to streamflow percentiles below 30% (“low percentiles”). Refer to the Uncertainty Quantification 405 
subsection for the loss function. 406 

The final hyperparameters used in this study were a dropout rate of 0.0 and hidden dimension size of 407 
82. This was applied to all LSTM models. Each LSTM model was trained with an early stopping patience 408 
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of 5 epochs with 1000 maximum possible epochs. Different forecast horizons and training sets resulted 409 
in different final epochs; this value varied between 2 and 29, with nearer horizons training for more 410 
epochs and with LSTM<30 training for more epochs. This was conducted using Python 3.11 and PyTorch 411 
2.5 (Ansel et al., 2024). 412 

3.3.2 Light Gradient Boosted Models 413 
Decision trees and ensembles of these models (e.g., random forests; gradient boosted decision trees or 414 
“GBDTs”) are also ubiquitous in hydrologic ML modeling (e.g., Eng and Wolock, 2022; Goodling et al., 415 
2024; Pham et al., 2021; Ransom et al., 2022; Tokranov et al., 2024). Individual trees learn a series of 416 
decision thresholds based on the provided input variables which minimize error for predicting the 417 
intended output. Gradient boosting is the process of sequentially learning an ensemble of decision trees 418 
where subsequent trees (i+1) are optimized on the residual errors of the previous tree (i). Here, we use 419 
LightGBM, an implementation of GBDTs which provides exceptional run times (Ke et al., 2017) in 420 
addition to being highly competitive in both deterministic prediction (Makridakis et al., 2022a) and 421 
uncertainty quantification (Makridakis et al., 2022b). 422 

By default, decision tree methods do not have any time awareness. To remedy this for time series data, 423 
it is common to train the model using rolling antecedent summaries of temporal data to provide context 424 
and recent memory (Pham et al., 2021). Here, we provided the model with the rolling average values for 425 
temporal variables at three antecedent horizons(4, 13, and 52 weeks) and the most recent observed 426 
conditions. Time series predictor variables were provided as an untransformed and as percentile-427 
transformed using the same approach as the streamflow percentiles (using the Weibull plotting 428 
position). 429 

We fit one GBDT for each forecast horizon and for each prediction target for all the CONUS. Similar to 430 
the LSTMs, we trained for a deterministic prediction and the lower and upper bound of the 90% 431 
prediction interval; unlike the LSTM methods described above, the three outputs from the GBDTs are 432 
produced independently by separate models. 433 

These models were developed using the R programming language (R Core Team, 2024) and the 434 
`lightgbm` package version 4.5.0 (Shi et al., 2020). The parameters controlling the LightGBM models 435 
were evaluated through manual adjustment to balance computational speed and performance. Values 436 
were left to the default except for the following: num_iterations (set to 1000), num_leaves (63), 437 
min_data_in_leaf (100), max_depth (7), bagging_fraction (0.1), bagging_freq (10), and max_bin (127). 438 
Predictions were made for quantiles 0.05, 0.5, and 0.95 using the built-in objective = “quantile” and 439 
metric = “quantile” inputs and adjusting the parameter alpha accordingly. For reproducibility, the data 440 
preparation and modeling workflow in the R language was developed into a pipeline using the Targets 441 
framework (Landau, 2021; R Core Team, 2024). “LightGBM-all” models were trained to predict all 442 
streamflow percentiles, while “LightGBM<30” models were only trained on data for which the observed 443 
streamflow percentile was below 30 percent. 444 

3.3.3 Uncertainty quantification 445 
Understanding forecast uncertainty is crucial for making informed decisions because all forecasts have a 446 
degree of imprecision and acknowledging that uncertainty helps users weigh potential outcomes and 447 
make more effective choices. We incorporated uncertainty quantification into our ML modeling through 448 
the use of quantile regression and the pinball loss function (Bassett and Koenker, 1978).  449 

We produced three outputs per forecast horizon: the median point estimate (q = 0.50; 𝑦̂2) and the 450 
bounds of the 90% prediction interval (q = 0.05 and 0.95; 𝑦̂1 and 𝑦̂3, respectively). For each forecast 451 
horizon, we trained three independent GBDTs and one multi-output LSTM; these were different due to 452 
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differences in flexibility of the underlying software. We optimized each GBDT using the simple pinball 453 
loss function (𝐿𝑞(𝑦, 𝑦𝑖̂)) for the specified quantile (q) where: 454 

𝐿𝑞(𝑦, 𝑦𝑖̂) =(𝑦𝑖̂−𝑦)(1−𝑞)    𝑖𝑓  𝑦𝑖̂≥𝑦
(𝑦−𝑦𝑖̂)𝑞             𝑖𝑓  𝑦𝑖̂<𝑦

 455 

 456 

We optimized the LSTMs using a multi-term loss function for all three quantiles and additional terms to 457 
penalize unrealistic crossing of quantiles: 458 

𝐿0.05(𝑦, 𝑦̂1) + 𝐿0.50(𝑦, ŷ2) + 𝐿0.95(𝑦, ŷ3) + 𝑚𝑎𝑥(𝑦̂1 − 𝑦̂2, 0) + 𝑚𝑎𝑥(𝑦̂1 − 𝑦̂3, 0) + 𝑚𝑎𝑥(𝑦̂2 − 𝑦̂3, 0) 459 

Through this custom loss function and multi-output prediction, we aimed to improve the consistency of 460 
the LSTM forecasts by reducing the degree of independence between forecast outputs. 461 

3.3.4 Persistence Model 462 
Time series often display temporal autocorrelation where the previous time stamp value is informative 463 
of the subsequent time stamp value. As such, a persistence model is a commonly used baseline to 464 
evaluate forecast performance against (Makridakis et al., 2020; Makridakis et al., 2022a; Zwart et al., 465 
2023b; Zwart et al., 2023a). Here, we contextualized ML forecast performance against a persistence 466 
model of the last observed streamflow percentile. In the case of a 4-week forecast horizon, the 467 
persistence model forecast for January 31, 2000, would be the observed streamflow percentile from 468 
January 3, 2000. We expected this to be a strong baseline for long droughts, but this baseline has no 469 
ability to predict onset or termination of drought, which is a primary motivation for this work. 470 
Additionally, we do not attempt to quantify uncertainty with this deterministic, baseline model. 471 

3.3.5 ARIMA models 472 
We fit gage-level ARIMA models to weekly drought time series using the R-based auto.arima() method 473 
(Hyndman et al., 2009). First, we fit models using the training period data. While fitting a model to the 474 
training period, auto.arima() automatically selects the optimal ARIMA model parameters (p, d, q) by 475 
minimizing the corrected Akaike Information Criterion (AICc), with constraints (p<5, d<2, q<5). These 476 
parameters are saved along with the fitted coefficients and used for the step-forward forecasting 477 
models during the test period. For each station, a rolling window approach was used where the fitted 478 
model was provided with antecedent data (i.e., prior p weeks leading to the current time step) to 479 
forecast using the forecast() function (Hyndman et al., 2009) for every horizon up to h, the maximum 480 
horizon. This is how we generated multi-horizon forecasted time series for the full test period. Stations 481 
with fewer than h observations during the test period were omitted from ARIMA forecasting and overall 482 
model comparison. 483 

3.3.6 Post-processing 484 
While the models predicted the numeric value of the historical streamflow percentile, predictions were 485 
not initially limited to the common domain of percentiles (between 0 and 100%). We addressed this by 486 
truncating the predictions to this domain in post-modeling steps. We did this because we determined 487 
through early user feedback that corresponding volumetric streamflow in cubic feet per second (ft3/s) 488 
predictions were of interest, but there is no credible way to translate a -5% streamflow percentile into 489 
ft3/s using the historical record. 490 

We post-processed LSTM predictions to ensure that the median prediction was equal to or within the 491 
bounds of the 90% prediction interval using a simple clamp function which adjusted the median. 492 
Previously, we mostly eliminated this problem with the custom loss function (refer to section 3.3.3), but 493 
prior to clamping values, we still identified low-magnitude discrepancies (e.g., a median of 20.1% and a 494 
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prediction interval upper bound of 20.0%). Thus, while prediction targets representing different points 495 
in the forecasted distribution could no longer illogically cross each other, those distinct prediction 496 
targets could ultimately be equal in rare cases. If the median were to be equal to one of the prediction 497 
interval bounds, then the mathematical interpretation would be that our methods predicted a 45% 498 
chance of exactly that streamflow percentile. 499 

We explored empirical distribution matching (Belitz and Stackelberg, 2021) to bias-correct models which 500 
failed to predict droughts at an appropriate rate; for example, a model could fail to deviate sufficiently 501 
from the mean of 50% streamflow percentile. This method used the training set to determine what 502 
remapping of predictions would result in the correct distribution of observed streamflow percentiles. 503 
For example, we could determine that a value ≤10% should be predicted as often as our model was 504 
originally predicting values ≤20%, so a prediction of 20% should generally be corrected to a prediction of 505 
10%; this was learned over a grid of all streamflow percentiles. Ultimately, we only found this to be 506 
beneficial for the ARIMA models. As a result, only ARIMA results use this bias-correction method. 507 

3.4 Model evaluation 508 
We modeled streamflow drought by predicting streamflow percentiles and converting those percentiles 509 
to binary drought classifications using specified thresholds. Through early and repeated 510 
experimentation, we found this approach to be more performant than predicting drought classes 511 
directly, and this approach provides the opportunity to forecast continuous streamflow at gaged 512 
locations with long and complete records of streamflow. We evaluated the models using all three 513 
thresholds (i.e., 20%, 10%, and 5%) but focus specifically on the 10% or “severe” threshold in several 514 
figures for simplicity. 515 

Due to the nature of droughts as extreme events and the low percentile thresholds, a simple 516 
classification accuracy measure provides poor information regarding forecast skill. If a model never 517 
predicted drought, it would have accuracies between 80% and 95% for different drought thresholds; 518 
these high accuracies would be entirely driven by true negatives (TNs; correctly predicting no drought 519 
when no drought occurs). 520 

Cohen’s kappa is a more sophisticated measure of classification accuracy which only reports a value 521 
above 0 if the model’s agreement with observations is higher than a random allocation of those forecast 522 
values (Cohen, 1960). In the case of never predicting drought, all predictions are identical, so a random 523 
allocation of predictions is the same and has the same skill. Therefore, never predicting drought yields a 524 
Cohen’s kappa value of 0. This same rationale and result would apply to always predicting drought. 525 
Additionally, if we had a model that correctly learned that 10% droughts occur only 10% of the time but 526 
forecasted without correlation to real-world droughts, then due to that lack of correlation, it would also 527 
have identical skill to a random allocation. Therefore, just learning the correct but uncontextualized rate 528 
of drought also yields a Cohen’s kappa value of 0. 529 

Cohen’s kappa is synonymously used in the field of meteorology under the name “Heidke Skill Score” 530 
(Hyvärinen, 2014) and has been used by other benchmarking studies to measure the performance of 531 
drought prediction by process-based hydrologic models (Simeone et al., 2024). It can be mathematically 532 
expressed as: 533 

2(𝑇𝑃 × 𝑇𝑁  −  𝐹𝑃 × 𝐹𝑁)

(𝑇𝑃 + 𝐹𝑃)(𝐹𝑃 + 𝑇𝑁)  +  (𝑇𝑃 + 𝐹𝑁)(𝐹𝑁 + 𝑇𝑁)
 534 

Where true positives (TPs) are correct predictions of droughts, false positives (FPs) are incorrect 535 
predictions of drought, and false negatives (FNs) are incorrect predictions of non-drought. Other 536 
metrics, such as balanced accuracy and F1 score, are similarly concerned with measuring performance 537 
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during class imbalance. However, we found Cohen’s Kappa to provide the most conservative estimates 538 
of performance for our range of TPs (0 to 10%) and TNs (0 to 90%) – refer to Figure S2 for visualization. 539 
Therefore, Cohen’s Kappa provides several desired properties for evaluating drought predictions. 540 

The simplest application of Cohen’s Kappa is to identify the model’s skill in predicting a binary “drought” 541 
or “not-drought” for each forecast horizon and severity threshold. For clarity, we henceforth refer to 542 
this as “overall Kappa.” This application can be used for identifying the horizon at which the model is 543 
skillful and for model intercomparison. However, the skill of models to predict when a drought will start 544 
and end is a greater motivation for this study. To accomplish this evaluation, we bring together the 545 
multiple forecast values and evaluate the first crossing of the threshold (Figure 3). We evaluate the skill 546 
of the models to identify the first onset or termination of the drought at horizons of 1-4 weeks, again 547 
using a binary metric (“drought onset” or “no drought onset”) and using Cohen’s Kappa to quantify 548 
onset and termination skill. For clarity, we henceforth refer to this as “onset Kappa” or “termination 549 
Kappa.” 550 

Cohen’s Kappa can be used as a model metric for model intercomparison but can also be difficult to 551 
conceptualize in physical terms. We also report sensitivity and specificity, two commonly- applied 552 
performance statistics, defined as:  553 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 ;  𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =

𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 554 

Where true positives (TPs), false positives (FPs), false negatives (FNs), and true negatives (TN) represent 555 
the outcomes of drought (positive) and non-drought (negative) predictions. Sensitivity is therefore the 556 
proportion of all observed drought events that were correctly forecast, while specificity is the 557 
proportion of non-drought events that were correctly forecast. An ideal forecasting system will have 558 
high sensitivity and specificity. 559 

While our primary evaluation metrics represent performance of binary drought classes, we also report a 560 
metric of the model’s ability to describe the numeric percentile value. Due to its usage within multi-561 
component model evaluations, we selected the Kling-Gupta efficiency (KGE) metric (Gupta et al., 2009). 562 
This metric incorporates Pearson correlation, bias, and variability between simulated and observed 563 
values. We used a version of the metric with a modification that ensures the bias and variability ratios 564 
are not cross-correlated (Kling et al., 2012). This goodness-of-fit metric can range from negative infinity 565 
to 1, with values closer to 1 indicating better performance. Using the mean of the observed series to 566 
predict returns a value of -0.41; we use this value as a performance benchmark following Knoben et al. 567 
(2019). While typically applied to the full range of the data, we are primarily interested in model 568 
performance at low percentiles. We therefore also report KGE for only data where observed streamflow 569 
is below the 30th percentile.  570 

By several evaluations, our model evaluation was indifferent to modeling that only recreated perfect 571 
seasonality. The prediction of percentiles rather than absolute streamflow means that a perfectly 572 
seasonal prediction is always 50%. KGE assigns this mean prediction a far-from-one value of -0.41. 573 
Likewise, Cohen’s Kappa was concerned with classification around the 5, 10, and 20% thresholds, so a 574 
constant prediction of 50% or typical seasonality for that gage would result in a metric of zero. Similarly, 575 
Cohen’s Kappa would report a metric of zero if the model was able to recreate deseasonalized 576 
streamflow percentiles conditions only as low as a threshold value (for example, 21%). 577 
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 578 

 579 

Figure 3. Schematic indicating how forecasts at multiple horizons are aggregated to derive drought 580 
onset performance. A similar method is used for deriving drought termination performance. 581 

We performed a first-order examination on potential controls of model performance by relating our 582 
overall Kappa metric to several descriptors of each gage site. We selected the following controls for this 583 
examination: watershed drainage area, the ratio of annual maximum snow water equivalent divided by 584 
total precipitation (a measure of snow influence), the number of days of mean streamflow could be 585 
contained by reservoirs in the watershed (a measure of reservoir influence), average drought duration 586 
over the historical period, average fraction of time each winter that ice affects streamflow records at the 587 
gage (a measure of ice influence), annual average precipitation, 30-year average number of consecutive 588 
days with measurable precipitation, average maximum monthly days of measurable precipitation, and 589 
minimum monthly days of measurable precipitation. We correlated performance using the rank-based 590 
correlation coefficient (Kendall’s Tau).   591 

To quantify model uncertainty and reliability, we evaluated 90% prediction intervals by considering what 592 
proportion of observed streamflow percentiles they contained (“capture”) and their average width. 593 
Ideally, capture is 90%. Excessively low capture (e.g., 70%) is indicative of unjustified certainty 594 
(“overconfidence”) and excessively high capture (e.g., 100%) is indicative of unnecessary width 595 
(“underconfidence”). Ideally, width approaches 0 for highly accurate forecasts, but width must 596 
necessarily expand where error or modeling difficulty is higher. 597 
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As with other performance metrics, we analyzed uncertainty quantification measures against potential 598 
explanatory information – most notably, we later report on how uncertainty quantification varies by 599 
observed streamflow percentile and HUC2 region. Model output and the modeling code supporting the 600 
experiments in this paper are provided in McShane et al. (2025). 601 

To provide some interpretation of the otherwise opaque models, we computed feature importance for 602 
the best LightGBM and LSTM models. LightGBM (Shi et al., 2020) software permits automatic 603 
computation of “gain” feature importance which quantifies the training set error reduction achieved as 604 
a result of the decision splits using a given input. For LSTM models, we computed a measure of 605 
permutation feature importance (refer to Molnar 2025) and reported the percent increase in test set 606 
error when a variable is randomly shuffled while all other variables are held constant. Because these 607 
results came from different software and described fundamentally different models, their methods and 608 
resulting units are not identical, but they both quantify what variables the models rely on to generate 609 
more accurate predictions (relative to an untrained or disturbed scenario, respectively). 610 

4. Results 611 
 612 

We evaluated two ML model architectures and reference statistical models at multiple scales and with 613 
multiple metrics to identify the architecture that most accurately simulates streamflow drought onset 614 
and termination forecasting and to convey the expected performance. Model performance is defined as 615 
a measure of how accurately a model's outputs match observations. First, we report overall forecast 616 
performance metrics, which independently evaluate performance of predicted values and observed 617 
values for each horizon for all weekly timesteps [Section 4.1]. Next, we report performance metrics 618 
derived from aggregating the independent weekly forecasts into streamflow drought events [Section 619 
4.2]. We then report performance metrics on the uncertainty estimates made for each model [Section 620 
4.3]. Finally, we provide feature importance measures [Section 4.4], examples of the forecast time series 621 
[Section 4.5], and initial experimentation into including reservoir data where available to improve 622 
models in heavily regulated areas [Section 4.6], to support our discussion of the utility of the models. 623 

4.1 Overall Performance Metrics 624 
First, we examined overall model performance using the  distribution of the Cohen’s Kappa metric at 625 
individual gages within CONUS (Figure 4). The overall performance across all models is worst for 626 
extreme (5th percentile) and best for the moderate (20th percentile) droughts. Greater overall 627 
performance is also observed for shorter forecast horizons, as might be expected. The persistence 628 
model is a strong model, with generally informative (median Cohen’s Kappa value greater than zero) 629 
forecasts out to at least 9 weeks even for the most extreme percentiles. The best overall performing ML 630 
model is the LSTM<30, with informative forecasts out to 4 weeks at the 10th percentile threshold. 631 
However, its median performance exceeds the persistence model only at the 1 and 2-week horizon for 632 
the 10th percentile threshold. Both configurations of the LightGBM model have similar overall 633 
performance to the ARIMA model and, at the 10th and 5th percentile thresholds, match or exceed the 634 
performance of the LSTM-all. Overall Cohen’s Kappa performance was found to weakly correlate with 635 
historic drought duration, intensity, and severity; places with longer and more severe droughts had 636 
better overall performance across all models, including the persistence model (Figure S1). Other 637 
measures characterizing the impact of reservoirs, drainage area, snowiness, and in-stream ice impacts 638 
had near zero correlation with the patterns of overall Cohen’s Kappa performance metric.  639 

Similar patterns to the overall Cohen’s Kappa performance were apparent for the KGE goodness-of-fit 640 
statistic (Figure 5). While the LSTM<30 model did not perform well for all percentiles (as expected), it 641 
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was the best performer below the 30th percentile. The LSTM<30 model alone was more informative 642 
than a long-term mean at forecast horizons greater than 2 weeks. A similar effect was observed for the 643 
LightGBM<30 model, though to a lesser extent. Below the 30th percentile, the LightGBM<30 model had 644 
similar performance to the persistence model and ARIMA model. 645 

National distributions can obscure regional patterns of model performance; to further investigate model 646 
performance, we examined regional model performance. For this examination, we focused on the 10th 647 
percentile threshold overall Kappa metric and displayed the median, 25th, and 75th percentile at 648 
individual gages within each HUC2 region (Figure 6). The persistence model generally has the best 649 
overall performance in most regions and at longer horizons. However, the LSTM<30 model performance 650 
is greater at the 1-week horizon for eastern regions and for the pacific northwest. All models, including 651 
the persistence model, have lower performance within center parts of the country (Upper and Lower 652 
Mississippi, Tennessee, Ohio, Great Lakes). The ML models have greater performance at long horizons 653 
(>4 weeks) in the dry and mountainous southwestern United States than in the wetter east coast.  654 

While the overall Kappa metric is an effective distillation of overall classification performance, we also 655 
examined the proportion of forecasts within drought and the component parts of classification 656 
performance (true positive, false positive, true negative, and false negative). For this evaluation, we 657 
focused on the 10th percentile threshold (Figure 7). During the testing period, approximately 11 percent 658 
of all observations were below the 10th percentile threshold. These observations can result in either true 659 
positive or false negative; the sensitivity indicates the proportion of correct results. Both the LightGBM 660 
and LSTM models had greater sensitivity for short horizons than long horizons, with the best 661 
performance by the LSTM<30 model. While the persistence model had a greater sensitivity at long 662 
forecast horizons than the ML models, it also had the highest number of false positive predictions 663 
(lowest specificity). All models except for the persistence model predicted fewer drought events for long 664 
horizons, indicating a tendency for models at long horizons to predict higher percentiles (Figure 8). 665 
Excluding the persistence model, the model least affected by this tendency was the LSTM<30 model. 666 
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  667 

 668 

Figure 4. Distribution of the overall Cohen’s Kappa performance statistic for the models evaluated in this 669 
study. Classification performance reported at the 5th, 10th, and 20th percentile thresholds for each 670 
forecast horizon. Boxplots are ordered left to right in same order as legend top-to-bottom.  671 
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 672 

 673 

Figure 5. National distribution of the Kling-Gupta Efficiency metric to quantify the performance of the 674 
predicted forecasts with observed percentiles. The performance is reported for all percentiles and for 675 
only observed percentiles below 30. Some extreme outliers are present within the <30 percentiles KGE 676 
values at sites whose percentiles rarely fell below this level; outliers are not shown in this figure. The 677 
horizontal dotted line is -0.41, the performance of a mean value (Knoben et al., 2019). Boxplots are 678 
ordered left to right in same order as legend top-to-bottom.  679 

 680 

 681 
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 682 

 683 

Figure 6. Median (point) and 25th – 75th quantile range (lines) overall Cohen’s Kappa for each model for 684 
all gages within each region. The 10th percentile threshold was used for this figure. Sub-panels are 685 
generally arranged geographically. Region boundaries shown in Figure 1.  686 
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  687 

 688 

Figure 7. Classification error components for all gages within CONUS showing the relative proportion of 689 
true positives, false positives, and false negatives. Numeric values of sensitivity and specificity are 690 
shown. Components for the 10th percentile threshold are shown. True negative is the most common 691 
result and is the remainder of the values (adding up to 100%) for each model. 692 

 693 
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 694 

Figure 8. Proportion of forecasted streamflow to be below the 10th percentile threshold for each model 695 
as a function of the forecast horizon. The dashed red line indicates the 10th percentile nominal rate, 696 
though the true percent of drought occurrences in the model testing period shown is approximately 697 
11%.  698 

 699 

4.2 Onset and Termination Performance Metrics 700 
Droughts are events that have a beginning and an end. Our duration metrics quantify the ability of 701 
multiple independent forecasts to describe the presence and timing of drought onset and termination. 702 
For this analysis, we use the ARIMA model as a benchmark because the persistence model has no ability 703 
to represent onset and termination. Not all gages experienced multiweek droughts during the testing 704 
period, so for this examination, we pool all events nationally or in each region to calculate performance 705 
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statistics. Nationally, drought onset sensitivity, or the proportion of droughts that we correctly 706 
forecasted would appear at some point in the 13-week window, was low, with the best model being the 707 
LSTM<30 model with a sensitivity of about 22% (Figure 9). Within that 22% of correctly forecasting 708 
drought onsets, the best onset performance was distinguishing if the drought would onset in less than 709 
or greater than 1 week. Again, the LSTM<30 model performed best and had a Cohen’s Kappa value of 710 
about 0.41. All models had a high onset specificity, indicating they correctly forecasted non-drought 711 
periods that lasted the full 13-week forecast horizon. The lowest-performing model was LSTM <30 with 712 
96% onset specificity. Most models had a high termination sensitivity, which is the proportion of 713 
droughts that we correctly forecasted would end at some point in the 13-week window. This 714 
demonstrates a tendency to predict lower proportions of drought for further horizons. The LightGBM-all 715 
model best distinguished if droughts terminated in less than 1 week or greater than 2 weeks. Models 716 
had a lower drought termination specificity, which is the proportion of droughts that we correctly 717 
forecasted would last greater than 13 weeks. The persistence and ARIMA models used as baselines had 718 
the best performance, likely representing prolonged steady conditions resulting in >13-week droughts.  719 
The LSTM <30 model had the second highest drought termination specificity. 720 
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 721 

Figure 9. National model performance for predicting the presence and timing of drought onset and 722 
termination. The first column displays the sensitivity (proportion of observed events correctly forecast 723 
to occur at any horizon) and specificity (proportion of non-events correctly predicted not to occur) for 724 
onset and termination. The second column displays the models’ ability to correctly identify onset or 725 
termination at different horizon cutoffs. The second column only represents the proportion of the data 726 
shown in the “sensitivity” panels of the first column because performance can only be computed where 727 
onset/termination is both predicted and observed within the forecast horizon. 728 

We also examined regional patterns in drought termination performance because most drought 729 
termination events were correctly identified (unlike drought onset events). In general, the ML model 730 
performance exceeds the ARIMA model at representing termination within almost all regions out to 4 731 
weeks (Figure 10). Drought termination Cohen’s Kappa for the best-performing model in most regions 732 
was between 0.2 and 0.4.  At the 1-week duration threshold, the LightGBM-all model had the best 733 
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performance in 12 of the 18 regions. Both LightGBM model configurations had similar performance for 734 
most regions and durations. At longer durations in 5 eastern and northern regions (1-2; 4-5; 17) the 735 
LSTM<30 model configuration had greater termination performance. Most regions had a greater 736 
termination kappa performance for short durations than long horizons, though for regions in the 737 
southwest (13-15), several models performed consistently from 1-4 weeks. Contrary to other regions, in 738 
the Souris Red Rainy, Cohen’s Kappa values increased through time. Regions 1 and 2 demonstrated 739 
elevated termination performance for weeks 3 and 4 using the LSTM<30 model, whereas other regions 740 
showed consistent declines in performance with forecast horizon. 741 

 742 

 743 

Figure 10. Each panel shows the regional termination Cohen’s Kappa for droughts lasting up to 4 weeks 744 
produced by each model. The right panel indicates the greatest value across all three tile plots. Panels 745 
are generally arranged geographically; region boundaries shown in an earlier figure. 746 
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4.3 Uncertainty Quantification Metrics 747 
Thus far, we have focused on the performance of the median point estimates produced by our models. 748 
We also trained the ML models to produce the bounds of the 90% prediction interval (PI90). We 749 
evaluated these PI90 by calculating what proportion of observations they captured (ideally 0.90) and how 750 
wide the intervals were.  751 

We found that PI90 capture was not homogenous across streamflow percentiles (Figure 11). For 752 
example, we found that streamflow percentiles close to the training set median were overcaptured 753 
(e.g., 1.00) while relatively extreme streamflow percentiles were undercaptured (e.g., ≤0.50). The 754 
models trained on all streamflow percentiles provided capture closer to 0.90 for more streamflow 755 
percentiles, but we found that these models captured drought occurrences too infrequently (e.g., most 756 
capture values were between 0.50 and 0.80). Meanwhile, LSTM<30 and LightGBM<30 displayed a more 757 
even distribution of capture below and above 0.90 for drought conditions. We found that the LSTM<30 758 
was the only model that provided near-ideal capture out to 9 weeks for severe droughts (5-10% 759 
streamflow percentiles). 760 

 761 
Figure 11. 90% prediction interval capture by forecast horizon (x-axis) and streamflow percentile bins (y-762 
axis) for all four ML models. A horizontal black line separates streamflow percentiles that belong to our 763 
drought definitions. The diverging color mapping is centered on 0.90, the ideal capture proportion for 764 
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the 90% prediction intervals. The color spacing above 90% is smaller than the color spacing below 90% 765 
(e.g., 0.50-0.70 capture is one color and 0.99-1.00 capture is one color); this helps distinguish excessively 766 
high capture (1.00) from ideal capture (0.90).  767 

When focusing on low streamflow percentiles (i.e., ≤30%), we also found that PI90 capture was not 768 
homogeneous across regions (Figure 12). Across models, we saw lower capture for eastern HUC2 769 
regions (i.e., New England, Mid Atlantic, South Atlantic-Gulf, Tennessee, Ohio, and Great Lakes). 770 
Additionally, all models except for the LSTM<30 provided lower-than-ideal capture for the Pacific 771 
Northwest region across most forecast horizons, and models trained on all streamflow percentiles 772 
demonstrated poor capture in the Souris-Red-Rainy region across all forecast horizons. The LSTM<30 773 
(and the LightGBM<30 to a lesser extent) displayed near-ideal capture for the western regions of the 774 
country that are most known for drought (e.g., 80% capture out to 9 weeks in the Upper and Lower 775 
Colorado, Rio Grande, and Great Basin regions).  776 

777 
Figure 12. 90% prediction interval capture for streamflow percentiles below 30% by forecast horizon (x-778 
axis) and HUC2 region (y-axis) for all four ML models. The diverging color mapping is centered on 0.90, 779 
the ideal capture proportion for the 90% prediction intervals. The color spacing above 90% is smaller 780 
than the color spacing below 90% (e.g., 0.50-0.70 capture is one color and 0.99-1.00 capture is one 781 
color); this helps distinguish excessively high capture (1.00) from ideal capture (0.90). 782 

We found that PI90 width was fairly constant across streamflow percentiles for models trained on all 783 
streamflow percentiles, while LightGBM<30 (and LSTM<30, to a lesser extent) produced wider PI90 for 784 
higher, out-of-sample streamflow percentiles (Figure 13). Across models, we found that PI90 width 785 
increased for later forecast horizons; LightGBM-all, LSTM-all, and LightGBM<30 increase from average 786 
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widths of 41-54 at the 1-week horizon to 69-79 at the 13-week horizon. Compared to the other models, 787 
we found that PI90 width associated with the LSTM<30 was lower and less sensitive to forecast horizon, 788 
increasing from 21% to 23%. 789 

790 
Figure 13. 90% prediction interval width by forecast horizon (x-axis) and streamflow percentile bins (y-791 
axis) for all four ML models. A horizontal black line separates streamflow percentiles that belong to our 792 
drought definitions. The continuous color mapping ranges from 17-80 with color bins of different sizes 793 
(e.g., 17-20 versus 40-50) to display all models (which have different ranges and sensitivity) at once. 794 

When focusing on low streamflow percentiles (i.e., ≤30%), we found that PI90 width displayed some 795 
heterogeneity by region (Figure 14). For all models except the LSTM<30, we again found that the 796 
eastern HUC2 regions (i.e., New England, Mid Atlantic, South Atlantic-Gulf, Tennessee, Ohio, and Great 797 
Lakes) negatively stood out with wider PI90 at earlier forecast horizons. In addition to the HUC2s listed 798 
when addressing PI90 capture, we also observed this for the Lower Mississippi region. Beyond the 4-799 
week horizon, the LSTM-all model produced the widest prediction intervals across all regions. All these 800 
findings were either not applicable or much less attributable to the LSTM<30 which provided relatively 801 
constant prediction interval width across regions and forecast horizons. 802 
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803 
Figure 14. 90% prediction interval width for streamflow percentiles below 30% by forecast horizon (x-804 
axis) and HUC2 region (y-axis) for all four ML models. The continuous color mapping ranges from 17-80 805 
with color bins of different sizes (e.g., 17-20 versus 40-50) to display all models (which have different 806 
ranges and sensitivity) at once. 807 

 808 

4.4 Feature Importance 809 
This work was designed to maximize ML predictive modeling performance rather than to advance 810 
mechanistic understanding of drought. Consequently, our examination of the features contributing to 811 
each model was limited to evaluating the few most important variables in the model to document the 812 
necessity of certain datasets to support operational modelling. Both ML methodologies used in this 813 
study can model using highly correlated predictor variables, which are certainly present in our dataset. 814 
This can complicate the interpretation of simple feature importance measures. However, we display the 815 
top 5 most important features used as a first-order assessment (Figure 15). For illustration, we present 816 
the two best-performing configurations for each model: LSTM<30 and LightGBM-all. Both models rely 817 
heavily on the antecedent percentiles, which is not surprising given the strong performance of the 818 
persistence model. The reliance is greater for the shorter forecasts than the longer forecasts. The 819 
LightGBM-all model, which has antecedent rolling mean variables explicitly represented, uses longer 820 
rolling horizons (365-day and 90-day rolling means) for the 9- and 13-week forecasts and shorter rolling 821 
horizons (30-day rolling means) for the 2- and 4-week forecasts. The total percent importance 822 
represented by the top 5 predictor variables is less for the LightGBM-all model, which has a greater 823 
number of predictor variables, and for further forecast horizons. Both models use the GEFS forecast 824 
dataset, which provides meteorological forecast data up to 10 days ahead, within the 5 most important 825 
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variables at the 1-week and 2-week streamflow percentile forecast horizons. The NMME forecast 826 
dataset, which provides meteorological forecast data up to 105 days ahead, is within the top 5 most 827 
important variables for streamflow percentile forecast horizons at 4 and 9 weeks. In relative terms, the 828 
LightGBM-all model is more reliant on the GEFS and NMME forecast products than the LSTM<30 model, 829 
which uses static basin characteristics to a greater degree in the 5 most important variables.  830 

  831 

 832 

Figure 15. Bar charts displaying the variable importance of the top 5 most important variables for the 833 
LightGBM-all and LSTM<30 models developed for 5 forecast horizons. Variable importance is shown as a 834 
percent of the total. X-axis values vary among subpanels. Colors indicate category of predictor variable; 835 
y axis label indicates variable name. Variable definitions are available in the associated data release of 836 
dynamic model feature inputs (Hammond, 2025) and static model feature inputs (McShane et al., 2025). 837 
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Tables S1 and S2 contain variables and their sources. Variable streamflow percentiles demonstrate 838 
departures from typical values for the time of the year, fixed streamflow percentiles indicate conditions 839 
relative to the entire period of record. Precipitation abbreviated to prec. Temperature abbreviated to 840 
temp. Percentile abbreviated to %ile. 841 

4.5 Forecast Examples 842 
In addition to quantitative metrics of model performance, we also examined the qualitative appearance 843 
of the forecasts for this work to support an operational forecasting system that supports decision-844 
making. We picked several endmember examples of individual droughts at specific sites to illustrate the 845 
expected behavior within a forecast system developed from the models (Figure 16). The endmembers 846 
were derived from the 50th quantile predictions and include a) a majority of models missing 847 
onset/termination, b) a majority of models correctly predicting the onset/termination within a 1-week 848 
tolerance, and c) a majority of models incorrectly predicting the onset/termination by more than 30 849 
days. The 5th and 95th quantile predictions often encompass the true observed value but are wide 850 
enough to consistently span the 10th percentile threshold, thus limiting their use in probabilistic 851 
onset/termination forecasts.  852 
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 853 

Figure 16. Example forecasts at six selected USGS gages (U.S. Geological Survey, 2025) within the 854 
dataset to illustrate endmember outcomes of the forecasts. The red vertical line indicates the date of 855 
the forecast, with the solid black line indicating antecedent streamflow percentiles and the dotted line 856 
indicating observed (future) percentiles. Colored dots are the median forecast value, with vertical bars 857 
showing the 5th and 95th percentile predictions. The horizontal dashed black line indicates the 10th 858 
percentile drought threshold. "Miss" is when the termination/onset is never predicted by most models 859 
but it does occur. "Incorrect' is when there is a large difference between the true and predicted timing 860 
of termination/onset.  861 

 862 

 863 
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4.6 Evaluating the utility of long-term reservoir observations for improving forecasts in highly 864 
regulated areas 865 

We conducted experiments to evaluate the impact of incorporating long-term observations of reservoir 866 
storage and outflow into LSTM-all models in the Upper Colorado River Basin, as well as into CONUS-867 
scale LSTM-all, LSTM<30, LightGBM-all and LightGBM<30. Our goal was to determine whether these 868 
additional features could enhance model performance, particularly at sites located directly downstream 869 
of reservoirs with heavily managed flows. To achieve this, we utilized the ResOpsUS version 2 dataset, 870 
which provides time series data on reservoir storage and outflow (Steyaert et al. 2022)., as 871 
supplementary input features for the machine learning models  872 

We initially focused our experiments on the Upper Colorado River Basin due to the high availability of 873 
ResOpsUS data and the presence of gaged locations that allowed us to evaluate model performance 874 
with and without the additional reservoir features. We also included the distance to the nearest 875 
upstream reservoir as an input feature, potentially enabling the models to learn how reservoir storage 876 
and outflow might affect downstream locations at varying distances. Our experiments from the Upper 877 
Colorado River Basin revealed increased accuracies in streamflow discharge predictions when reservoir 878 
storage and outflow were included as input features. However, this increase was primarily observed for 879 
sites located directly downstream of the reservoirs (Figure 17). The inclusion of reservoir information 880 
yielded mixed results for other areas within the Upper Colorado River Basin. 881 

We also integrated reservoir information from ResOpsUS into the CONUS-scale LSTM and LightGBM 882 
models, but we did not observe a substantial increase in overall performance across all gaged locations. 883 
While some sites showed improved predictive accuracy (e.g. Figure 17), only 528 of the 3,219 gaged 884 
locations in the CONUS model had upstream reservoirs included in the ResOpsUS database, and only a 885 
small subset of these were directly downstream. Consequently, we chose not to incorporate reservoir 886 
information into our operational models. We suspect that the limited improvement in performance for 887 
the CONUS models may be attributed to the scarcity of gaged locations directly downstream from 888 
ResOpsUS locations with strong reservoir influences. Nevertheless, the significant increases in 889 
performance observed at sites in the Upper Colorado River Basin indicate that further experimentation 890 
to explore the optimal integration of reservoir information in machine learning models could enhance 891 
streamflow predictions at these heavily managed sites. 892 
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 893 

 894 

Figure 17. Example hindcast predictions of streamflow discharge using a Long Short-Term Memory 895 
(LSTM) model, with and without the inclusion of reservoir storage and outflow time series as input 896 
features. The right panel illustrates the difference in Nash-Sutcliffe Efficiency (NSE; Nash and Sutcliffe, 897 
1970) between the LSTM model that incorporates reservoir time series and the model that does not, 898 
plotted against the distance to the nearest upstream reservoir for gaged locations in the Upper Colorado 899 
River Basin. The purple diamond in the right panel indicates the gaged location corresponding to the 900 
time series displayed in the left panel.  901 

 902 

5. Discussion 903 
 904 

In this study, we applied ML models to determine the feasibility of forecasting streamflow drought 905 
occurrence, onset, and termination for 1-13 weeks in advance. We evaluated the models and them 906 
compared to benchmarks to understand their accuracy and uncertainty when predicting each drought 907 
property for streamflow drought events at gaged locations in the CONUS. Our results show that 908 
hydrological drought remains difficult to predict and outperforming a simple persistence model can be 909 
difficult. However, ML models provide information that can be used in drought forecasting and elevate 910 
the baseline for continued model improvement [Section 5.1]. We place our results in the context of 911 
prior streamflow drought prediction work [Section 5.2] before explaining the tradeoffs in selecting 912 
models for operational streamflow drought forecasting [Section 5.3]. Finally, we discuss remaining 913 
challenges and opportunities for further work on hydrological drought forecasting [Section 5.4].  914 

5.1 Forecasting streamflow drought onset and termination 915 
Several overarching patterns emerged from the evaluation of two machine learning architectures and 916 
two benchmark model approaches to make weekly forecasts of the streamflow percentile and 917 
onset/termination of streamflow droughts. First, drought occurrence evaluation using the overall 918 
Cohen’s Kappa metric revealed that model performance generally decreases for extreme droughts (5th 919 
percentile) and increases for moderate droughts (20th percentile). Model performance also tended to 920 
decline with increasing forecast lead time, and across CONUS, the persistence model had the highest 921 
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overall Cohen’s Kappa for all lead times and intensities except for the one week severe and extreme 922 
intensities, where the LSTM<30 model shows slightly elevated performance. The ML models tested in 923 
this study have the tendency for further forecast horizons to predict less drought, which needs to be 924 
considered if using long-term forecasts for decision making.  925 

The persistence model, which simply predicts that current conditions will persist, can be difficult to 926 
improve upon in many cases because it captures the inherent slow change in drought conditions. Yet, 927 
the LSTM<30 model had the highest performance in forecasting weekly variable streamflow percentiles 928 
below 30% (the conditions when a location is approaching drought, in drought, or exiting drought) as 929 
indicated by the KGE<30 metric for all forecast periods. Thus, the LSTM<30 model provides the most 930 
accurate estimation of streamflow percentiles in a streamflow drought context. Regional analysis of the 931 
10th percentile threshold overall Cohen’s Kappa metric indicated that the persistence model typically 932 
performs best across most regions, especially at longer horizons. However, the LSTM<30 model more 933 
accurately simulated shorter horizons in several eastern regions and for the Pacific Northwest, with 934 
overall lower performance observed in the central U.S. Models generally displayed weaker performance 935 
for the Pacific Northwest, Upper and Lower Mississippi, Great Lakes, Ohio and Tennessee regions as 936 
compared to other regions, indicating that models may be lacking inputs needed to capture important 937 
drivers of hydrological response in these regions. Two recent studies evaluating the performance of 938 
national-scale, process-based models point to lake storage and release, urban runoff, and subsurface 939 
storage quantification as being key additions to improve model performance in the specified regions 940 
(Johnson et al., 2023; Husic et al., 2024), but further work would be needed to evaluate whether 941 
providing ML models with approximations of these variables could improve streamflow drought 942 
predictions.  943 

The LSTM<30 model identified severe and extreme drought with higher accuracy than the ARIMA 944 
model. An examination of classification performance components (e.g., true positives and false 945 
positives) highlights that while the persistence model has a higher sensitivity at long horizons, it also 946 
produces more false positives. In contrast, the LightGBM-all and LSTM<30 models exhibit greater 947 
sensitivity for short horizons with fewer false positives, especially at longer forecast horizons, where 948 
they predict fewer drought events despite a significant occurrence rate. 949 

The persistence model generally perfoms well but does not allow for the prediction of a change in 950 
drought status. LightGBM-all and LSTM<30 models generally predicted the onset and termination of 951 
drought events nationally more accurately than the ARIMA benchmark model  and were consistently 952 
predicted drought status within a 4-week forecast horizon more consistently compared to the ARIMA 953 
model. However, all models struggled to correctly forecast the onset of drought, with only 22% of 954 
national drought onset events identified by the best-performing model (LSTM<30). Regionally, the 955 
LightGBM-all model most accurately predicted drought termination for 11 out of 18 regions at a 1-week 956 
duration threshold, while the LSTM<30 model configuration most accurately predicted drought 957 
termination in longer durations for specific eastern and northern regions, indicating variability in model 958 
effectiveness based on region and duration. The Cohen’s Kappa values for regional termination 959 
predictions ranged between 0.2 and 0.4 for the best-performing models, suggesting a moderate level of 960 
agreement in the models’ abilities to accurately represent the timing of drought events across different 961 
regions and durations. 962 

As an estimate of prediction uncertainty, the evaluation of the 90% prediction intervals (PI90) showed 963 
that capture rates varied across different streamflow percentiles, with models overcapturing median 964 
streamflow percentiles while undercapturing extreme percentiles. Models trained on all streamflow 965 
percentiles more accurately simulated a broader range of streamflow values but struggled with 966 
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accurately predicting drought occurrences. The LSTM<30 model demonstrated near-ideal capture rates 967 
for severe droughts across all horizons, highlighting the importance of model training on relevant data 968 
ranges to improve prediction accuracy for low-streamflow conditions. The analysis revealed significant 969 
regional variability in capture rates, particularly in eastern HUC2 regions and the Pacific Northwest, 970 
where models tended to underperform. While all models quantified uncertainty relatively well in 971 
regions most affected by drought, such as the Upper and Lower Colorado and Rio Grande basins (i.e., 972 
mostly in the 0.80-0.90 capture range), the prediction intervals were fairly wide across CONUS (e.g., 20-973 
80%) indicating a need for improved modeling approaches. 974 

This study prioritized enhancing ML predictive modeling performance over advancing mechanistic 975 
understanding of drought, leading to a limited examination of the features contributing to each model. 976 
Simple analysis of the features with the largest contributions to model predictions showed a notable 977 
reliance on antecedent streamflow percentiles, particularly for shorter forecast horizons. LSTM and 978 
LightGBM models incorporate meteorological forecast datasets, with the LightGBM<30 model relying 979 
more on the GEFS and NMME forecast products at short forecast horizons, while the LSTM<30 model 980 
emphasized several static basin characteristics and soil moisture in its top features. 981 

 982 

5.2 Improving upon existing models and setting a benchmark for future improvements 983 
As discussed in the introduction to this paper, drought is a difficult phenomenon to predict. Guidance 984 
from prior hydrological drought prediction work (Sutanto et al., 2020; Sutanto and Van Lanen, 2021) and 985 
from a series of hydrological drought listening sessions (Skumanich et al., 2024) revealed that 986 
streamflow droughts identified using variable streamflow percentiles are generally of interest to a wider 987 
array of end users because streamflow percentiles that have been deseasonalized allow for the 988 
identification of abnormally low flows during typically wet seasons, providing early warning of 989 
subsequent droughts. Through comparison to prior streamflow prediction studies, predicting departures 990 
from normal conditions appears to be more difficult than predicting volumetric streamflow. Variable 991 
streamflow percentiles, streamflow percentiles where the typical seasonal fluctuations of streamflow 992 
have been removed, have been shown to be more difficult for models to predict. Hamshaw et al. (2023) 993 
showed that the median KGE for a daily streamflow prediction model in the Colorado River Basin 994 
predicting 1 week in advance was 0.61, whereas models predicting streamflow percentiles retaining 995 
seasonality had a median KGE of 0.67 and models predicting deseasonalized streamflow percentiles had 996 
a median KGE of 0.43; however, these models did not incorporate any forecasted meteorology inputs 997 
like those used in the ML models of this study. By comparison, the median KGE for the LSTM<30 one 998 
week forecast of deseasonalized streamflow percentiles was 0.8 for CONUS. 999 

Similarly, Simeone et al. (2024) showed that when daily streamflow from the National Water Model 1000 
version 2.1 and from the National Hydrological Model was converted to streamflow percentiles, Cohen’s 1001 
Kappa values were typically lower when identifying droughts using variable drought thresholds and 1002 
deseasonalized streamflow percentiles as compared to fixed drought thresholds and streamflow 1003 
percentiles that retain seasonality. In an easier non-forecasting setting, National Hydrological Model and 1004 
National Water Model had median Kappa values of 0.43 and 0.47 respectively for moderate drought, 1005 
0.34 and 0.37 for severe drought, and 0.24 and 0.26 for extreme drought. Most comparably, the median 1006 
Kappa values for the LSTM<30 one week forecast in this study were 0.60 for moderate drought, 0.65 for 1007 
severe drought and 0.60 for extreme drought, improving upon the predictions of existing national scale 1008 
models. In comparison to the regional patterns in streamflow drought performance from Simeone et al. 1009 
(2024) which show sharply lower performance for western CONUS compares to eastern CONUS, the 1010 
models developed in this paper had more similar performance across eastern and western regions. 1011 
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5.3 Selection of model for an experimental operational application 1012 
Given that the persistence model cannot forecast the onset of drought and can only predict a 1013 
continuation of existing conditions, we only consider deploying the remaining models for operational 1014 
forecasting. Using overall and event-focused model evaluations to guide model selection for operational 1015 
use, we identified two models as suitable for operational forecasting.  1016 

The LSTM<30 model: 1017 

(1) Best predicts streamflow percentiles in and adjacent to drought periods based on KGEs  1018 
(2) Outperforms all models except for the persistence model in forecasting 1-, 2-, and 4-week severe 1019 

drought based on the overall Cohen’s Kappa  1020 
(3) Overall Cohen’s Kappa indicates similar performance to other models for moderate droughts of 1, 2 1021 

and 4 weeks, and performance exceeding all but the persistence model for weeks 9 and 13  1022 
(4) Has near-ideal capture rates for severe droughts across all horizons  1023 
(5) Has the narrowest 90% prediction interval  1024 
(6) Has the best performance at predicting drought onset.  1025 

The LightGBM-all model: 1026 

(1) Best predicts drought termination timing up to 4 weeks. 1027 
(2) Slightly outperforms the LightGBM<30 model for overall Cohen’s Kappa performance forecasts. 1028 
 1029 

KGE values greater than −0.41 indicate that a model improves upon the mean flow benchmark (Knoben 1030 
et al., 2019), and the LSTM<30 exceeds this threshold for all forecast periods, with national interquartile 1031 
range always above this threshold, but with a considerable dropoff in performance after 4 weeks. 1032 
Landis and Koch (1977) provide guidelines for interpreting Cohen’s Kappa as follows: 0–0.20  slight 1033 
agreement, 0.21–0.40 fair agreement, 0.41–0.60 moderate agreement, 0.61–0.80 substantial 1034 
agreement, and 0.81–1 almost perfect agreement. Thus, the LSTM<30 performance for predicting 1035 
moderate and severe drought indicates substantial agreement for week 1 and moderate to fair 1036 
agreement out to 4 weeks. The LSTM<30 model more accurately simulated drought onset compared to 1037 
other models, but performance was generally poor for simulating drought onset. The LSTM<30 model 1038 
also predicted drought termination more accurately than other models in the northeastern U.S. 1039 
However, both LightGBM models simulated drought termination more accurately than the LSTM<30 1040 
model in the western United States and at short forecast horizons. Given this assessment, the LSTM<30 1041 
model is deployed to provide forecasts of weekly streamflow percentiles (Figure 18). Alongside this 1042 
model, we also use the LightGBM-all model to generate predictions that may be used side by side to 1043 
assess potential future drought termination likelihood. Forecast graphics are provided in volumetric 1044 
streamflow because path analysis and user testing revealed that web map users were most comfortable 1045 
and had better context with this display. 1046 

  1047 
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 1048 

Figure 18. Webmap view and forecast graphic view for an example site, USGS 04121500 Muskegon River 1049 
at Evart, MI (U.S. Geological Survey, 2025), for forecasts made on September 7, 2025. Forecasting web 1050 
map (Corson-Dosch et al., 2025; https://water.usgs.gov/vizlab/streamflow-drought-forecasts/) currently 1051 
only shows predictions made using the LSTM<30 model, with the option to download predictions from 1052 
both the LSTM<30 and LightGBM all models. 1053 

 1054 

5.4 Remaining challenges and opportunities for further work on hydrological drought forecasting: 1055 

5.4.1 Challenges  1056 
Streamflow drought forecasting faces several significant challenges that complicate the accuracy and 1057 
reliability of predictions. One primary difficulty is forecasting periods extending beyond four weeks, 1058 
which tend to yield less reliable results due to the diminishing importance of antecedent observed 1059 
streamflow and the degradation of meteorological forecast accuracy (Troin et al., 2021). Additionally, 1060 
there is a notable lack of comprehensive subsurface storage data, particularly groundwater, across 1061 
CONUS (Kampf et al., 2020), and subsurface storage data are crucial for understanding drought 1062 
dynamics. Human modifications to the landscape, such as the management of reservoirs, diversions, 1063 
and irrigation canals, further complicate the natural flow of streams and rivers (Carlisle et al., 2019), 1064 
making it challenging to model streamflow or departures from normal streamflow conditions accurately. 1065 
Moreover, the inherent difficulty in capturing the sub-seasonal transitions between drought and flood 1066 
or flood and drought conditions adds another layer of complexity (Barendrecht et al., 2024; Brunner et 1067 
al., 2021; Götte and Brunner, 2024; Hammond, 2025) because these transitions can significantly alter 1068 
streamflow patterns and exacerbate forecasting uncertainties. Together, these factors highlight the 1069 

https://water.usgs.gov/vizlab/streamflow-drought-forecasts/
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need for improved data collection and modeling approaches to improve streamflow drought forecasting 1070 
capabilities. 1071 

5.4.2 Opportunities 1072 
In listing these challenges, several opportunities for enhancing streamflow drought forecasting arise, 1073 
particularly through the integration of ever-improving meteorological forecasts (Gibson et al., 2020), 1074 
including those generated by machine learning algorithms (Kaltenborn et al., 2023; Mouatadid et al., 1075 
2023; Nguyen et al., 2023; Yu et al., 2023). By training models on data from diverse locations outside of 1076 
the United States, we can improve the robustness of forecasting tools because more data available for 1077 
training typically increases the accuracy of machine learning streamflow prediction (Gauch et al., 2021). 1078 
For longer-term predictions beyond four weeks, a shift towards forecasting hydrological drought 1079 
conditions at a monthly timestep could provide more reliable insights. Expanding forecasting to include 1080 
ungaged locations will allow for a more comprehensive understanding of drought occurrence across 1081 
various regions. Additionally, generating retrospective predictions for ungaged areas could help connect 1082 
historical drought to both human and ecosystem water availability. Ungaged areas lack observed 1083 
antecedent streamflow estimates, but regional estimates of antecedent streamflow from gaged 1084 
locations or from other models could provide this input. Leveraging forecasts from physically based 1085 
hydrologic models could enhance prediction accuracy by providing estimates of subsurface storage and 1086 
baseflow. Estimating reservoir storage and release dynamics as well as fine scale multi-sector water use 1087 
at sites lacking long-term historical records could provide models with data to estimate the effects of 1088 
human modifications on streamflow conditions. 1089 

In addition to streamflow drought predictions and forecasts, the models developed in this study could 1090 
be adapted for the problems of low flow prediction and forecasting of streamflow percentiles retaining 1091 
seasonality, rather than the deseasonalized percentiles used in this study for drought prediction. 1092 
Hamshaw et al. (2023) showed that LSTMs were considerably stronger in predicting occurrence of flows 1093 
below static thresholds rather than variable thresholds in the Colorado River Basin. Continued 1094 
experimentation will be needed to evaluate whether developing separate models for different flow 1095 
extremes (floods versus droughts) yields the most accurate forecast for each, or whether a single model 1096 
can be developed to accurately predict both extremes without sacrificing performance for either 1097 
extreme. This latter model would be advantageous in terms of operational simplicity, but also perhaps 1098 
for more reliably capturing the transitions between extremes. Recent examples highlight opposite 1099 
extremes occurring in short succession with communities struggling to recover from the impacts of 1100 
repeated hydrologic extremes (Barendrecht et al., 2024). 1101 

6. Conclusions 1102 
Given the need for information on current and forecast hydrological drought conditions, we developed 1103 
an experimental ML tool to forecast streamflow drought occurrence, onset, and duration for more than 1104 
3,000 gaged locations across the conterminous United States. We tested two ML model architectures 1105 
(LSTM and LightGBM), each of which was tested with two configurations (trained on all percentiles and 1106 
<30 percentiles). We compared their performance to two benchmark models (persistence and ARIMA). 1107 
We found LSTM<30 to be the overall best-performing ML model for predicting drought occurrence and 1108 
onset, with narrower and more accurate prediction intervals. However, this model did not outperform 1109 
the persistence model for drought occurrence and, despite outperforming the benchmark models for 1110 
drought onset, only correctly predicted onset 122% of the time. Both ML model architectures tended to 1111 
predict drought occurrence at low rates for further streamflow horizons, resulting in artificially short 1112 
drought durations. Both ML models shared a strong reliance on antecedent streamflow for shorter 1113 
forecast horizons and a growing role of forecast meteorology at longer horizons. The models described 1114 
here support a new product (https://water.usgs.gov/vizlab/streamflow-drought-forecasts) that provides 1115 
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previously unavailable streamflow drought forecasts to enable the public to better anticipate and 1116 
prepare for hydrological drought impacts. This is the first version, and the product may be substantially 1117 
improved in future iterations to (1) improve model performance at gaged locations with algorithmic 1118 
improvements, bias correction, and objective function changes; (2) provide forecasts for ungaged areas; 1119 
(3) use improved meteorological forecast information; (4) include more detailed soil moisture, baseflow 1120 
and groundwater storage representations, potentially from process-based model output; and (5) 1121 
leverage compilations of observations and estimates of reservoir storage and outflow and water use at 1122 
many more locations than currently available.  1123 
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Table S1. Gridded meteorology and climatology datasets used as model inputs. Data were aggregated to 1484 

a single basin average value for each day for each streamgage. Streamgage identifiers can be found in 1485 

Hammond et al. (2025) and McShane et al. (2025). 1486 

Variable Units Source Reference 

Minimum Temperature °C  
 

 
gridMET 

 
 

 
(Abatzoglou, 2013) 

Maximum Temperature °C 

Precipitation mm 

Evapotranspiration (Reference - grass) mm 
Standardized Precipitation 
Evapotranspiration Index 
(SPEI) 

unitless 

Snow Water Equivalent (SWE) mm NASA 
NSIDC 

(Broxton et al., 2019) 

Soil Moisture (0-10 mm depth) kg/m2 
NASA 

NLDAS 

 
(Mitchell, 2004) Soil Moisture (10-40 mm depth) kg/m2 

Soil Moisture (40 – 100 mm depth) kg/m2 

Observed streamflow mm/d 
USGS 

(U.S. Geological Survey, 

2025) 

Precipitation (7 + 14-day ensemble 
forecasts) 

mm GEFS (Zhou et al., 2022) 

Mean temperature (7 + 14-day 
ensemble forecasts) 

°C GEFS (Zhou et al., 2022) 

Precipitation (1,2,3 month ensemble 
forecasts) 

mm NMME 

CFSv2, 

SUBX, 

ECMWF 

(Kirtman et al., 2014), 

SubseasonalClimateUSA 

github 

Mean temperature (1,2,3 month 
ensemble forecasts) 

°C NMME 

CFSv2, 

SUBX, 

ECMWF 

(Kirtman et al., 2014), 

SubseasonalClimateUSA 

github 

Monthly maximum surface water extent 
(DSWE C2) 

%  Landsat (Jones et al., 2022) 

Monthly irrigation, public supply water 
use 

Mgpd USGS (Martin et al., 2023) revised 

version 
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Table S2. Static watershed attributes used as inputs to the regional deep learning models. (Wieczorek et 1492 

al., 2018). 1493 

Attribute Description Attribute Description 

SqKm Drainage Area in square 
kilometers 

MIRAD_2012 % of watershed in 
irrigated agriculture 
(2012) 

ELEV_MEAN Mean elevation FRESHWATER_WD Total 
freshwater 
withdrawals 

ELEV_MAX Maximum elevation SANDAVE Average % of sand in soil 

MINWD6190 Average of minimum 
monthly number of days of 
measurable precipitation 
(1961-1990) 

CLAYAVE Average % of clay in soil 

MAXWD6190 Average of maximum monthly 
number of days of measurable 
precipitation (1961-1990) 

SILTAVE Average % of silt in soil 

RF7100 Mean annual average for the 
Rainfall and Runoff factor (1971-
2000) 

HGA Percentage of 
Hydrologic Group A soil 

ARTIFICIAL Percentage of all flowline reach 
that is an artificial reach 

HGB Percentage of 
Hydrologic Group B soil 

AET Mean annual evapotranspiration HGC Percentage of 
Hydrologic 
Group C soil 

RH Average relative humidity HGD Percentage of 
Hydrologic Group D soil 

WB5100_ANN Average annual runoff (1951-
2000) 

ROCKDEP Average range in total 
soil thickness 

MAXP6190 Maximum average annual 
precipitation (1961-1990) 

CONTACT Subsurface flow contact 
time index 

CWD Average number of consecutive 
days with measurable 
precipitation 

STREAM_SLOPE Average flowline slope 

RECHG Mean annual natural ground-
water recharge 

TOTAL_ROAD_DENS Density of all road types 

BFI Base flow index NLCD19_FOREST 2019 watershed % of 
land 
use in forest 

TWI Topographic wetness index NLCD19_WETLAND 2019 watershed % of 
land use in wetlands 

EWT Average depth to water table DI_EROM reservoir storage 
intensity in units of days 

SATOF Percentage of Dunne overland 
flow 
as a percent of total flow 

DI_PMC degree of regulation 
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  1496 

 1497 

 Figure S1. Each panel indicates the Kendall’s Tau rank-based correlation between the 10th percentile 1498 

overall Cohen’s Kappa metric and 11 explanatory variables at 3,219 gages within the conterminous 1499 

United States. The panels represent results from each model evaluated in the study and display results 1500 

for each forecast horizon. Definitions of each explanatory variable are provided in McShane et al. (2025). 1501 
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 1502 

Figure S2. Demonstration of multiple classification methods on our possible results for severe drought 1503 

prediction (i.e., maximum of approximately 10% true positives and 90% true negatives where false 1504 

negatives are equal to 10% minus true positives and false positives are equal to 90% minus true 1505 

negatives). For every combination of possible results, we calculated the value of three classification 1506 

metrics which consider all types of error – beyond just simple accuracy. This figure demonstrates that 1507 

Cohen’s Kappa provides the smallest area of favorable values (e.g., largest dark red area; smallest dark 1508 

blue area) and was therefore the most conservative measure of performance. 1509 
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