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Preface 

Droughts of the twenty-first century have been unprecedented, less a reflection of what 
has come before than a harbinger of what is ahead. Reflected in record low spring snowpack and 
record high temperatures, the United States is now 27 years into the first multidecadal 
“megadrought” in the nation’s history. In less than three decades, the megadrought has 
highlighted how warming temperatures across the West can intensify soil moisture declines, 
forest mortality, and wildfire impacts, including wildfires that destroyed lives and livelihoods. 
During the same twenty-first century period, the United States has seen other unusually 
devastating droughts across the Great Plains, in the Southeast, and in Hawaii. Even my home 
state of Michigan has seen typical summer dry spells become persistent and costly droughts.  

These intensifying drought conditions spurred this report, which was commissioned by 
federal and state leaders who work hard to provide society’s decision-makers with assessments 
of ongoing droughts and information for dealing with these and future droughts, even as the job 
gets more challenging due to nonstationarity. Their work includes collaboration with scientists, 
modelers, observing systems, and perhaps most visibly, the individuals and organizations across 
the country and continent who produce regular updates to the U.S. Drought Monitor, the North 
American Drought Monitor, and other regular products essential for decision-making in every 
state of the country. The job of this National Academies study team and this report is to 
recommend how to build on the solid foundation of drought assessment that already exists in the 
United States, and in doing so increase our nation’s resilience to nonstationarity as it responds to 
worsening drought and its impacts across the country. 

The present report does two things. First, it shows the ways in which current drought 
assessment practices can be impacted by nonstationarity, including in ways that might make 
droughts more difficult to manage, and thus more costly. Second, this report provides tractable 
strategies to update the nation’s current strong foundation of drought assessment to become more 
robust and helpful in the context of nonstationarity. We are on the cusp of a new era of drought 
assessment innovation and resilience that we hope will be sparked by this report and involve the 
collaborative efforts of federal and state experts, the broader scientific research community, and 
all those in society who have a stake in lessening the impacts and costs associated with the 
increasing challenge of drought. 

This report is the work of a dozen scientific experts who volunteered their time and 
expertise to study how to help this country and its people become more resilient to the worsening 
impacts of drought under a changing climate—to these colleagues I wish to extend my deepest 
thanks. I also want to thank those from around the country who answered the committee’s call 
for information on the execution and use of drought assessments. And importantly, on behalf of 
the whole team, I want to extend my great appreciation to the excellent professional staff of the 
National Academy of Sciences, particularly Steven Stichter, Charles Burgis, and Dominique 
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Jenkins, as well as to all those who helped with the peer review of this work. This report was a 
team effort, and we were lucky to have had such a great team. 

 
Jonathan Overpeck, Chair 

Committee on the Future of Drought in the United States 

June 2026 
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Summary 

Drought1 has become seared into the history of the United States, most notably thanks to 
the Dust Bowl drought of the 1930s. Nearly a decade of meteorological drought (driven by 
precipitation deficits and high temperatures), combined with poor land management practices, 
led to widespread crop failures in the Great Plains states and mass migration of people from the 
affected regions as they escaped desiccated landscapes and clouds of dust searching for better 
livelihoods elsewhere. Fast-forward to the early twenty-first century and the country is 
weathering an even worse drought in the U.S. Southwest, the first multidecadal “megadrought” 
in the nation’s history and the most severe of many such droughts over the past 1,200 years. The 
nation has adapted to recent droughts and become more resilient to drought in multiple ways. 
Despite that progress, droughts and drought impacts are becoming more severe, as evidenced 
most clearly by a growing water crisis in the Southwest, groundwater running dry in parts of 
western Kansas, and declining more broadly across the High Plains, and unprecedented hot 
drought and wildfire affecting an ever-increasing swath of the nation.  

Among billion-dollar weather and climate disasters in the United States, drought is the 
third most costly in terms of economic loss behind hurricanes (tropical cyclones) and severe 
weather (e.g., tornadoes). Between 1980 and 2025 in the United States, the economic cost of 
each of the largest droughts has averaged over $11 billion per event, with consequent wildfire 
events adding to this toll, averaging nearly $9 billion each. In terms of human lives lost, drought 
and extreme heat combined are responsible for over 100 deaths per year, ranked behind only the 
human toll associated with hurricanes. Human deaths related to extreme heat events are on the 
rise as well, as record heat and drought both become more common and often combine to make 
impacts worse. 

The United States needs an expanded capability for drought assessment to support efforts 
that ensure resilience and thriving in the face of the changing (nonstationary) nature of drought 
and drought impacts. Conducted at the request of the National Oceanic and Atmospheric 
Administration (NOAA), with support of the Interstate Council on Water Policy, this report 
proposes a framework for incorporating nonstationary considerations into drought assessment, 
addressing drought characterization, research, data sources, indicators, and impact tracking. 
Critical to advancing this framework, this report includes recommendations on the development 
and implementation details that need to be determined jointly by the partners involved in the 
National Integrated Drought Information System (NIDIS) and the nation’s broader drought 
research, assessment, and response enterprise. 

Before the twenty-first century, droughts were thought of as climate extremes that slowly 
developed and eventually ended. In the twenty-first century, there is a whole new array of 
drought behaviors that include droughts that are faster to intensify, are more severe, and that may 
even morph into long-term aridification in some parts of the country. Increasingly, these 

 
1 This summary does not include references. Citations for the information presented herein are provided 

in the main text. 
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changing drought behaviors may include a wide array of severe consequences for crop 
production, water security, healthy ecosystems, and successful livelihoods, among many others, 
in more and more parts of the U.S.  

THE NATION’S DROUGHT ASSESSMENT ENTERPRISE 

The United States’ success and resilience in the face of drought stems from advances in 
the scientific understanding of drought and partnerships that help turn scientific understanding 
into action and resilience. The nation’s response to drought has also evolved over the last two 
centuries as severe droughts created significant impacts to the economy, especially agriculture. 
Major droughts of the 1890s, 1930s, and 1950s in the Great Plains; the 1960s in the Northeast; 
and the 1970s, 1980s, and 1990s in the West prompted changes in water system infrastructure 
and operations, farm policies, and insurance and aid programs to reduce drought vulnerability. 
Drought response shifted from a focus on reactive crisis management policies to proactive 
responses to build resilience. Drought monitoring tools co-evolved during this time from simple 
indices that incorporated basic measures of precipitation or streamflow to more sophisticated 
model-based indices addressing water supply (precipitation), atmospheric evaporative demand, 
soil moisture, and other hydrological (snowpack, streamflow) and biophysical (satellite 
vegetative data) components. The proliferation of drought indices in the last decades of the 
twentieth century gave rise to a convergence-of-evidence methodology that integrated the indices 
into a composite product, with the U.S. Drought Monitor being developed in 1999. 

The federal government took the lead in managing drought response, recovery, and 
assessment efforts during the twentieth century. The creation of state drought response plans 
accelerated in the 1980s and 1990s. During this time, regional, state, and local agencies and 
organizations coordinated drought response, planning, and assessment with federal entities. This 
work ultimately led to the creation of the National Integrated Drought Information System, 
which coordinates drought monitoring, forecasting, planning, and information across all 
government levels. 

This report and its analysis encompass the five primary drought types—meteorological 
drought (including flash drought), agricultural drought, hydrological drought, socioeconomic 
drought, and ecological drought—each of which have their own characteristic timescales, 
impacts, level of scientific understanding, and opportunities for resilience-based decision-making 
and management.  

Drought assessment is ultimately designed to assist with making decisions in response to, 
or in preparation for, droughts. In the context of drought assessment, important decisions include 
those made over shorter time frames, such as emergency response and water resource operations, 
as well as those that relate to longer-term planning and preparedness. Traditional drought 
assessment generally comprises five key components: prediction, early warning, monitoring, 
post-event analysis, and projection (see Figure 2-7). All five components require accurate and 
actionable information plus clear and effective risk communication. To focus its work and 
recommendations, the study committee adopted a decision-centered approach to its charge. This 
decision framing is tied closely to risk framing in that risk mitigation systems—including 
government programs, insurance systems, and infrastructure—involve decision-making that 
buffers risk or unintentionally sustains vulnerability by discouraging adaptation. 

Key decision-makers include federal, Tribal and Native, state, and local entities and 
universities, resource managers, stakeholders, and citizens; these groups, and partnerships 
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between them, help turn science and understanding into action and resilience. The creation of the 
NOAA-led NIDIS, an interagency, multipartner approach to drought monitoring, forecasting, 
and early warning, established a strong foundation for the U.S. to be resilient in the face of 
drought.  

Drought Assessment 

Droughts are characterized along multiple dimensions, including duration, intensity, 
spatial coverage, magnitude, severity, frequency (return period), and in the case of flash 
droughts, the rapidity of onset and intensification. Drought assessment evaluates available water 
and climate information within these multiple dimensions and turns it into decision-relevant 
information. Drought assessment informs a wide variety of decisions made by governments, 
communities, firms, and individuals; these assessments often function either as a trigger 
mechanism for taking action or as one component of a broader convergence-of-evidence 
approach to decision-making, in which multiple indicators, indices, models, and impact reports 
are evaluated together by human experts to inform assessments about drought severity. 

For example, drought assessments are explicitly embedded in federal disaster and 
emergency programs targeted at the agricultural sector. Several major U.S. Department of 
Agriculture (USDA) programs are triggered in response to U.S. Drought Monitor (USDM) 
severity levels listed in Box S-1. USDA Secretarial Disaster Designations are automatically 
“fast-tracked” when counties meet specified USDM intensity thresholds, which in turn makes 
producers eligible for Farm Service Agency Emergency Loan assistance.  

Drought assessments also inform municipal water management decisions. For example, 
the South Florida Water Management District cites rainfall deficits compared to historical 
averages when issuing landscape irrigation restrictions for residents and businesses in its service 
area (SFWMD, 2026). In Texas, the Green Valley Special Utility District imposes staged water 
use restrictions, including limits on landscape irrigation, vehicle washing, and pool filling, based 
on drought response triggers tied to levels in the Edwards Aquifer. 

BOX S-1 
The U.S. Drought Monitor 

The U.S. Drought Monitor (USDM) is a composite product that incorporates drought and 
climate indices and indicators, output from numerical models, and drought impact reports 
provided by regional and local field experts from around the country. The indices, indicators, 
and model data are first converted to a standard percentile-based form using the history 
(reference period) of the input dataset. The percentile-based data are then merged manually by 
a cadre of USDM authors into the map product using a convergence-of-evidence methodology. 
The USDM expresses drought intensity in percentile-based “Dx” categories, each corresponding 
to a specific range of return-period rarity (see Table S-1 for the USDM categories and Table 6-1 
for the corresponding percentile ranges). The USDM has become the de facto standard for U.S. 
drought monitoring. Numerous states make drought response decisions, and federal agencies 
allocate drought relief funds, based on the drought severity as depicted on the USDM. 
Currently, the USDM is used as a source to inform understanding of both drought severity (for 
drought relief) and drought rarity. 
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TABLE S-1 USDM Drought Monitor Categories 

Category Description 

 Normal or wet conditions 

D0 Abnormally Dry 

D1 Moderate Drought 

D2 Severe Drought 

D3 Extreme Drought 

D4 Exceptional Drought 

SOURCE: USDM, n.d., https://droughtmonitor.unl.edu/About/AbouttheData/DroughtClassification.aspx, accessed 
December 7, 2025.  

THE CHANGING NATURE OF DROUGHT 

Along with the first multidecadal megadrought in the United States, the twenty-first 
century has opened with the realization that the changing nature of drought threatens the nation’s 
resilience to drought. In many regions, droughts are becoming hotter and thus more severe. Flash 
droughts, defined by unusually rapid onset and intensification, are becoming more common. 
Droughts are also becoming more frequent and longer-lasting, occurring against a backdrop of 
long-term regional drying (aridification) trends.  

The regional expressions of this drought transformation vary considerably. In the West, a 
marked increasing trend in temperatures is drying soils faster and stressing ecosystems through 
enhanced evapotranspiration, coupled with low precipitation. Higher temperatures have altered 
regional hydrology, shifting a greater fraction of winter precipitation from snow to rain and 
reducing mountain snowpack that serves as an essential natural reservoir, sustaining streamflow 
during the melt season. In the Midwest, conditions have generally trended wetter overall, yet the 
region has simultaneously experienced an increase in the frequency and intensity of flash 
droughts—rapid-onset events capable of inflicting severe agricultural and ecological damage. 
Notable examples include the 2012 drought that struck during the agricultural growing season 
and the 2017 drought centered in the Northern Great Plains. The Northeast (including, as used in 
this report, the states extending from Maryland and Delaware to Maine), not traditionally 
associated with significant drought risk, has experienced historic drought conditions in 2000, 
2016, 2020, and 2022, levels not seen since the 1960s.  

This report identifies three broad categories of processes that can generate drought 
nonstationarity, each potentially operating on a number of timescales that can act through 
different mechanisms: (1) climate variability internal to the climate system (i.e., over decadal and 
longer timescales); (2) forced climate change, both natural (e.g., due to changing volcanic 
forcing) and anthropogenic (i.e., due to emissions of greenhouse gas and aerosol pollution into 
the atmosphere); and (3) land surface (e.g., vegetation) and human water and land management 
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changes (e.g., over-allocation of river flows and groundwater depletion, crop changes and land 
fallowing). Whereas the solutions to each factor could differ by mechanism, all share the same 
consequence of undermining accurate drought assessment due to the resulting nonstationarity.  

DESIGNING A TWO-PRONGED APPROACH  
FOR INCORPORATING NONSTATIONARITY  

Given the steadily increasing impact of human-caused climate change, as well as human 
water and land management changes that can exacerbate drought conditions, the nation’s drought 
assessment enterprise must incorporate nonstationarity into drought assessment, decision-
making, and action to ensure future resilience to drought. Nonstationarity challenges drought 
classification and assessment because drought is traditionally defined based on static thresholds 
relative to a baseline climate; when the baseline changes, the same physical conditions can be 
misclassified and consequently provide inaccurate information for operational decision-making 
or long-term planning. 

The concepts of period of record and reference period, used to refer to the temporal span 
over which data are available and deemed representative for analysis, lies at the heart of drought 
assessment methodologies. Traditionally, drought assessment has relied on long-term historical 
records to establish baselines and characterize the rarity of conditions, often drawing on the 
longest available period (e.g., 60+ years). While 30-year climate normals established by the 
World Meteorological Organization (WMO) are widely used in climatology and have been 
applied in some drought contexts, longer records have generally been preferred where available, 
assumed to better capture extremes. However, under increasing nonstationarity, these long-term 
historical baselines may no longer provide a stable reference for assessing current-day drought 
conditions and risk. Specifically, fixed reference periods risk masking secular trends (i.e., long-
term trends not attributed to a cause), failing to capture the increasing spread of drought extremes 
now emerging under climate change, and systematically misinterpreting contemporary drought 
risk, including under- and overestimating drought risk in some areas. The challenge is 
particularly significant because the selection of baseline period fundamentally shapes drought 
detection, classification, and communication. A baseline drawn from earlier decades may 
classify current conditions as more anomalous than one drawn from recent decades, yet neither 
fully captures the trajectory of ongoing change. 

The report’s authoring committee concludes that a framework for incorporating 
nonstationarity in drought assessment to inform decision-making should be designed around a 
two-pronged drought analysis framework that delineates and addresses the specific needs of 
(1) short-term operational assessments for activities like emergency management and (2) long-
term planning assessments for activities like adaptation, depending on the application (see Figure 
S-1). 
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FIGURE S-1 Elements of the proposed two-pronged assessment framework. 
NOTE: This schematic highlights key components to be provided by the recommended 
assessment consortium, example decision drivers, and examples of the innovations that would 
yield improved drought assessments. 

 
In this framework, short-term operational assessments aimed at predicting subseasonal-

to-seasonal changes in drought conditions (prediction and early warning), characterizing current 
drought conditions (monitoring), analyzing the characteristics of a recent drought event (post-
event assessment), or assessing potential changes in regional to local drought characteristics 
under the current climate (projection) require that the community should employ an updated 
stationary approach based on contemporary baselines (e.g., 30 years ± 10 years, depending on 
the type of drought assessment, systems of interest, and decision frameworks), with clear rules 
for baseline refreshing, documentation, versioning, and reproducibility. Such an approach 
ensures that drought assessment accurately casts an emerging or ongoing drought relative to the 
current climate.  

For drought assessments used in long-term planning, such as those designed for seasonal 
to multiyear expectations of drought conditions and impacts (prediction and early warning), for 
analysis of recent drought events in the context of a region’s or location’s long-term drought 
history (post-event assessment), and for long-term planning and drought impact mitigation 
(projection), the framework should emphasize the explicit use of nonstationary approaches that 
ingest the full available observational record and model-based predictions/projections to allow 
statistical parameters to evolve with time and/or physically meaningful covariates (e.g., 
temperature, circulation indices, water demand, land use and land cover). 

Recommendation 8-2: NOAA/NIDIS, in collaboration with other agencies such as 
USDA, should develop a common drought assessment framework that integrates 
approaches for both short-term operational and long-term planning applications. In 
this framework, short-term operational assessments should be based on 
contemporary baselines, with clear rules for baseline refreshing, documentation, 
versioning, and reproducibility; and long-term planning assessments should be 
based on nonstationary models that use the full available observational record 
(including the paleoclimatic record) together with model-based predictions and 
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projections, and that allow distribution parameters to evolve over time and/or with 
physically meaningful covariates. 

The focus of this report is on drought assessment that is designed to inform 
understanding, decisions, and actions to address current drought conditions and reduce long-term 
risk of drought and drought impacts. To meet information needs of all users and stakeholders, 
efforts to advance drought assessment to incorporate nonstationary considerations should include 
representatives of key groups with interest in drought assessment. 

Recommendation 8-1: To support the development of a common drought 
assessment framework, NOAA/NIDIS should facilitate the establishment of a 
consortium that includes representatives from the research community, operational 
agencies and practitioners, and standards and regulatory stakeholders. 

Recommendation 8-3: NOAA/NIDIS should facilitate development, with a 
consortium of key drought sector representatives, of a set of application-specific 
guidelines, specifying baseline lengths, update frequency, documentation standards, 
and reporting requirements for short-term and long-term drought analysis, with 
complementary guidelines tailored to specific applications or sectors. 

The short-term operational drought assessment capability in the United States, with 
leadership and contributions from NOAA/NIDIS, the National Drought Mitigation Center 
(NDMC), and many others across the drought community, is already well established and can be 
steadily improved to ensure that consideration of nonstationarity enables reliable and 
reproducible drought monitoring, early warning, and emergency drought relief practices. The 
explicit incorporation of nonstationarity into drought assessment for long-term planning can take 
better advantage of ever-improving climate prediction and projection capabilities to anticipate 
future drought-related challenges across the nation (all 50 states and U.S. territories), avoid 
maladaptation, and develop strategies to ensure resilience. 

UNDERSTANDING AND ASSESSING THE DRIVERS OF NONSTATIONARY 
DROUGHT  

There is a growing need to invest in gaining a deeper understanding of drought drivers 
under nonstationarity. Traditionally, the risk of drought has been associated with the risk of 
anomalously low precipitation. As temperatures continue to increase, however, more research 
focus is needed on the increasing atmospheric demand for moisture and how this demand works 
through subsurface geology, soils, vegetation, and snow to intensify, and in an increasing 
number of cases, to initiate drought. The same processes, ultimately driven by atmospheric 
warming, are already leading to long-term drying trends, and this trend toward greater 
“aridification” can also change the nature of precipitation-driven droughts, usually by making 
them more frequent, severe, and longer.  

Much remains to be learned about the nature of precipitation variability and change, and 
how to simulate this variability and change with state-of-the-art climate and Earth system models 
used for climate prediction and projection. As flash droughts become more common, there is an 
urgent need to gain a better predictive understanding and early warning capability of these 
rapidly intensifying drought events, including constraints on how temperature extremes interact 
with precipitation variability. All parts of the United States are at risk of worsening drought 
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impacts, but unprecedented twenty-first century heat, drought, and wildfire across the Western 
United States warrant special concern and research attention. To what degree is this region 
experiencing long-term aridification, how are trends in temperature and precipitation driven now 
and into the future, what are the implications for human and natural systems, and what mitigation 
and adaptation strategies are feasible? Use-inspired research is key to success and must be 
expanded to ensure drought resilience in the face of nonstationarity. 

Recommendation 4-1: NOAA, NSF, NASA, and other science partners involved in 
the national drought assessment enterprise should prioritize scientific research into 
drought dynamics and aridification, including how climate variability and change 
influence the frequency, severity, duration, onset, intensification, and other aspects 
of drought needed to support relevant decision-making. The research should also 
prioritize improving approaches used to assess drought and aridification risks 
seasons to decades into the future.  

DROUGHT ASSESSMENT DATA, INDICATORS, AND INDICES 

Data sources, continuity, and stewardship are becoming even more important as 
nonstationarity acts to make drought assessment more complex and drought resilience more 
difficult to achieve. Drought data serve diverse stakeholders with fundamentally different 
temporal horizons, information needs, and tolerances for uncertainty. Therefore, understanding 
these distinct requirements is essential for designing observation systems and data products that 
effectively support both operational response and long-term planning. For example, short-term 
operational drought management, exemplified by systems such as the U.S. Drought Monitor, 
requires not only accuracy but also timeliness, interpretability, and consistency with established 
decision frameworks. Effective short-term operational monitoring also recognizes that physical 
indicators need to be integrated with impact data that document observed consequences for water 
supply, agriculture, ecosystems, and human livelihoods. 

Long-term drought planning, on the other hand, operates on fundamentally different 
temporal scales and information requirements than operational monitoring. Water resource 
planning models, infrastructure investment decisions, insurance programs, natural resource and 
public lands management, and regional adaptation strategies require stable baseline climatology, 
explicit quantification of uncertainty, and mechanistic understanding of drought processes rather 
than purely empirical relationships. The challenge of nonstationarity is particularly acute in this 
context. Under a changing climate, historical records may systematically misrepresent future 
conditions, because the statistical properties of past droughts no longer reliably bound the range 
of conditions that infrastructure and water systems will face. Adjusting historical data to reflect 
current climate states, while preserving information about variability structure, is one approach 
to this problem; water resource planning models in California, for instance, have adopted 
methods that modify historical hydrology to account for contemporary temperature and 
evaporative demand while maintaining realistic spatial and temporal patterns. Paleoclimatic data 
are increasingly being used (e.g., by the United States Bureau of Reclamation and in scenario 
planning) to provide observation bounds on what is possible, and also as a challenge to 
understand both what drives exceptionally long or severe multidecadal megadroughts and the 
possible implications of these drivers for the future. 
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Successful drought assessment under nonstationarity requires both long-term 
observational records and contemporary high-resolution datasets. In particular: 

Recommendation 5-1: Federal agencies (such as USGS, NOAA/NWS, USDA, 
USCRN) operating in situ hydrological networks (streamflow, COOP, SCAN, 
SNOTEL, USCRN, and state‑operated hydrological and mesonet networks) should 
prioritize continuity of long-term datasets with strategic placement across diverse 
soil types, crop covers, topographic settings, climatic zones, and ecosystem types to 
capture the heterogeneity of drought response and strengthen standardized data 
archiving, quality control protocols, and open-access frameworks to facilitate 
seamless integration with satellite and model-based products. 

Recommendation 5-2: To ensure continuity and support proactive planning, NASA 
and USGS, in coordination with NOAA, should develop explicit mission succession 
strategies with multidecadal funding commitments to preserve critical Earth 
observation records, thereby avoiding gaps in records essential for drought 
detection and assessment. This includes incorporating explicit prelaunch cross-
calibration protocols with predecessor systems, overlapping periods enabling robust 
inter-sensor comparison, and prioritizing long-term homogeneity essential for 
detecting climate signals under nonstationarity.  

Drought indicators, indices, and reference periods all need special attention in the pursuit 
of improved and more useful drought assessments under nonstationarity. Useful and usable 
drought assessments are built, in part, on transparent metadata. Likewise, they foreground a rich 
variety of inputs, perspectives, and representation. To this end, efforts should continue within the 
drought assessment community to explore transparent and reproducible approaches to drought 
assessment that recognize that expert judgment, local expertise, Indigenous and Traditional 
Ecological Knowledge, and other ways of knowing provide critical perspectives not fully 
captured by purely quantitative approaches. Importantly, reference periods should be treated as 
adaptable parameters depending on assessment and decision-making contexts; given 
nonstationarity, it is no longer feasible to assume that fixed climatologies remain valid over time. 

Recommendation 6-1: NOAA, USDA, USGS, affiliated regional climate centers, and 
national drought assessment partners such as the National Drought Mitigation 
Center (NDMC), should develop flexible methods to examine drought information 
with different reference periods in consultation with drought data providers, 
practitioners, and end users. This could include producing multiple datasets 
concurrently using different reference periods (e.g., the last 30 years, the most 
recent climate normal period, and the full period of record) or enabling dynamic 
generation of drought indices using user-defined reference periods. In doing so, 
methods should balance flexibility for system-specific applications with the need for 
consistent, transparent, reproducible, and comparable assessments of drought 
conditions across space and time. 

For both short- and long-term drought assessments under nonstationarity, transparent 
documentation of analytical methods, reference periods, and uncertainty is essential for ensuring 
that drought metrics are interpretable, comparable, and appropriately applied as climate 
conditions and land use/land cover evolve. 
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Recommendation 6-2: NOAA, USDA, USGS, and affiliated regional climate centers, 
in coordination with academic and practitioner communities, should develop and 
adopt shared standards for documenting and publishing metadata associated with 
drought metrics, including methods, reference periods, and uncertainty. 

Recommendation 6-3: NOAA, USDA, and USGS, in collaboration with state and 
federal agencies (including the USDA Climate Hubs and NCEI’s Regional Climate 
Centers), should convene key communities affected by drought to identify reference 
periods that align with risk profiles of specific systems, to better inform decision-
making for each system. 

Particular recognition is due to the U.S. Drought Monitor, their products, and those who 
contribute to and produce them at regular intervals, in many cases on a voluntary basis. At the 
same time, there is a sense that all those involved in the U.S. drought assessment enterprise, 
especially including those using the USDM for decision-making purposes, might be able to 
improve and build upon the tool as drought assessment information continues to expand. 
Expanded drought decision-support information could include, for example, separate short- and 
long-term drought assessment maps and products, decision-specific drought products and maps, 
or sector- or drought-type-specific maps. 

DROUGHT IMPACTS AND IMPACT DATA 

Drought impacts and impact data are becoming ever more valuable for drought 
assessment under nonstationarity, as well as for drought mitigation and adaptation in the short- 
and long-term at national, state, and local levels. This is especially true as drought assessment 
methods, artificial intelligence (AI), and other innovations continue to improve. At the same 
time, the reporting of impact data and information needs to become more consistent across 
geographies, drought types, sectors, and time, all optimized for decision-making. 

Sector or system exposure and adaptive capacity are important components of drought 
risk and impact, and changes in either exposure or adaptive capacity can themselves be viewed 
as potential nonstationarities that in turn might affect the likelihood and/or severity of a drought 
impact. It is thus critical to track these components of drought risk and impact. 

Conclusion 7-3: Assessment of drought impacts requires information on drought 
conditions as well as the status and adaptive capacity of affected systems to inform 
operational drought response and long-term planning, but mechanisms for collecting and 
using such data do not exist consistently across the United States. State government 
agencies (e.g., natural resource, agriculture, and environmental protection agencies) in 
collaboration with local governments may be best positioned to undertake collection of 
data and planning that are relevant to drought exposure (e.g., water use, stream gauge, 
and low flow measurements) and adaptive capacity across systems (e.g., through water 
supply and hazard mitigation plans) and use of that information to reduce drought 
impact risk (e.g., tabletop exercises of existing drought plans). 

Recommendation 7-2: NIDIS should facilitate the development or improvement of 
systems for systematic collection, reporting, and integration of drought impacts 
consistently across sectors, regions, and interests, for multiple uses, including 
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drought assessment, adaptation, and other decision-making. In this work, NIDIS 
should collaborate with the U.S. Department of Agriculture (agriculture and forest), 
Department of Interior (coastal, ecological, water resources), Department of 
Homeland Security (drought response/resilience, national security), Bureau of Land 
Management (fire, rangeland), Health and Human Services (public health), 
Environmental Protection Agency (water resources, air and water quality), and 
Tribal communities, as well as the broader drought community. 

Recommendation 7-1: NIDIS should work with decision-makers, scientists, and the 
broader drought community to develop a set of best practices by which drought 
impacts data can be consistently and effectively used for all aspects of drought 
assessment, especially for state drought plans and other policy and action plans. 

 

ARTIFICIAL INTELLIGENCE AND MACHINE LEARNING APPLICATIONS 
IN DROUGHT ASSESSMENT 

Artificial intelligence and machine learning (AI/ML) are rapidly becoming ubiquitous in 
many areas of the human endeavor, and drought assessment is no exception. Moreover, the rate 
of AI/ML innovation is extraordinary and likely to enable great strides in the improvement and 
utility of drought assessment. While AI/ML may fit into numerous components of the drought 
assessment pipeline, there are four historical and emerging arenas with particular opportunity: 
assessment automation, state variable prediction, forecasting, and data synthesis. Special care is 
advised, particularly during the ongoing period of rapid AI/ML innovation and as the use of 
AI/ML is adopted more widely, to ensure methodological transparency, reproducibility, and an 
avoidance of bias. In particular, AI/ML can perpetuate inequalities and unfairly affect people if 
not used carefully. Good governance plus sustainable and ethical use of AI/ML is important for 
ensuring overall net benefit to society. 

VISION FOR DROUGHT ASSESSMENT UNDER NONSTATIONARITY 

This report recommends an improved framework for assessing drought under 
nonstationarity in the United States. The framework presented in this report is designed to be 
driven by decision-makers in society and the decisions that they need to make regarding drought, 
on both short-term operational and long-term planning timescales. The committee recommends 
that NIDIS and their partners articulate the specific decision drivers and details of how the 
framework will be designed and implemented. Examples of decision drivers are given in Figure 
S-1, with the overarching goal that an improved framework for drought assessment under 
uncertainty will lead to greater resilience to drought in the United States, both short-term and 
long-term. This framework provides approaches to incorporating nonstationarity into drought 
assessment; it is intended to enhance existing and future drought assessment approaches, rather 
than replace them.  
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This report weaves together an understanding of how the drivers and nature of drought 
are changing in the United States, and how drought assessment needs to change to meet the 
challenge of nonstationarity, especially in the form of a changing climate. This challenge will 
require a range of research, including on how the climate varied in the past, how the climate 
system works, and how climate will change in the future, and also on how scientific 
information—drought assessments included—can best inform decision-making under 
uncertainty. Special attention must also focus on observing systems, in situ, paleoclimatic, and 
space-borne, that are essential to the drought assessment enterprise; continuity of these vital 
systems must be assured. Existing drought indicators and indices, many of which are invaluable 
and already widely used, depend on observing systems, and the creation of new innovative 
indicators and indices will no doubt require new observing capabilities. The use of local 
knowledge and drought impact data can be expanded to make drought assessments more useful 
and effective.  

Key to improved drought assessment will be the successful participation of all the 
partners essential to effective decision-making, as well as a high level of transparency in terms of 
how all elements of drought assessment are implemented. This includes making assessment 
methodologies as transparent and reproducible as possible and also ensuring effective 
governance and change management as assessment protocols improve. Improvement requires 
benchmarks and stress-testing that are also structured and transparent to all users of drought 
assessments. Understanding assessment uncertainty is critical to making effective decisions, 
whether they relate to predictions or projections of future climate, connecting drought to impacts, 
or any other aspect of the assessment endeavor. 

As stressed throughout this report, NIDIS and the broader U.S. drought community have 
established an excellent foundation on which to build an improved operational drought 
assessment framework that takes nonstationarity into account. The nature of drought is changing 
in the United States, and so too must this country’s ability to thrive in the face of increasingly 
complex and severe drought risks. 

 
Appendix B contains a complete list of the study committee’s conclusions and 

recommendations. 
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1 
Introduction 

NEED AND OPPORTUNITY FOR IMPROVED U.S. DROUGHT ASSESSMENT 

Drought has affected humankind since before the beginning of civilization, yet changes 
in climate that became increasingly apparent beginning in the 1980s have exerted a growing 
influence on drought conditions virtually everywhere in the United States. While drought has 
long been recognized as a hazard with far-reaching consequences across every sector of the 
economy and every facet of human activity, its nature has undergone transformation in recent 
decades.  

The current drought in the U.S. Southwest1, the first multidecadal “megadrought” in the 
nation’s history and the most severe of many such droughts over the past 1,200 years (Williams 
et al., 2022a). The nation has adapted to recent droughts and become more resilient to drought in 
multiple ways. Despite that progress, droughts and drought impacts are becoming more severe, 
as evidenced most clearly by a growing water crisis in the Southwest2, groundwater running dry 
in parts of western Kansas, and declining more broadly across the High Plains3, 4, and 
unprecedented hot drought and wildfire (Abatzoglou et al., 2016) affecting an ever-increasing 
swath of the nation.  

Among billion-dollar weather and climate disasters in the United States, drought is the 
third most costly in terms of economic loss behind hurricanes (tropical cyclones) and severe 
weather (e.g., tornadoes). Between 1980 and 2025 in the United States, the economic cost of 
each of the largest droughts has averaged over $11 billion per event, with consequent wildfire 
events adding to this toll, averaging nearly $9 billion each.5 In terms of human lives lost, drought 
and extreme heat combined are responsible for over 100 deaths per year, ranked behind only the 
human toll associated with hurricanes. Human deaths related to extreme heat events are on the 

 
1 As used in this report, the Southwest includes California, Nevada, Utah, Colorado, Arizona, and New 

Mexico; the West encompasses the area from the Rocky Mountains to the West Coast; the Midwest includes 
states in the Ohio Valley and along the Great Lakes; and the Southeast includes the states extending from 
Texas to Virginia, and especially Georgia and Florida. 

2 https://www.usbr.gov/newsroom/news-release/5326, accessed May 23, 2026 
3 https://kgs.ku.edu/news/article/groundwater-levels-fall-across-western-south-central-kansas, 

accessed May 23, 2026 
4 https://www.fastcompany.com/91018954/were-running-out-of-water-how-kansas-farmers-are-

adapting-as-a-crucial-aquifer-goes-dry, accessed May 23, 2026 
5 https://www.climatecentral.org/climate-services/billion-dollar-disasters/summary-stats, accessed 

May 23, 2026  
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rise as well, as record heat and drought both become more common and often combine to make 
impacts worse. 

Regional expressions of this transformation vary considerably across the country. In the 
West, a marked increasing trend in temperatures is drying soils faster and stressing ecosystems 
through enhanced evapotranspiration, coupled with low precipitation (King et al., 2024). Higher 
temperatures have altered regional hydrology, shifting a greater fraction of winter precipitation 
from snow to rain and reducing mountain snowpack that historically served as a natural 
reservoir, sustaining streamflow during the melt season (Barnett et al., 2005; Hale et al., 2023; 
Siirila-Woodburn et al., 2021). In the Midwest, conditions have generally trended wetter overall, 
yet the region has simultaneously experienced an increase in the frequency and intensity of flash 
droughts—rapid-onset events capable of inflicting severe agricultural and ecological damage. 
Notable examples include the 2012 drought that struck during the agricultural growing season 
(Basara et al., 2019) and the 2017 drought centered in the Northern Great Plains (Hoell et al., 
2020). The Northeast, not traditionally associated with significant drought risk, has experienced 
historic drought conditions in 2000, 2016, 2020, and 2022 not seen since the 1960s (NIDIS, 
n.d.). 

These ongoing and projected changes in the nature of drought are governed by the 
balance of multiple physical drivers, including atmospheric circulation patterns and their effects 
on temperature and precipitation, anthropogenically forced increases in mean temperatures, land 
cover modifications, and vegetation responses to rising CO2 and temperatures. The cumulative 
effect of these shifts in the climate system poses fundamental challenges for drought assessment, 
which encompasses prediction, early warning, monitoring, post-event analysis, and projection. 

Central to this challenge is the framework underlying drought assessment itself. Drought 
is, by definition, an anomaly—a departure from an expected baseline—and this definition 
embeds a series of analytical choices, foremost among them the selection of a reference period 
against which hydrologic departures are evaluated. A critical problem emerges when that 
reference baseline is no longer representative of prevailing climate conditions, giving rise to 
drought nonstationarity. Nonstationarity complicates the use of established diagnostic measures, 
including the indicators, metrics, and indices routinely employed in drought assessment, by 
rendering standardized drought measures and their associated severity thresholds physically and 
hydrologically incomparable across different baseline intervals. 

While the challenges introduced by a nonstationary climate are considerable, they also 
present an opportunity to develop more robust and scientifically defensible frameworks for 
drought assessment. A rigorous and operationally practical approach to incorporating 
nonstationarity into drought assessment has the potential to improve drought preparation and 
response, thereby reducing societal and ecological impacts, informing long-term drought 
decision support, and promoting future resilience and discouraging maladaptation. 

BUILDING ON A STRONG FOUNDATION 

The drought of the early 1890s significantly impacted agriculture and caused the 
displacement of nearly 300,000 people; it led to greater investment in public works for 
agriculture, water supply, and transportation. The record Dust Bowl drought of the 1930s 
prompted the nation to take further action to reduce drought vulnerability, including the 
construction of additional reservoirs, improving domestic water systems, changing farm policies, 
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and introducing new insurance and aid programs. These programs lessened the impacts of the 
next major drought, which happened in the 1950s (Riebsame et al., 1991).  

Drought monitoring in the late nineteenth and early twentieth centuries relied upon 
meteorological indices that incorporated some measure of precipitation over a given period of 
time and hydrological indices based largely on streamflow. Throughout the twentieth century, 
indices that incorporated probability theory, antecedent precipitation, and evapotranspiration 
were developed. Palmer (1965) was the first to integrate these concepts into an index that 
quantified the total environmental moisture status by incorporating antecedent precipitation, 
moisture supply, and moisture demand into a hydrologic accounting system (Heim, 2002). The 
Palmer Drought Severity Index (PDSI) quickly became the de facto standard for drought 
monitoring in the United States. 

The U.S. droughts of the 1960s in the Northeast and 1976–1977 in the West focused 
drought response on more flexible water systems operation and reduced water demand. In April 
1977, a federal Interagency Drought Coordination Committee was formed that designated 
county-level drought disaster areas and coordinated federal drought relief programs. Drought 
research and policy workshops held in the 1970s and 1980s were followed by the development 
of comprehensive state drought response plans. Donald Wilhite advocated for a shift from 
reactive drought responses (crisis management after a drought occurs) to proactive responses 
(i.e., risk management, and including planning, monitoring, and preparation before drought hits) 
to build resilience (Riebsame et al., 1991). 

Following the 1987–1989 drought, Riebsame et al. (1991) recommended the following 
actions: (1) conduct postaudits following droughts to guide strategic planning of future 
management options; (2) create a well-coordinated “drought watch” program that links federal, 
state, and local resources agencies on a continuous basis and provides a clearinghouse function 
for data and information that must be translated and disseminated to decision-makers; 
(3) improve the use of drought indices; (4) develop and apply climate impact models; 
(5) improve continency plans; (6) improve monitoring and collection of drought impact data in 
neglected sectors; and (7) improve dissemination of drought impact information, especially to 
the business and industrial sectors. 

In the following decade, several states developed plans to respond to drought, and the 
National Drought Mitigation Center (NDMC) was launched in 1995 by Dr. Wilhite in 
partnership with the U.S. Department of Agriculture (USDA) and National Oceanic and 
Atmospheric Administration (NOAA) (Matteson, 2020; Gayman, 2022). The NDMC was 
designed to serve as a center to help decision-makers reduce vulnerability to drought, 
emphasizing monitoring, vulnerability assessment, planning, and drought mitigation.6  

In response to the drought in 1995–1996, a federal interagency multistate drought task 
force was formed to evaluate and assess drought-relief programs available from federal, state, 
and local agencies from Southwest and Great Plains states. Simultaneously, in 1997 the Western 
Governors’ Association (WGA) created the Western Drought Coordination Council to 
coordinate a comprehensive, integrated drought mitigation, preparedness, and response effort in 
the Western United States (Wilhite, 1997, 2000). In 1998, an act of Congress (Public Law 105-
1997) established the National Drought Policy Commission whose purpose was to conduct a 
comprehensive study of federal, state, local, and Tribal drought preparedness and make 
recommendations for a national drought policy. The commission issued a report in 2000 

 
6 https://drought.unl.edu/Publications/FactSheets.aspx, accessed May 23, 2026 
7 National Drought Policy Act of 1998, H.R.-3035 (1998). 
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(National Drought Policy Commission, 2000) that contained several recommendations that 
ultimately led to the creation of the National Integrated Drought Information System (NIDIS).  

Concurrent with these changes in drought response was a further evolution in drought 
monitoring tools. Advances in technology and computing power led to a proliferation of new 
drought indices that incorporated remotely sensed data and additional in situ data streams, and 
that were based on sophisticated land surface models. In the late 1990s, the convergence-of-
evidence concept was developed to integrate or blend the numerous drought indices and 
indicators together into a single drought assessment. The U.S. Drought Monitor (USDM) 
(Svoboda et al., 2002) was developed in 1999 by NDMC, the USDA, and NOAA as one of the 
first composite drought products (Heim, 2002). The USDM quickly displaced the PDSI as the de 
facto U.S. drought monitoring standard. The composite drought product concept was adopted 
continent-wide with the North American Drought Monitor (NADM) in 2002 (Lawrimore et al., 
2002). To support ongoing discussions of monitoring and assessment issues, the USDM and 
NADM authoring organizations hold quasi-annual forums, which representatives of the drought 
monitoring community attend, including state climatologists, Regional Climate Centers, 
Regional Climate Hubs, Climate Adaptation Science Centers, CAP-RISAs, other federal 
agencies, universities, state agencies, Tribal agencies, WGA, nongovernmental organizations, 
public and private entities, industries, and international partners. 

National Integrated Drought Information System 

The National Integrated Drought Information System is a National Oceanic and 
Atmospheric Administration program that coordinates drought monitoring, forecasting, planning, 
and information at federal, Tribal, state, and local levels across the country. It was created by an 
act of Congress (Public Law 109–4308) in 2006 through the efforts of the Western Governors 
Association (WGA) working with NOAA. 

NIDIS, NOAA, and the U.S. Department of Agriculture held the Drought Assessment in 
a Changing Climate Technical Working Meeting in Boulder, Colorado, on February 28–March 
1, 2023, to gather scientists and practitioners from federal, Tribal, state, and local agencies and 
academic institutions to address these concerns. The resulting report, Drought Assessment in a 
Changing Climate: Priority Actions and Research Needs (Parker et al., 2023), summarized the 
ideas shared by the participants and proposed several dozen priority actions and research 
questions that could advance drought assessment practices to account for the changing climate. 
Among the priority actions for NIDIS, under the “Benchmarking our Understanding and 
Assessment of Drought in a Changing Climate” section (p. 22), was a call for a National 
Academies study to extend this work: 

A National Academies (or similar) study is needed to benchmark our current 
understanding of drought in a changing climate. This study could approach the 
broader topic of drought and climate change. Key components of that study could 
focus on defining the drought-to-aridification continuum with the goal of 
developing a conceptual framework that can clearly differentiate between drought, 
multi-decadal drought, and aridification. 

 
8 National Integrated Drought Information System Public Law 109–430, H.R. 5136 (2006). 

https://nap.nationalacademies.org/catalog/29217?s=z1120


Improving Future U.S. Drought Assessment

Copyright National Academy of Sciences. All rights reserved.

INTRODUCTION  1-5  

PREPUBLICATION COPY—Uncorrected Proofs 

This priority action was echoed in a subsequent perspective paper (Lisonbee et al., 2025) 
as a series of high-priority research questions, including questions surrounding the physical 
drivers of drought and how they are changing, and how to improve drought indicators to account 
for nonstationarity, acknowledging that drought manifests differently in different ecosystems and 
regions. 

COMMITTEE CHARGE AND STATEMENT OF TASK 

At the request of the National Oceanic and Atmospheric Administration, the National 
Academies of Sciences, Engineering, and Medicine convened an ad hoc committee to consider 
approaches for future drought characterization, assessment, and response. The National 
Academies convened a committee of 12 members with expertise in meteorology, climate 
science, natural hazards, hydrology, economics, statistics, and risk analysis and communication. 
The committee’s full statement of task is given in Box 1-1. 

BOX 1-1 
Study Statement of Task 

The National Academies of Sciences, Engineering, and Medicine will convene an ad hoc 
committee to consider approaches for future drought characterization, assessment, and 
response. 

More specifically, the study will: 
 Discuss the drought-to-aridification continuum and differentiate among drought, 

multidecadal drought, and aridification. How do factors such as periods of record, drought 
type, regionality, and seasonality affect these classifications? How do current periods of 
record affect drought outlooks and predictions?  

 Evaluate data sources currently used for drought assessment. What data will be needed to 
address non-stationarity? What methodologies can be used to improve future drought 
assessment, taking into account non-stationarity?  

 Discuss metrics and indicators used in drought assessment and identify opportunities to 
inform decision making, including increasing integration of non-stationarity and incorporating 
uncertainty and/or confidence. 

 Review existing and emerging approaches, both nationally and globally, for incorporating 
non-stationarity in drought assessment. Are some approaches more appropriate for specific 
regions and/or time periods? 

The committee will recommend a framework for incorporating non-stationarity 
considerations into drought assessment, for use across a range of geographic regions and of 
spatial and temporal scales. 

 
Considering the context for and applications of drought assessment in the United States, 

the committee recognized a number of additional layers and perspectives that it needed to 
consider when addressing its charge, in particular given the requirement in the statement of task 
that the committee’s recommendations are useful for decision-making and response. These 
include defining the specific audiences for the report, a need to consider drought assessment 
applications and requirements for short-term and long-term decision-making, and framing the 
committee’s work in risk and decision contexts. 
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AUDIENCES FOR THE REPORT  

The primary audience for this report is producers and users of drought information in the 
United States. This audience includes data providers (such as the NOAA National Centers for 
Environmental Information [NCEI] and NOAA/NIDIS) who collect and package weather and 
climate information into useful and useable data products. It also includes federal and state 
decision-makers who rely on these data products to make drought designations that often have 
large financial and management implications for their constituents. At the federal level, these 
decision-makers include the U.S. Bureau of Reclamation (USBR) and the U.S. Department of 
Agriculture’s Farm Service Agency (USDA-FSA) and Risk Management Agency (USDA-
RMA). At the state level, these decision-makers include state climate offices and agencies 
managing agriculture and/or natural resources. These same state agencies are often tasked with 
resource distribution to mitigate drought impacts; they are also listed here for this reason. A 
related audience is the state and federal policymakers (including state legislators) who set 
priorities and establish policy for drought mitigation programs in the first place. 

A second audience is the general research community. This report summarizes the 
current state of drought assessment in the United States and recommends a path forward for 
future drought assessment. It also identifies knowledge gaps and invites scientists—both 
biophysical and social—to fill those gaps. Federal research funding agencies may take note of 
the identified priorities. This research and modeling community audience includes federal 
agency personnel at the NOAA regional climate centers whose applied research is informed by 
the needs of communities—both geographical and communities of interest—who are 
experiencing drought. It also includes Cooperative Extension Services personnel and others 
within universities tasked with communicating science to the general public.  

A third audience for this report is those who experience drought and its impacts. This 
includes Tribal entities who in addition to experiencing the impacts of drought also have 
extensive knowledge in managing and adapting to drought. Private and public purveyors of 
insurance will also find this report to be of value, as shifting patterns of drought and other 
extreme weather events increase their financial exposure to climate risk. Finally, the committee 
intends this report to be accessible to members of the general public who have a keen interest in 
understanding current methods of assessing drought and how they are changing, as drought 
affects us all.  

Information Gathering 

Over the course of the study, the committee hosted three publicly accessible information-
gathering sessions where invited speakers briefed the committee on topics relevant to the 
statement of task.  

The first public information-gathering session occurred on July 15, 2025, and focused on 
intermediary data providers for drought information, those who use, develop, and provide key 
drought data used by decision-makers for actions and responses to current and future droughts. 
Presenters included a USDM author and several state climatologists, NOAA Regional Climate 
Centers, and Climate Adaptation Partnerships.  

A second information-gathering session was held on August 26, 2025, focusing on 
drought and nonstationarity. This session included presentations focused on defining drought 
nonstationarity, existing methods for adjusting for nonstationarity, data needs/limitations for 
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detecting/modeling nonstationary drought patterns, existing tools to inform future research, and 
operational decision-making frameworks. Presenters included current and former federal science 
agency representatives from the United States Geological Survey (USGS) and NASA, as well as 
multiple academic researchers.  

A third information-gathering session was held on October 14, 2025, to gather 
perspectives from drought data users and decision-makers. Drought decision-makers and users of 
drought information from a range of economic sectors and regions shared information regarding 
what drought information they use, how they use it, what timescales are used, and how it impacts 
their decisions. Presenters included federal drought-related programs, including former 
representatives from the USDA and United States Bureau of Reclamation (USBR), and state and 
local data users, including the California Department of Water Resources, the Missouri 
Department of Natural Resources, and the Southern Nevada Water Authority.  

A TWO-PRONGED STRATEGY FOR CHARACTERIZING AND ASSESSING 
DROUGHT AND FOR SUPPORTING DROUGHT DECISION-MAKING  

Drought assessment takes many forms and supports a broad set of decision-making, both 
of which are expanded in Chapter 2. The variety of decisions and applications that are informed 
by drought assessment can be generally grouped into one of two categories: (1) operational 
drought assessment and (2) long-term drought decision support. Operational drought assessment 
includes activities that inform decisions made in the context of preparing for an impending 
drought, responding to an ongoing drought, and evaluating a recent drought. Long-term drought 
decision support includes assessment activities that inform decisions made in the context of 
planning for future (i.e., not impending) droughts and reviewing decisions and impacts of past 
droughts. These two categories broadly align with the short-term/long-term temporal dimension 
of drought decisions discussed in Cravens et al. (2021). Although this two-pronged approach 
bifurcates drought decisions along only one of many dimensions on which drought decisions are 
made, the committee has determined this approach facilitates a comprehensive discussion of 
drought assessment and nonstationarity.  

Conclusion 1-1: An enhanced framework for drought assessment under nonstationarity 
should consider and address the differing needs and components of drought assessment 
for both operational/emergency management and long-term planning applications. 

RISK AND DECISION FRAMING IN DROUGHT ASSESSMENT 

The study committee relied on a risk- and decision-centered approach to guide its 
evaluation of data sources, metrics, and indicators used for improving current approaches to 
operational drought assessment, as well as for the development of recommendations aimed at 
incorporating nonstationary considerations into longer-term drought assessment and decision 
support. This risk and decision framing emphasizes approaches to drought assessment that not 
only characterize anomalies in climate or hydrology but also align those characterizations with 
the risk faced by specific systems of interest and existing decision contexts surrounding those 
systems. 
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The committee recognizes the rich body of work that exists in the risk analysis and 
decision science literatures that may be relevant for drought assessment, including theories and 
frameworks to conceptualize risk and decision-making in the presence of extreme events and 
disasters. This literature employs terms, definitions, and concepts that are useful for 
characterizing practical and risk-informed drought assessment; some of these terms, definitions, 
and concepts will be used throughout this report. However, this study will not rely on a particular 
existing risk or decision framework to derive its conclusions and recommendations. While 
specific frameworks, such as the one presented in the Special Report of the Intergovernmental 
Panel on Climate Change (IPCC), Managing the Risks of Extreme Events and Disasters to 
Advance Climate Change Adaptation (IPCC, 2012), were considered for this study, the 
committee ultimately determined that the study statement of task can be addressed thoroughly 
without relying on a particular risk or decision framework. The committee also believes that a 
more general approach to risk and decision framing will allow the conclusions and 
recommendations of this study to be applied more flexibly across the different geographic 
locations and extents and temporal scales over which drought assessments are made. 

Risk Framing 

Risk management frameworks are prevalent in the climate change and disaster literatures. 
Notable examples include the aforementioned IPCC framework (IPCC, 2012), the progression of 
vulnerability framework (Wisner, 2016), and the social amplification of risk framework 
(Kasperson et al., 1988). The degree to which these frameworks have been applied toward 
relevant and effective practice in disaster risk reduction has also been studied (Wisner and 
Alcántara-Ayala, 2023). 

There is an increasing interest in, and acknowledgment of, the compounding and 
cascading nature of hazards, which have been explored in the drought assessment context in 
terms of drought-related compounding or cascading hazards such as heatwaves, wildfires, and 
floods (AghaKouchak, 2023), as well as their impacts on social, economic, and environmental 
systems (UNCCD, 2023). This study takes a more general approach that prioritizes existing and 
emerging approaches for incorporating nonstationarity that allow for risk-informed drought 
assessment, that is, drought assessment that is driven by decision-makers’ understanding and 
consideration of risk within specific systems of interest. Indeed, given that decision-making 
concerns, priorities, and strategies change through time, this study explicitly calls for continual 
engagement and co-development between those assessing drought and the wide range of 
decision-makers who use drought assessments. 

In this general framing, drought risk emerges from the interaction among several 
characteristics of the occurrence of drought and the system of interest. One main component is 
the drought hazard, or the physical expression of dryness, including its severity, frequency, 
speed of onset/intensification, and duration, shaped by nonstationary climate and hydrologic 
processes. The study committee defines drought as a hazard in greater detail in Chapter 2, and its 
relation to nonstationarity and climate change in Chapters 3 and 4.  

Drought risk is also a function of exposure, which refers to the people, assets, and 
ecosystems in harm’s way, and the adaptive capacities of the system of interest, which refer to 
the system’s ability to react to the adverse effects of hazards and the ability to survive hazards. 
Exposure and adaptive capacity are related to and often interpreted as being components of 
vulnerability, which refers to the propensity of people, ecosystems, or assets in the system of 
interest to be adversely affected by the hazard. In addition to being system-specific, vulnerability 
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can change over time concurrently with the hazard, complicating the various tasks of drought 
assessment. Hazard, exposure, adaptive capacity, and vulnerability together inform the 
committee’s examination of drought metrics and indicators, leading to the two-pronged 
approach—introduced above and described in full in Chapter 8—that distinguishes the use of 
drought assessment in short-term operational monitoring and emergency response decisions from 
its use in long-term planning and intentional progress toward adaptation, and ultimately speaks to 
what are the appropriate reference periods for drought assessment. 

A final component related to drought risk is drought impacts, or the negative effect that a 
hazard or disaster has on a particular system, place, or people. Impacts are modulated by the 
realized speed of onset, severity, and duration of the hazard, as well as the system’s exposure and 
adaptive capacity. As described in Chapter 7, data on drought impacts themselves can serve as 
inputs to drought assessment (i.e., impact-based drought assessment [AghaKouchak, 2023]). 

While the rest of this study will refer to hazard, exposure, adaptive capacity, 
vulnerability, and impacts, it will not rely on a framework that assumes that these components 
are mutually exclusive or are related to each other in specific ways. The study committee also 
acknowledges the widespread use of other concepts that help characterize risk in academic and 
practitioner circles, such as sensitivity, coping capacity, and resilience (Füssel, 2007; Graveline 
and Germain, 2022). Ultimately, the committee’s goal was to allow for a risk-centered study 
approach such that drought assessment not simply characterizes anomalies in climate or 
hydrology but also provides decision-makers and those who experience drought and its impacts a 
better understanding of the contemporary risks they face. 

Decision Framing 

The study committee’s adoption of a decision-centered approach entails a focus on inputs 
to decisions tied to actions that, in turn, influence the type and magnitude of socioeconomic and 
environmental impacts. In the context of drought assessment, important decisions include those 
made over shorter time frames, such as emergency response and water resource operations, as 
well as those that relate to longer-term planning and preparedness. This decision framing is tied 
closely to risk framing in that risk mitigation systems—including government programs, 
insurance systems, and infrastructure—involve decision-making that buffers risk or 
unintentionally sustains vulnerability by discouraging adaptation. These systems also include 
water users and stakeholders who undertake risk mitigation and adaptation based on drought 
information that is made available by the public and private sectors. Thus, improved drought 
assessment is not only valuable for government agencies but also for water users who rely on 
them to make better decisions when responding to and preparing for drought. 

Identifying opportunities to integrate and incorporate nonstationarity in drought 
assessment, therefore, required the committee to first identify key socioeconomic or 
environmental impacts that society cares about, such as agricultural production, residential water 
supply, industrial water use, ecological flows, and cultural water uses, and then “work 
backwards” to identify existing decision contexts in the public and private sectors that influence 
those outcomes. After identifying these key decision contexts, the committee sought to 
characterize how drought assessments are used in those decision contexts and how 
nonstationarity is (or could be) incorporated or accounted for in those assessments. While the 
committee considered a large number of decisions linked to a variety of geographic areas, 
socioeconomic sectors, and temporal scales, it did not conduct a systematic or exhaustive review 
of these decision contexts. 
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Decision framing is justified, in part, by the statement of task for this consensus study, 
which requires the committee to “identify opportunities to inform decision making.” Moreover, 
two of the priority actions described in the NOAA Technical Memorandum (Parker et al., 2023) 
for drought assessment in a changing climate include (1) assessing drought policies and 
programs through the lens of nonstationarity and (2) strengthening planning, management and 
adaptation. More broadly, the decision science literature highlights the importance of baseline 
uncertainty of decision-makers, and what is at stake as an outcome of their decisions, in 
determining the market and nonmarket values of improved information, such as what would be 
afforded by addressing nonstationarity, for information in general (Hirshleifer and Riley, 1979; 
Howard, 2007) and for Earth science information in particular (Bernknopf et al., 2018; 
Macauley, 2006). 

Decision framing influenced the study committee’s consensus study activities in several 
ways. For example, the committee’s conclusions and recommendations are sensitive to the fact 
that decisions informed by drought assessments are usually not made in a vacuum but are often 
made within political and social contexts with differing objectives, resources, and constraints. 
Decision framing also recognizes that drought assessment is in part a risk communication 
exercise and has as one goal the sharing of practical information and response guidance among 
key partners and stakeholders that is continuous and builds public knowledge, assessment 
effectiveness, and trust over time. The committee itself is composed of experts who focus on the 
experience of drought assessment users, and the committee planned and hosted information-
gathering sessions focused on drought data users and decision-makers and intermediary drought 
data providers who use, develop, and provide key drought data used by decision-makers, as 
described earlier. Particular attention was paid to considerations and implications of drought 
nonstationarity on the preparation of drought assessment and their use in decisions. Use of 
decision framing also informed the two-pronged approach of considering separately the 
implications of nonstationarity for drought assessment in operational drought response and relief, 
as well as in long-term planning and preparedness. 

Finally, both operational drought response and long-term planning often require 
collaboration and cooperation across multiple decision-makers and may involve multiple funders 
and beneficiaries. Effective decision-making that leads to action requires agreement on a shared 
set of facts, and improved drought assessment can serve as a reliable anchor point for negotiation 
and facilitate the type of joint investments and agreements that will be pivotal in reducing or 
mitigating drought impacts, especially in the long term. This is a core value proposition of 
improved drought assessment and forecasting. 

It should be noted that there are alternatives to adopting a decision frame as a guide for 
making recommendations for improving drought assessment. For example, given enough time, 
the committee could have considered all possible approaches for incorporating nonstationarity in 
drought assessment, regardless of whether these approaches are expected to influence decision-
making. A consequence of the committee’s focus on decision frameworks is that the 
recommendations in this consensus study will emphasize those that generate market and 
nonmarket values from drought assessment that are important as means to achieve human ends 
or satisfy human preferences—while intrinsic values, such as the notion of knowledge being 
valuable for its own sake, will be deemphasized. For example, this study would not prioritize a 
recommendation that would lead to “improved understanding” of a particular component of 
drought dynamics if that improved understanding is unlikely to influence decision-making. 
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STRUCTURE, TRANSPARENCY, AND REPRODUCIBILITY IN DROUGHT 
ASSESSMENT 

In addition to incorporating nonstationary considerations, the committee will refer to 
several other generally desirable attributes for a drought assessment process. A component of the 
drought assessment process is understood to be transparent if there is sufficient documentation 
of the component such that every choice that could plausibly affect the result is visible to a 
reader. Transparency requires clarity around the quantitative and qualitative information that was 
used in drought assessment, the way the information was processed, the analytical methods used, 
and any assumptions being made. Importantly, an assessment can be transparent even if experts 
interpreting the same information arrive at different conclusions about drought; in these cases, 
transparency requires documentation of these points in which “judgment rather than rule” is 
applied. 

The quantitative tasks of drought assessment are considered to be reproducible if another 
analyst who is given the same data and transparent documentation of the methods can rerun the 
assessment workflow and obtain the same results within a predefined tolerance. Reproducibility 
may require more than just transparent documentation, such as versioned data, executable 
computer code, and documented computational environments. While full reproducibility may be 
difficult to achieve in a drought assessment process that uses qualitative data or involves tasks in 
which different experts interpreting the same information may reasonably arrive at different 
conclusions, such assessments can still employ a structured approach that follows an organized 
scheme rather than one that emerges ad hoc. Ways in which a drought assessment can follow a 
structured approach include pre-defining the set of questions to be answered and the data and 
methods that will address them, outlining a consistent sequence of steps in the task’s workflow, 
and standardizing the format of outputs, including standardized vocabularies and metadata. 

REPORT ROADMAP 

This report is the committee’s response to its Statement of Task, with individual chapters 
addressing core components of that charge, with considerable connections across nine chapters: 

Chapter 1 establishes the need for improved drought assessment, describes the statement 
of task, outlines the audiences for this study, and introduces the risk- and decision-centered 
approach that guided the study.  

Chapter 2 provides a foundation for the report by defining drought and discussing the 
various drought types and characteristics, how these characteristics are affected by regionality 
and seasonality, and drought assessment components. 

Chapter 3 addresses the physical mechanisms that initiate and sustain drought across the 
contiguous United States. The chapter discusses the overarching factors that control drought in 
general, followed by a more detailed look at the geographical and seasonal dependencies that 
make each region unique in its drought characteristic, and how anthropogenic climate change 
alters the balance of factors that contribute to drought.  

Chapter 4 lays out the challenge that climate nonstationarity poses for drought 
assessment. The chapter discusses the components of nonstationarity, aridification, and 
megadrought, and examines how they interact with drought classification and monitoring, before 
turning to the implications of nonstationarity for decision-making and maladaptation.  
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Chapter 5 describes the various datasets that are used to characterize droughts, as well as 
the importance of data continuity, metadata, and innovation.  

Chapter 6 evaluates how drought indicators and indices are constructed and used under 
climate nonstationarity, with emphasis on key analytical choices (data, timescales, statistical 
standardization, and reference periods). It examines how those choices alter drought 
classification and uncertainty, considers system-specific interpretation and offers 
recommendations for transparent documentation and risk-aligned decision support.  

Chapter 7 describes how drought impacts, defined as an indicator of the potentially 
harmful outcomes of drought, are an essential element of drought assessment and are affected by 
nonstationarity.  

Chapter 8 arrives at recommendations for a decision-centered approach to incorporating 
nonstationary considerations into drought assessment that aligns analytical choices with the 
decisions the analysis is meant to inform, anchored by the two-pronged approach for 
characterizing and assessing drought. This chapter also makes a call for strengthening impact-
based drought analysis and summarizes likely challenges in implementing the recommended 
framework.  

Chapter 9 illustrates the recommended two-pronged framework for drought assessment in 
a nonstationary world using tangible examples for both the short-term operational and long-term 
planning decision contexts. 

Readers primarily interested in the framing and application of the committee’s work may 
choose to read Chapters 2 and 7 on drought assessment and drought impacts, respectively, before 
moving to Chapters 4 (describing the heart of the problem) and 9 (application of the committee’s 
recommended two-pronged approach). Readers desiring a more comprehensive technical 
understanding of the committee’s conclusions and recommendations will also find useful the 
remaining chapters, which provide the additional detail necessary to motivate the study (Chapter 
3 on drought drivers) and explain how nonstationarity necessarily alters the data sources 
(Chapter 5), analytical choices (Chapter 6), and overall framework of drought assessment 
(Chapter 8). 

Given this chapter structure, Table 1-1 lists the chapter in which each statement of task 
component is addressed within the study. Table 1-2 lists core terms used in this report and where 
in the report each is introduced or defined.  
TABLE 1-1 Location of Core Text Addressing Statement of Task Components 

Statement of Task Component  Where Addressed 

Bullet 1  

Discuss the drought-to-aridification 
continuum and differentiate among 
drought, multidecadal drought, and 
aridification. 

Chapter 2 discusses primary drought types; 
geographic, temporal, and other drought dimensions; 
and a definition of drought.  

Chapter 4 discusses aridification, multidecadal 
drought, and climate nonstationarity.  

How do factors such as periods of 
record, drought type, regionality, and 
seasonality affect these classifications?  

Chapters 2 and 3 discuss geographic and seasonal 
dimensions of drought classifications (Chapter 2) and 
drivers of drought (Chapter 3). 
Chapter 6 discusses periods of record (see below).  

How do current periods of record affect 
drought outlooks and predictions? 

Chapter 5 discusses record length for available 
drought data sources. 
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Statement of Task Component  Where Addressed 

Chapter 6 provides considerations for period of 
record selection for drought indicators for specific 
applications, and implications of those choices for 
drought monitoring. 

Bullet 2  
Evaluate data sources currently used 
for drought assessment. What data will 
be needed to address non-stationarity? 

Chapter 5 provides a detailed review of data sources 
for drought assessment and how record length and 
spatial detail affect ability to assess trends and 
nonstationarity in individual datasets. 
Chapter 7 reviews drought impact data and their uses 
in drought assessment. 

What methodologies can be used to 
improve future drought assessment, 
taking into account non-stationarity? 

Chapter 4 provides a review of drought assessment 
approaches in the context of nonstationarity. 

Bullet 3  
Discuss metrics and indicators used in 
drought assessment and identify 
opportunities to inform decision-
making, including increasing 
integration of non-stationarity and 
incorporating uncertainty and/or 
confidence. 

Chapter 6 provides an extensive discussion of 
drought metrics and indicators for use in drought 
assessment, to inform decisions focused in both the 
near- and long-term, with consideration of the 
incorporation of uncertainty and confidence in those 
metrics.  
Chapter 7 drought impact data discussion includes 
consideration of impact data to inform decisions. 

Bullet 4  
Review existing and emerging 
approaches, both nationally and 
globally, for incorporating non-
stationarity in drought assessment. Are 
some approaches more appropriate for 
specific regions and/or time periods? 

Chapter 4 provides a review of drought assessment 
approaches in the context of nonstationarity. 

Closing Sentence  
Recommend a framework for 
incorporating non-stationarity 
considerations into drought assessment, 
for use across a range of geographic 
regions and of spatial and temporal 
scales. 

Chapter 8 describes the proposed framework for 
incorporating nonstationary considerations into 
drought assessment. 
Chapter 9 illustrates this framework for drought 
assessment under nonstationarity using specific 
examples for three different geographies in the 
United States. 

 

https://nap.nationalacademies.org/catalog/29217?s=z1120


Improving Future U.S. Drought Assessment

Copyright National Academy of Sciences. All rights reserved.

1-14 IMPROVING FUTURE U.S. DROUGHT ASSESSMENT 

PREPUBLICATION COPY—Uncorrected Proofs 

TABLE 1-2 Core Report Terms  

Term Where Introduced or Defined 

Convergence of 
evidence 

The “convergence-of-evidence” approach to drought assessment—
introduced in the “Building a Strong Foundation” section (above) and in 
Box 2-1—is defined and discussed in detail in the “Convergence-of-
Evidence” section in Chapter 6. 

Drought The definition of drought used in this report is provided and discussed in 
the “Defining Drought” section in Chapter 2. Box 2-1 provides a list and 
description of the primary types of drought discussed in this report. 

Drought 
assessment 

Drought assessment, including its key inputs and components, are 
introduced in the “Drought Assessment” section in Chapter 2. Figure 2-7 
lists primary drought assessment components, along with descriptions, 
examples, and needs of each. 

Drought impacts Drought impacts are introduced as part of the “Risk Framing” section in 
Chapter 1. Chapter 7 provides a thorough discussion of drought impacts 
and drought impact data in drought assessment. 

Drought indicators 
and indices 

Drought indicators and drought indices are introduced in the “Drought 
Assessment” section in Chapter 2, and are covered in depth in Chapter 6. 

Drought 
nonstationarity 

Chapter 4 provides a comprehensive overview of nonstationarity, 
including a definition and framing for drought nonstationarity in the 
“Overview of Drought Nonstationarity” section of that chapter. 

Period of record 
Reference period 

In Chapter 5, the section “Data Records and the Decline of Stationarity” 
introduces and discusses these terms and their role in drought 
assessment, in particular in the context of nonstationarity. Additional 
detail is provided in the “Implementation” section of Chapter 8. 
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2 
Defining Drought Monitoring and Assessment 

Chapter 2 provides a foundation for the report by defining drought and discussing the 
various drought types and characteristics, how these characteristics are affected by regionality 
and seasonality, and drought assessment components. It introduces basic terms and concepts that 
will be used throughout the report.  

This chapter includes four case studies of drought to illustrate the breadth of drought 
challenges across the United States. Two focus on significant recent drought events: Box 2-2 
discusses the current megadrought that is occurring in the Southwest, and Box 2-3 discusses 
recent flash droughts that occurred in the Great Plains and Midwest. The other two cases 
consider drought dynamics in the Southeast and in Alaska: Box 2-4 illustrates how increasing 
evaporative demand can result in drought even though regional precipitation is generally 
increasing. Box 2-5 discusses the importance of drought propagation and development factors, 
especially climate, in the development of ecological drought in Alaska. 

DEFINING DROUGHT 

 Drought has affected humankind since before the beginning of civilization (Sheffield and 
Wood, 2012; Finlayson, 2014; Pausata et al., 2023). It can affect every sector of the economy 
and, indeed, every facet of human activity. But it is difficult to define, and its definition can 
depend on the economic sector that is exposed, the timescale considered, and the drought 
indicator being examined (Cook et al., 2018). Unlike natural hazards such as floods, earthquakes, 
or tornadoes, which have a specific beginning and end and can occur in their entirety on sub-
daily timescales, droughts often develop gradually with their effects accumulating slowly over 
time (Wilhite, 2000). Even rapidly developing droughts (“flash droughts”) take weeks to emerge 
(Otkin et al., 2018; Christian et al., 2024).  

Drought is generally defined as the absence of water that results in an imbalance between 
water supply (precipitation in natural systems) and water demand (atmospheric evaporative 
demand in natural systems); however, drought largely differs from water scarcity in its duration 
and with respect to the average condition of a region. Many attempts to define drought have 
focused on the water supply side of the equation (Cook et al., 2018; AMS, 2025; NIDIS, 2025a; 
WMO, 2022). For example, the 2006 public law that established the National Integrated Drought 
Information System (NIDIS) (NIDIS, 2006) defined drought broadly as: 

“A deficiency in precipitation— 
(A) that leads to a deficiency in surface or subsurface water supplies (including 

rivers, streams, wetlands, ground water, soil moisture, reservoir supplies, lake levels, and 
snowpack); and 

(B) that causes or may cause—  
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(i) substantial economic or social impacts; or  
(ii) substantial physical damage or injury to individuals, property, or the 

environment.” 

The water demand side of the drought equation is equally important. Palmer (1965) 
factored water demand into the computation of his drought index. Redmond (2002) argued that 
drought could occur when water supply is decreased while water demand remains constant, or 
when supply is relatively constant but demand increases. Otkin et al. (2018) argue that the water 
supply side (i.e., a deficit in precipitation) is the basic requirement for drought to develop, but 
above-normal evaporative demand caused by excessively high temperatures, low humidity, 
strong winds, and high insolation (sunshine) can exacerbate existing drought conditions or, by 
increasing soil moisture deficits, can contribute to the development of agricultural and ecological 
drought conditions. Walker, Vergopolan, et al. (2024) conducted a worldwide survey of flash 
droughts and identified several flash drought types, with the key unifying characteristic across 
the types being rapid intensification of soil moisture or hydrological drought. For them, the rapid 
drying could be caused by decreased moisture supply or by excessive moisture demand.  

Water demand can also be influenced by human decisions and actions, resulting in water 
deficits via increases in human water demand that outweigh water supply. Examples of human 
(anthropogenic) dimensions of water demand include overpumping of groundwater for crop 
irrigation or residential or commercial water supply due to population growth, urbanization, and 
industrial and agricultural development. These dimensions of water demand are distinct from 
elevated evaporative demand caused by variability in natural systems, but they are nonetheless 
important contributors to drought (AghaKouchak et al., 2021). In addition, anthropogenic 
activities (i.e., the emission of greenhouse gases from the burning of fossil fuels) are contributing 
to rising temperatures that are increasing atmospheric evaporative demand (Overpeck and Udall, 
2020; AghaKouchak et al., 2021). 

For use in this report, the study committee offers a broader definition of drought:  

Drought is a period of anomalous water deficit arising from reduced precipitation, 
elevated temperatures, and/or increased atmospheric water demand, potentially 
exacerbated by human activities. Droughts often disrupt the typical functioning or 
well-being of people, ecosystems, or societies. 

The committee’s drought definition differs from the 2006 public law definition in that it 
addresses both sides of the drought equation, water supply (i.e., a precipitation deficit) and water 
demand (i.e., increased atmospheric evaporative demand and potential human drivers of 
demand), whereas the 2006 public law definition addresses only the water supply side. Drought 
impacts are of central concern to society and within this report. Both definitions note that 
droughts may cause impacts (disruptions); the committee’s framing recognizes that droughts can 
have clear impacts but that impacts do not need to be present for a drought to occur.  

Conclusion 2-1: Drought definitions should encompass both reduced water supply and 
increased water demand. 

Key to the definition of drought is that drought is a temporary phenomenon—it has a 
beginning and an end. While the characteristics of drought can vary widely, such as its duration, 
severity, onset speed, spatial footprint, and domain of impacts, all droughts will share the feature 
that they are temporary and defined as an anomaly relative to a local climate. Droughts can last 
for a few weeks to several years. If they are unusually severe and their duration stretches to two 
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or more decades, then they are termed herein megadroughts (see Chapter 4: severe and 
exceptionally long droughts relative to the instrumental period; Woodhouse and Overpeck, 1998; 
B. Cook et al., 2016). The temporary nature of droughts distinguishes them from aridification. 
Aridification is a process that results in a more permanent change in the climate state itself and is 
discussed in Chapter 4. It should be noted that wet periods can occur during a drought—there 
can be wet months during a multiyear drought and wet years during a multidecade drought, and 
localized flooding events are possible during a drought—but the dominant hydrometeorological 
pattern during a drought is anomalous and persistent dryness due to reduced precipitation and/or 
increased evaporative demand. The types and characteristics of drought are discussed in the 
following sections.  

Types of Drought 

Multiple types of droughts are linked through the “drought cascade” (see Figure 2-1; 
Changnon, 1987; Entekhabi, 2023). Drought typically begins with meteorological drought, 
associated with dry weather conditions (low precipitation and high evaporative demand); if these 
conditions continue, drought affects more of the geophysical environment, propagating through 
the various drought types: agricultural, hydrological, socioeconomic, ecological (see Box 2-1 for 
more details on each type of drought). Recently, AghaKouchak et al. (2021) extended these 
categories to include anthropogenic drought, which is drought that is caused or made worse by 
human actions and distinguishes anthropogenic drought from socioeconomic drought, which 
affects human systems but is not necessarily caused or made worse by human actions. 

 

FIGURE 2-1 A schematic showing the translation of precipitation deficiencies during a 
hypothetical 4-year period through other components of the hydrologic cycle over time.  
NOTE: The horizontal curves represent hydrological aspects of the different drought types: 
meteorological drought (precipitation, runoff), agricultural drought (soil moisture), and 
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hydrological drought (streamflow, groundwater). The vertical dashed curves represent how a 
moisture deficiency propagates over time through the hydrologic system or different drought 
types.  
SOURCE: Changnon, 1987. 

BOX 2-1 
Types of Drought 

Drought definitions and types have largely been grouped into five categories: 
meteorological, agricultural, hydrological, ecological, and socioeconomic (Crausbay et al., 2017; 
Cook et al., 2018) (see Figures 2-1, 2-2), with the various drought types developing as drought 
propagates through human and natural systems. 

Meteorological drought. Droughts typically begin as a meteorological phenomenon (a 
precipitation deficit, often accompanied by anomalously high evaporative demand). Snow 
drought (reduced snowfall resulting in a reduced snowpack due to either low precipitation or 
high temperatures that cause the precipitation to fall as rain rather than snow) is a subset of 
meteorological drought. 

Agricultural drought develops once the meteorological drought depletes soil moisture 
with a resulting impact on vegetation, including reduction of crop yield. Wilhite and Glantz 
(1985) note that an operational definition of agricultural drought should account for the variable 
susceptibility of crops at different stages of crop development. 

Hydrological drought occurs when surface or subsurface water resources (runoff; 
streamflow; mountain snowpack; and storage in aquifers, lakes, and surface reservoirs) are 
reduced, and it generally takes longer to manifest than agricultural drought.  

Ecological drought focuses on water deficits that impact ecosystems, driving them 
beyond thresholds of adaptation and affecting ecosystem services to the point of triggering 
impacts in natural and/or human systems (Crausbay et al., 2017). 

Socioeconomic drought can be viewed as the impact of meteorological, agricultural, or 
hydrological drought on the supply and demand of some social or economic good (Wilhite and 
Glantz, 1985; AMS, 1997; Heim, 2002), or on human institutions and behavior that influence 
both societal vulnerability and physical drought dynamics (Cook et al., 2018) (for example, 
irrigation of croplands, groundwater withdrawals, and water conservation policies).  

Flash droughts are a hybrid of meteorological and agricultural droughts: they are a 
recently recognized type of extreme event distinguished by sudden onset and rapid 
intensification of drought conditions (Pendergrass et al., 2020), which quickly dry out soils and 
impact vegetation, especially crops. 

Groundwater drought is a subset of hydrological drought that occurs when there is a 
decrease in groundwater (Mishra and Singh, 2010). 

Megadrought is an unusually severe and persistent drought relative to droughts of the 
instrumental period that, in North America, last for two or more decades (Woodhouse and 
Overpeck, 1998; B. Cook et al., 2016). 

Anthropogenic drought refers to drought which is caused or exacerbated by human 
activities such as overgrazing or over pumping of groundwater (AghaKouchak et al., 2021; Nie 
et al., 2024). Burning of fossil fuels is adding greenhouse gases to the atmosphere, which is 
increasing temperatures and atmospheric evaporative demand, thus affecting the water demand 
side of the drought equation. So, in this sense, anthropogenic drought is affecting all other 
categories of drought.  
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FIGURE 2-2 Classical definitions of drought and the associated processes. 
SOURCE: Adapted from Cook et al., 2018 and Van Loon, 2015, CC-BY 4.0. 

 
Droughts have been characterized by the timescale of their initiation, intensification, and 

duration. Beyond the classic drought types (see Box 2-1), two additional types that have received 
attention recently in the literature are flash drought and snow drought. Flash drought has become 
a widely used label for drought that initiates, or an existing drought that intensifies, more rapidly 
than what would be expected in the local climate, often in a matter of weeks (Otkin et al., 2018; 
Pendergrass et al., 2020). Flash droughts result from severe short-term precipitation anomalies 
that are often exacerbated by elevated evaporative demand (Ford and Labosier, 2017; Christian 
et al., 2024). They develop rapidly and can be short-lived. 

Snow drought describes a reduction of precipitation falling as snow that results in a 
reduced snowpack (referred to here as snowfall drought), or when an existing snowpack is 
rapidly and significantly reduced (snowpack drought). Snowfall drought occurs when (1) there is 
a deficit in overall precipitation or (2) precipitation is normal or above normal but most of the 
precipitation falls as rain due to unusually warm (above freezing) temperatures (Harpold et al., 
2017). Snowpack drought develops when an existing snowpack is reduced due to unusually 
warm and variable temperatures characterized by a decrease in the number of days below 
freezing (Gottlieb and Mankin, 2025). Snow drought impacts ecosystems, food and water 
security, and industries such as winter recreation and reservoir management (hydropower and 
flood control) (Huning and AghaKouchak, 2020), but it is most consequential in mountainous 
areas where the spring and summer melting of a thick winter snowpack provides an important 
water source during the dry warm season in arid and semiarid climates (Mote et al., 2005, 2018; 
Dierauer et al., 2019; Gottlieb and Mankin, 2022)–thus presenting a risk to summer water 
supply. 
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The nature of drought (its characteristics, type, and propagation) differs across the United 
States due to differences in the background climate (Fuentes et al., 2022; Heim et al., 2023), 
differences in human interactions and systems around water (Emi Fergus et al., 2022; Gaines et 
al., 2022), and factors including soil type and stratigraphy, topography, vegetation cover and 
physiology, and geology affecting groundwater/surface water connections within river 
catchments (Sheffield and Wood, 2012, p. 33, 35; Rim, 2013; Cartwright et al., 2020; Fuentes et 
al., 2022; Liu et al., 2023).  

BOX 2-2 
Case Study: The Ongoing U.S. Megadrought 

Snowpack at the start of February 2026 was at or near a record low1 across much of the 
Southwest United States, including parts of the Upper Basin headwaters of the Colorado River, 
making it clear that the longest drought in U.S. history would continue into its 27th year. 
Considered a “megadrought” because of its multidecadal length, this drought has expanded and 
contracted across much of the U.S. West since 1999 and has remained most persistent in the 
Colorado River Basin and Southwest. It has dramatically reduced the flows of the two largest 
rivers of the region in terms of streamflow volume, the Colorado River and Rio Grande; greatly 
reduced soil moisture; and led to widespread forest mortality and an increase in large severe 
wildfires. At times, this megadrought has extended deep into Mexico, as well as into Canada, 
and has been felt in California eastward into the Midwest. 

Extensive tree-ring and other paleoclimatic research has revealed that the Southwest 
naturally experiences megadroughts, with many multidecadal megadroughts having occurred 
over the last 2,000 years, some lasting many decades and even centuries, and sometimes 
extending across the entire country (Cook et al., 2016; Todd et al., 2025). What sets the 
ongoing megadrought apart, however, is how much hotter it is than previous droughts, which 
increases the evaporative demand on top of reduced precipitation, making this megadrought 
more severe than previous megadroughts. The source of the extra heat, and thus higher 
moisture demand from the atmosphere, is anthropogenic climate change (see Figure 2-3).  

The unprecedented flow reductions of the Colorado River since 1999 (now approaching 
30 percent below pre-drought flow levels) have likely been driven by both warming and 
reductions in winter/spring precipitation (Vano et al., 2014; Udall and Overpeck, 2017). The 
substantial decline in observed snowfall (i.e., snow drought) could be a result of anthropogenic 
climate change, or it could be due to natural multidecadal variability in the climate system (see 
Chapter 3, Drivers of Drought). Either way, it appears that even lower flows in the Colorado, as 
well as more severe and widespread drying of soils and vegetation, will result from the warming-
driven aridification that is almost certainly going to continue for as long as concentrations of 
greenhouse gases keep increasing in the atmosphere (NASEM, 2025). 

Regardless of whether the current Southwestern megadrought persists, it is clear that 
megadroughts can blur the distinction between droughts and their baseline: they are anomalies 
relative to centennial-length records, but for those living through them, they are also the climate 
itself, exemplifying the convolution of drought and nonstationarity. (See Chapter 4 for a deeper 
discussion of this challenge.) 

 
1 https://www.drought.gov/drought-status-updates/snow-drought-current-conditions-and-impacts-

west-2026-02-05, accessed 5/23/2026  
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FIGURE 2-3 Impact of anthropogenic climate change on the current U.S. megadrought.  
NOTE: Map on the left shows grid-cell specific rankings of 22-year negative soil moisture 
anomalies (drought rank) over 2000–2021 compared to the driest 22-year period in each previous 
drought event back to 800 CE. The map on the right is the same as the map on the left, but after 
removal of multiclimate model mean anthropogenic climate change (ACC) trends (stippling, 75 
percent of the CMIP6 climate models agree on a net ACC drying effect in 2000–2021; turquoise, 
above average 2000–2021 soil moisture; grey, excluded due to lack of drought-sensitive tree-ring 
records back to 800 CE). 
SOURCE: Williams et al., 2022a. Used with permission from Springer Nature. 

 
Droughts are characterized in multiple dimensions that include duration, intensity, and 

spatial coverage (Wilhite and Glantz, 1985; Wilhite, 2000; Wilhite and Buchanan-Smith, 2005; 
Sheffield and Wood, 2012). Additional dimensions offered by Zargar et al. (2011) include 
magnitude, severity, and frequency (return period). 

Temporal Dimensions 

Droughts have been described as a “creeping phenomenon” whose effects from lack of 
precipitation accumulate slowly over time (Wilhite, 2000), with a New Mexico rancher once 
saying he felt like the drought was slowly choking him (Heim et al., 2023). However, when a 
severe short-term precipitation deficit is accompanied by excessive atmospheric evaporative 
demand (AED), droughts can develop quickly (Otkin et al., 2018; Pendergrass et al., 2020; 
Christian et al., 2024).  

The temporal dimensions of drought span a wide spectrum. Drought duration describes 
how long the drought has persisted and can range from only a few weeks to several years 
(multiyear droughts) or even decades (megadroughts). In operational drought monitoring (e.g., 
U.S. Drought Monitor [USDM] operations), droughts that last from a few weeks to 6 months are 
termed short-term droughts, while those lasting longer than 6 months are termed long-term 
droughts (Heim et al., 2023). There can be alternating wet periods and dry periods within a 
drought, resulting in concurrent alleviation of certain types of drought (e.g., agricultural drought) 
and worsening of other drought types (e.g., hydrologic drought), depending on timescale that 
cause variations in moisture with soil depth. Thus, hydrometeorological variability within a 
drought event complicates monitoring and assessment, especially when different timescales 
indicate opposite moisture conditions. Examples include: 
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 short-term (e.g., 1- to 3-month) wet conditions and long-term (6- to 24-month) dry 
conditions; 

 short-term (1- to 3-month) dry conditions and long-term (6- to 24-month) wet conditions; 
and 

 wet conditions in the short term (e.g., 1 to 2 months), very dry at intermediate timescales 
(e.g., 6 to 12 months), and neutral or wet conditions at longer timescales (e.g., 24 
months), or similar combinations. 
As noted earlier, droughts develop slowly, which makes it difficult to know if a drought 

has developed when the dry conditions are occurring, until the appearance of tangible drought 
impacts, at which point it becomes possible to trace the drought’s beginning to when the 
abnormally dry weather started. For example, in his monthly drought index, Palmer (1965) did 
this through a backstepping procedure. For each month, Palmer’s model computes the 
probability that a dry spell has started. A probability of 100 percent indicates that drought is 
occurring, but the start of the drought would be set for the first month the probability was greater 
than zero. Palmer uses a similar process to determine when a drought has ended. The dry 
conditions propagate through the hydrologic system (see Figure 2-1), with the different drought 
types developing—and the various economic sectors affected—at different times in the process. 
All of this complicates the assessment of drought duration and beginning and ending times (Van 
Loon et al., 2024). When moisture conditions are integrated across multiple timescales, as is 
done in some drought indices, a more definitive assessment of the drought’s beginning and 
ending times can be determined, especially for short-term and long-term droughts. See Chapter 6 
for a discussion of this challenge as it relates to drought indices and USDM drought indicators. 

Megadroughts provide another example of complications created by hydrometeorological 
variability. Megadroughts are droughts that are defined by extreme duration and severity, often 
beyond that observed globally in the twentieth century (Woodhouse and Overpeck, 1998; 
Williams et al., 2020; Stahle, 2020). They have been observed on every continent outside of 
Antarctica over the past 2,000 years, and they often cause catastrophic impacts to ecology, 
agriculture, water resources, and societal stability (Cook et al., 2022; Hankin et al., 2024). Dry 
areas within a region associated with a megadrought may move around, sometimes going away 
altogether for a few months or even years and then returning, and flash droughts may develop 
within a megadrought as extreme conditions occur; throughout this time, the drought’s impact on 
rivers and ecosystems continues.  

The timing of the onset of the precipitation shortage is a factor in the initiation of a 
drought and in its magnitude (Wilhite and Buchanan-Smith, 2005). This is an important 
consideration for meteorological droughts: in regions with a pronounced seasonality in 
precipitation, a precipitation shortage during the dry season will have less impact than a 
precipitation shortage during the wet season (Heim et al., 2023). It is also important for 
agricultural droughts: a severe shortage of rainfall during critical stages of crop growth can 
damage crops and reduce yield even if the seasonal or annual precipitation total is normal or 
above (Bruins, 2000; Wilhite, 2000). For flash droughts, in those regions with pronounced 
seasonal swings in temperature, above-normal AED during the warm half-year will have a 
greater impact on drought evolution than during the cold half-year (Heim et al., 2023), so flash 
droughts tend to be summer or spring growing season events (Otkin et al., 2018).  

By depleting soil and atmospheric moisture, droughts contribute to low moisture in 
foliage and surface fuels, making them more flammable; this increases the potential for 
widespread fire (Littell et al., 2016). Droughts during the cool wet season will reduce foliage 
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growth and subsequent fuel load; droughts during the summer, when combined with fire 
weather—high temperatures, low humidity, and strong winds—are associated with increased 
wildfire activity (Richardson et al., 2022). 

A review of the published literature and user perceptions gauged from user-engagement 
workshops (Leeper et al., 2022; Heim et al., 2023) indicates that location and landscape inform 
typical drought duration in different climate zones, with typically shorter durations in tropical, 
humid temperate, and southerly continental climates, such as the Eastern United States generally 
east of the Mississippi River, and typically longer durations in polar tundra climates, dry 
climates, temperate climates with dry warm seasons, and northerly continental climates, such as 
the Western (Rocky Mountains to West Coast) and Central (Rocky Mountains to Mississippi 
River) United States. During 2000–2019, in the United States, flash droughts occurred most 
often in the Great Plains to the Southeast (Pendergrass et al., 2020; Leeper et al., 2022). 

BOX 2-3  
Case Study: The Expanding Impact of U.S. Flash Drought (2012 and 2017 Examples) 

Steadily warming temperatures and associated increases in atmospheric moisture 
demand, along with increasing precipitation deficits, are giving rise to a global increase in the 
frequency, speed of onset, severity, and duration of flash droughts (Seneviratne et al., 2021; 
Yuan et al., 2023; Zeng et al., 2023). Flash droughts are characterized by fast onset and rapid 
intensification, for example, a “two category change in the U.S. Drought Monitor (USDM) taking 
place in 2 weeks, sustained for at least another 2 weeks” (Pendergrass et al., 2020). There is 
high confidence that warming will continue and thus drive worsening flash droughts in the 
United States and elsewhere around the globe, as long as greenhouse gas concentrations 
continue to increase in the atmosphere (NASEM, 2025; Zeng et al., 2023). There is less 
confidence in how precipitation patterns will change and thus play a role in driving flash 
droughts in the future, but it is clear that precipitation deficits are also critical ingredients for 
flash droughts (Pendergrass et al., 2020). 

Despite an observed increase in average annual precipitation in the U.S. Great Plains 
and parts of the U.S. Midwest (USGCRP, 2023), more frequent flash droughts are already being 
observed in these regions. One widely studied flash drought occurred in 2012 when dry and 
extremely warm weather persisted for several weeks to months, intensifying drought to D3 
(Extreme) and D4 (Exceptional) drought (see Figure 2-4) within 2–3 months of initial drought 
onset across the Central United States (Basara et al., 2019; Pendergrass et al., 2020). This 
flash drought had considerable impacts on agriculture (federal crop indemnity payments alone 
exceeded $17 billion; USDA, 2013), ecology (Solomon et al., 2022), and river-borne 
transportation (Pendergrass et al., 2020).  
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FIGURE 2-4 Illustration of drought onset and intensification seen with the 2012 U.S. flash 
drought.  
NOTE: Drought categories across the Central United States for May 15, 2012 (i.e., prior to flash 
drought onset) and July 17, 2012 (i.e., after flash drought development) as indicated by the 
U.S. Drought Monitor.  
SOURCE: USDM map archive (https://droughtmonitor.unl.edu/Maps/MapArchive.aspx). The 
U.S. Drought Monitor is jointly produced by the National Drought Mitigation Center at the 
University of Nebraska–Lincoln, the United States Department of Agriculture, the National 
Oceanic and Atmospheric Administration, and the National Aeronautics and Space 
Administration. Map courtesy of NDMC. 

Another notable flash drought occurred in the summer of 2017 in the Northern Great 
Plains of the United States (see Figure 2-5); this flash drought extended into Canada, gained 
considerable public attention, and was driven in part by exceptional precipitation deficit. Impacts 
were not as geographically extensive in the United States as in the 2012 drought but 
nevertheless were costly in terms of agricultural production losses (exceeding $2.6 billion in the 
United States), widespread wildfires, poor air quality, damaged ecosystems, and degraded 
mental health (Hoell et al., 2020). 
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FIGURE 2-5 Extent of 2017 flash drought rainfall deficit.  
NOTE: Rank of accumulated May–July precipitation relative to the 1895–2017 climatology. 
SOURCE: Pendergrass et al., 2020, used with permission from Springer Nature, adapted from 
Hoell et al., 2019, CCO 1.0. 

Geographic and Regional Dimensions 

The spatial coverage of a drought can range from small localities to large regions and 
even significant portions of a nation or continent. Droughts generally begin locally, with the area 
affected expanding gradually as local droughts merge to become regional in scale; the regions 
affected can shift from season to season (Wilhite, 2000; Wilhite and Buchanan-Smith, 2005; 
Zargar et al., 2011), and the area covered can expand and contract as precipitation patterns 
change with time. The areal coverage can be assessed for all intensity categories of the drought 
or for specific intensity categories, such as in the time-series analysis provided by the USDM.2 
Van Loon (2015) notes that there are differences in scale and duration between drought types. 
For example, meteorological droughts are dependent on large-scale atmospheric drivers that 
usually cover a large area and can change quickly. Hydrological drought is dependent on local 
catchment characteristics and how they change the drought signal when it propagates through the 
terrestrial hydrological cycle; hydrological droughts are thus more patchy and can last longer. 

BOX 2-4 
Case Study: Persistent Drought Risk in an Increasingly Wet Climate. 

The Southeast U.S. Drought of 2011–2012 

A major drought in the Southeast United States in 2011–2012 generated a significant 
interstate legal water conflict involving the United States Supreme Court (United States 
Supreme Court, 592 U. S. ____ (2018) ). At issue were the flows of three major rivers that 
collectively formed the Apalachicola-Chattahoochee-Flint (ACF) River Basin that flow from 
northern Georgia down through the Florida Panhandle and into the Gulf of Mexico (Corn, 2008; 
Lathrop, 2009). When the severe 2011–2012 drought reduced the flows in the ACF rivers, 
Florida challenged Georgia’s water use as excessive, a case that Florida was unable to prove, 
and thus win (U.S. Supreme Court, 2020). 

The Southeast drought of 2011–2012 (see Figure 2-6) was one of the most notable of 
many droughts that have recurred over time in the region, even in the midst of an observed 
trend of increasing average winter rainfall coincident with a trend of increasing temperatures 
(USGCRP, 2023); this highlights that even where there may be a longer-term trend of 
increasing precipitation, it is still possible to get multiyear periods of unusually low precipitation 
contributing to drought. The regular drought recurrence in the region is due to a well-understood 
connection with the predictable climate of the equatorial Pacific Ocean and its oscillation 
between El Niño and La Niña states (see Chapter 3). When the Pacific is in its La Niña state 
there is an increased chance of drought in the Southeast United States. And with climate 
change, there is an increasing chance that each future drought will be hotter, and thus more 
severe than the last. 

The tight connection of a Southeast drought and the La Niña climate state in the Pacific 
means that Southeast droughts will continue to be a regular occurrence in the future, with 
increasing odds of being ever hotter and more severe as well. The good news is that La Niña 

 
2 https://droughtmonitor.unl.edu/DmData/TimeSeries.aspx, accessed May 23, 2026  
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events generally last just a couple years and Southeast droughts generally do not persist for 
long. All together, this adds to the knowledge that can form the basis of long-term planning and 
resilience to drought in the region. 

 

FIGURE 2-6 U.S. Drought Monitor assessment of Southeast drought on June 21, 2011.  
NOTE: The Southeast drought of 2011–2012 was set up by Abnormally Dry (D0) and Moderate 
Drought (D1) conditions in the winter of 2010–2011 and intensified to more serious drought 
levels like those shown here. 
SOURCE: After https://droughtmonitor.unl.edu/Maps/MapArchive.aspx. The U.S. Drought 
Monitor is jointly produced by the National Drought Mitigation Center at the University of 
Nebraska–Lincoln, the United States Department of Agriculture, the National Oceanic and 
Atmospheric Administration, and the National Aeronautics and Space Administration. Map 
courtesy of NDMC. 

Intensity and Magnitude Dimensions 

The intensity of a drought is the degree of the moisture deficiency (caused by a 
precipitation shortfall and/or anomalously high evaporative demand) and/or the magnitude of the 
impacts associated with the shortfall (Wilhite, 2000; Wilhite and Buchanan-Smith, 2005). The 
significance of a moisture deficiency depends on the local climate, so it is generally related to 
some climatic normal (Wilhite, 2000; Wilhite and Buchanan-Smith, 2005).  

The term severity has been used to describe how bad a drought is. Its definition varies by 
researcher and practitioner. For this report, the severity of a drought depends on the combined 
duration and intensity/magnitude of the drought (Sheffield and Wood, 2012) and antecedent 
conditions (i.e., lingering memory from preceding droughts; Van Loon et al., 2024), as well as its 
spatial extent and the demands made by human activities and by the vegetation on a region’s 
water supplies (i.e., the drought’s impacts; (Wilhite and Glantz, 1985).  
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Zargar et al. (2011) define the drought frequency (return period) as the average time 
between drought events that have a magnitude that is equal to or greater than a threshold. The 
USDM converts the measured departure of an indicator to a percentile based on the historical 
record; the percentile is related to specific return periods that define intensity categories (see Box 
2-6 for the USDM categories and Table 6-1 for the percentile ranges).  

BOX 2-5 
Case Study: Drought in Alaska 

Drought in Alaska is very different from other parts of the United States. The Alaska 
Panhandle is one of the wettest parts of North America, yet an extreme drought developed that 
caused significant impacts. October 2016 to December 2019 was an unusually warm and dry 
period for southeast Alaska, with high summer evaporation. Water restrictions were imposed, 
lake levels reached record lows, reservoir levels were too low for hydropower generation, 
salmon fisheries suffered, and a hemlock sawfly outbreak ultimately defoliated 530,000 acres of 
forest. The drought's impact on fisheries was not limited to the southeast; unprecedented warm 
river and ocean surface waters in 2019 caused massive salmon die-offs in other parts of the 
state (Hoell et al., 2022). 

Southeast Alaska has a temperate rain forest, but the climate to the north and west 
ranges from continental (Köppen “D” climate), with boreal forests, to Arctic tundra (Bathke et al., 
2019; Halofsky et al., 2019; Leeper et al., 2022). Long winter nights put the state into a deep 
freeze for months, and permafrost cuts off access to groundwater for much of the state and 
limits agriculture to small-scale farms. Agriculture in Alaska is limited to the short but intense 
summer growing season, and the long summer days increase evapotranspiration. Drought can 
develop if the surface soil layer (“active layer” above the permafrost) dries out, so precipitation 
during June–August is crucial to agriculture (Shulski and Wendler, 2007; Heim et al., 2023). 
With limited farming, subsistence agriculture (e.g., wild berries and roots), fishing (especially 
salmon), and hunting are important sources of food. Thus, drought impacts on ecosystems and 
habitats cause ecological drought to be the most important type of drought in Alaska, followed 
by hydrological and socioeconomic drought (Walsh et al., 2015; Heim et al., 2023). The 
generational dependence on ecosystems for livelihoods makes Traditional Ecological 
Knowledge crucial for Alaskans (Bennett et al., 2014; Walsh et al., 2015; Jantarasami et al., 
2018; Avery et al., 2025), especially since little research has been done on drought impacts in 
cold climates; drought indices were developed mainly for low- and mid-latitude locations and are 
ill-suited for climates outside the contiguous United States or unavailable due to a lack of 
adequate data (Walsh et al., 2015; Bathke et al., 2019; Walston et al., 2023; Druckenmiller et 
al., 2025, p. 107).  

For areas outside the panhandle, reduced snowpack (snow drought) and absence of late 
summer precipitation are important factors giving rise to drought in Alaska (Sheffield and Wood, 
2012, p. 35–36; Halofsky et al., 2019). Rising temperatures are thawing the permafrost 
(Halofsky et al., 2019; Gu and Gao, 2025). Besides destabilizing the foundation for 
infrastructure, the thawing of permafrost affects the structure and physiology of live fuels, which 
increases the potential intensity of wildfires (Miller et al., 2023), and increases stream acidity 
and levels of toxic metals, which degrade water quality, compromise aquatic habitat, erode 
biodiversity, and impact rural drinking water supplies and subsistence fisheries (Druckenmiller et 
al., 2025). 

Wildfires are an important drought-related impact in Alaska. The summer of 2004 was 
unusually hot and dry, with record lightning activity; these factors led to a record fire season with 
over 6.5 million acres burned (Shulski et al., 2005). Both the area burned by wildfire and the 
length of the fire season have been growing in recent decades; smoke from wildfires can spread 
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widely and cause significant health issues for people. Most wildfires occur in the boreal forest in 
central Alaska between the Brooks and Alaska mountain ranges, although fires are increasing in 
tundra areas (Thoman and McFarland, 2024). 

Precipitation is the dominant control on drought in southern areas, while environments in 
the interior and northern parts of the state are moisture-limited with temperature playing a larger 
role (Walston et al., 2023). Rising temperatures are increasing evapotranspiration, lengthening 
the growing season, decreasing snowfall, thawing permafrost, and intensifying the hydrologic 
cycle. Even if precipitation increases, future water availability is expected to be reduced in much 
of the state because of the increased evaporation, thus affecting drought occurrence (Halofsky 
et al., 2019; Walston et al., 2023; Druckenmiller et al., 2025). 

DROUGHT ASSESSMENT  

Due to the multiple factors that influence water supply and demand, drought monitoring 
requires the use and analysis of multiple data sources, which serve as indicators and are often 
transformed into indices. A drought indicator is a raw variable or parameter that describes a 
hydrometeorological state such as precipitation, temperature, soil moisture, streamflow, or 
groundwater level. A drought index is a computed numerical representation of drought severity 
derived from one or multiple indicators and is most often presented in standardized units. The 
standardization requires the determination of a reference period, which is the time period used to 
define the mean and other statistics (historical benchmark or “normals”) for the drought index. A 
drought impact is the direct or indirect negative effect that a drought has on a particular system, 
place, or people, resulting from the combination of a geophysical condition and human or 
nonhuman system vulnerability; drought impacts can be described in quantitative or qualitative 
terms (see Chapters 7). 

Operational drought assessment generally relies on a convergence-of-evidence approach 
(Svoboda et al., 2002), in which multiple indicators, indices, models, and impact reports are 
evaluated together (by human experts) to inform assessments about drought severity.  

Drought Assessment Products 

Traditional drought assessment generally comprises five key components: prediction, 
early warning, monitoring, post-event analysis, and projection (see Figure 2-7). All five 
components require accurate and actionable information and clear and effective risk 
communication.  
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FIGURE 2-7 Matrix of the core components of drought assessment, including their primary 
purpose(s), existing examples, and needs of each. 

Both drought prediction and early warning are activities to provide usable and actionable 
forecasting and forewarning of potential or imminent changes in drought status, conditions, and 
impacts. The current state of drought prediction in the United States operates on timescales 
ranging from weeks to decades, while early warning activities typically occur on timescales of 
days to seasons. Effective drought prediction and early warning require skillful forecasts from 
weather forecast and climate forecast models, and effective risk communication to stakeholders 
and decision-makers to ensure the prediction and/or warning can inform emergency response, 
short-term planning, and mitigation actions. Prediction and early warning are useful for short-
term emergency management to help with preparation of drought impacts, such as convening 
decision-makers, increasing communication, and pre-allocating resources for response. 

Drought monitoring encompasses activities that measure, observe, and communicate the 
current and ongoing drought conditions and impacts experienced. Drought monitoring activities 
are often repeated on daily to monthly timescales to ensure a good understanding of the current 
state of drought and its impacts to a region or system. Effective drought monitoring requires 
high-fidelity drought indicators and impact reports, and effective and timely communication, to 
ensure the monitoring can inform emergency response and short-term planning. Drought 
stakeholders, including Tribes, agricultural producers, natural resource managers, and water 
managers, play important roles in providing local knowledge and perspectives to monitoring. 
Drought monitoring is useful for short-term emergency management to help understand the 
current status of drought and respond accordingly with resource allocation, adjusted 
communication and outreach strategies, and declarations of drought statuses that may trigger 
relief and other actions.  
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Drought post-event analysis comprises activities that analyze and communicate the 
features and impacts of a specific drought event, often after the event has ended. Post-event 
analysis is critical to inform improvements in drought emergency response and management, 
drought planning and policy, and long-term adaptation. Post-event analysis often occurs months 
to years after a drought event has ended, although analysis can also occur during a drought event. 
These analysis activities require cross-sector collaboration between local, state, and federal 
entities; high-quality drought impact report collection and summary; and relevant plan and policy 
evaluation. Drought post-event analysis provides stakeholders an opportunity to review and 
evaluate their response and plans of action, and make necessary improvements before the next 
drought event. Post-event analyses are useful for short-term emergency management to help with 
allocation and prioritization of resources and assistance, and post-event analyses also provide 
important information for long-term planning, including lessons learned during response to past 
drought events and historical documentary accounts of past drought events that can be used to 
benchmark present or future drought events (e.g., McGregor, 2015; Glotter and Elliott, 2017; 
Brázdil et al., 2018).  

Drought projection activities comprise longer-term (i.e., multiyear to centuries) 
simulations of future drought characteristics and impacts for the purpose of analyzing and 
communicating future drought risk. Projections differ from prediction in the timescale (decades-
centuries vs. weeks-seasons). Projections are typically generated from models that are run with 
specific scenarios, whereas predictions are generated from models that are run with realistic or 
observed conditions. Predictions provide a probabilistic or deterministic forecast for what can be 
expected to happen in the near future, while projections provide general guidance about how 
drought may evolve in the future given changing human behavior, but do not provide actionable 
information about whether a drought will occur in a given season. Drought projection activities 
require skillful models, including global and regional climate models, water supply models, 
groundwater models, and so on; comprehensive uncertainty quantification; and effective risk 
communication. Drought projection activities are mainly used to inform long-term planning and 
adaptation, or to inspire mitigation to avoid or limit future impacts.  

BOX 2-6 
The U.S. Drought Monitor 

The U.S. Drought Monitor (USDM; Svoboda et al., 2002) is a composite product that 
incorporates drought and climate indices and indicators, output from numerical models, and 
drought impact reports provided by regional and local field experts from around the country. The 
indices, indicators, and model data are first converted to a standard percentile-based form using 
the history (reference period) of the input dataset (Svoboda et al., 2002; USDA, 2020). The 
percentile-based data are then merged manually by a cadre of USDM authors into the map 
product using a convergence-of-evidence methodology. The USDM expresses drought intensity 
in percentile-based “Dx” categories, each corresponding to a specific range of return-period 
rarity (see Table 2-1 for the USDM categories and Table 6-1 for the corresponding percentile 
ranges). The USDM has become the de facto standard for U.S. drought monitoring. Numerous 
states make drought response decisions, and federal agencies allocate drought relief funds, 
based on the drought severity as depicted on the USDM (USDA, 2020). Currently, the USDM is 
used as a source to inform understanding of both drought severity (for drought relief) and 
drought rarity. 
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TABLE 2-1 USDM Drought Monitor Categories 

Category Description 

 Normal or wet conditions 

D0 Abnormally Dry 

D1 Moderate Drought 

D2 Severe Drought 

D3 Extreme Drought 

D4 Exceptional Drought 

SOURCE:USDM, n.d., https://droughtmonitor.unl.edu/About/AbouttheData/DroughtClassification.aspx, accessed 
December 7, 2025. The U.S. Drought Monitor is jointly produced by the National Drought Mitigation Center at the 
University of Nebraska–Lincoln, the United States Department of Agriculture, the National Oceanic and 
Atmospheric Administration and the National Aeronautics and Space Administration. 

Examples of Drought Assessment Applications 

Drought assessment informs a wide variety of decisions made by government agencies, 
communities, firms, and individuals, often functioning either as a trigger mechanism for taking 
action or as one component of a broader convergence-of-evidence approach to decision-making. 
Below are some examples of uses of drought assessment for a variety of decision-maker types; 
while illustrative, these examples do not represent an exhaustive list of drought assessment 
applications. 

Drought assessments are explicitly embedded in federal disaster and emergency programs 
targeted at the agricultural sector. Several major U.S. Department of Agriculture programs rely 
on the U.S. Drought Monitor as a trigger or eligibility benchmark. USDA Secretarial Disaster 
Designations are automatically “fast-tracked” when counties meet specified USDM intensity 
thresholds (7 CFR Part 759), which in turn makes producers eligible for Farm Service Agency 
Emergency Loan assistance (USDA, 2024a). USDM classifications have also been used to 
determine eligibility for drought disaster assistance programs, including the Livestock Forage 
Disaster Program, the Emergency Livestock Relief Program, and Commodity Credit Corporation 
surplus stock sales (CRS, 2023; Kuwayama et al., 2019; USDA, 2003, 2025b,c). The 2018 Farm 
Bill (Public Law No. 115-3343) amended the Conservation Reserve Program (CRP) to allow 
emergency haying and grazing on selected CRP acres when a county is experiencing drought 
classified as severe by the USDM. Beyond USDA programs, the Internal Revenue Service relies 
on USDM classifications to determine the time frame for waiving gains from livestock 
replacement purchases due to drought (TREAS, 2016). In addition, the U.S. Department of the 
Interior’s Bureau of Land Management (BLM) has policy and guidance for consideration of 
drought conditions for planning and decision-making. At the broadest level, BLM must use the 
USDM to determine “if drought and water availability need to be addressed,” while specific 

 
3 Agriculture Improvement Act of 2018 - Public Law 115–334, H.R. 2 (2018). 

https://nap.nationalacademies.org/catalog/29217?s=z1120


Improving Future U.S. Drought Assessment

Copyright National Academy of Sciences. All rights reserved.

2-18 IMPROVING FUTURE U.S. DROUGHT ASSESSMENT 

PREPUBLICATION COPY—Uncorrected Proofs 

drought indicators such as precipitation, temperature, streamflow, groundwater and reservoir 
levels, soil moisture, snowpack, and remote sensing data are used to evaluate drought severity at 
the relevant landscape scale4 (BLM, 2024). 

The Federal Crop Insurance Program primarily relies on historical yield and revenue 
data, and increasingly on weather information, to trigger indemnity payments. This linkage 
between drought-related information and crop insurance is significant because drought and high 
temperatures are leading causes of indemnified losses, accounting for 41 percent of total 
indemnity payments since 2000 (USDA, 2025d). Some Risk Management Agency insurance 
policies make indemnity payments to producers based on current losses related to below-average 
yields or below-average revenue. For example, yield insurance plans are based on a producer’s 
actual production history over the last 4 to 10 years (USDA, 2025a). To the extent that drought 
nonstationarity influences yields and revenue, it may have implications for the time frames over 
which average yields or revenue ought to be calculated. 

An example of a weather-indexed product is the Pasture, Rangeland, Forage Pilot 
Insurance Program, which employs a grid-based Rainfall Index derived from National Oceanic 
and Atmospheric Administration (NOAA) Climate Prediction Center data. Under program 
standards, expected grid indices employ average precipitation from 1948 to 2 years prior to the 
insured crop year (or from 1990 for Hawaii), and indemnities are triggered when realized 
precipitation falls sufficiently below these historical expectations (USDA, 2024b). 

Beyond formal program triggers, it is well documented that farmers and ranchers access 
climate and drought information to guide operational decisions, including planting, grazing, 
input purchases, and adaptive management strategies. Survey research and case studies 
document active use of drought outlooks and related climate information in agricultural decision-
making (Cabrini et al., 2023; Donaldson et al., 2024; Mase and Prokopy, 2014; Muller et al., 
2024). 

At the state level, many drought management plans explicitly incorporate the USDM and 
other drought indices into alert and phased response systems that advise governors to issue 
drought proclamations and activate drought emergency operation centers. For example, the 
Missouri Drought Mitigation and Response Plan links drought response system phases to 
specific values of the USDM, the Standardized Precipitation Index (SPI), the Palmer Drought 
Severity Index (PDSI), the Crop Moisture Index (CMI), and 28-day streamflow (Missouri DNR, 
2023). 

Drought assessments also inform municipal water management decisions. For example, 
the South Florida Water Management District cites rainfall deficits compared to historical 
averages when issuing landscape irrigation restrictions for residents and businesses in its service 
area (SFWMD, 2026). In Texas, the Green Valley Special Utility District imposes staged water 
use restrictions, including limits on landscape irrigation, vehicle washing, and pool filling, based 
on drought response triggers tied to levels in the Edwards Aquifer (GVSUD, 2023). 

Some groundwater management agencies likewise use drought assessments to determine 
potential pumping curtailments. The Hill Country Underground Water Conservation District in 
Texas employs its own local drought index, which is based on water levels in two aquifers, flow 
data from a stream gauge, 10-month cumulative rainfall amounts, and the PDSI value for the 
Edwards Plateau to establish a critical drought stage that leads reductions in water use for 

 
4 Bureau of Land Management. National Drought and Water Availability. Instruction Memorandum 

No. 2024-034. Washington, DC: U.S. Department of the Interior, Bureau of Land Management, August 7, 
2024. https://www.blm.gov/policy/im2024-034, accessed May 23, 2026 
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permitted wells (HCUWCD, 2026). The Hays Trinity Groundwater Conservation District, also in 
Texas, has drought stages defined by PDSI values and river flow rates, which trigger pumping 
curtailment goals and restrictions on the construction of new wells (HTGCD, 2023). 

Indicators of ecological drought, such as streamflow and water temperature, are used by 
state fish and wildlife agencies across the West to make decisions for recreational fishing, 
including fishing closures, time-of-day restrictions, stocking changes, and harvest-limit 
adjustments (see, for example, Montana Administrative Rule 12.5.507). Some state agencies also 
consider drought conditions when setting annual big game hunting quotas (see, for example, 
Nevada Board of Wildlife Commissioners Commission Regulation 24-125). 

Drought information is also used in wildfire preparedness and response. In a survey of 
wildland fire managers, between 23 and 39 percent of respondents reported using information 
from the National Drought Mitigation Center (NDMC) or NIDIS before and during the fire 
season (Frisvold et al., 2024). The National Interagency Fire Center, consisting of nine federal 
and state agencies, includes information from the USDM, the U.S. Seasonal Drought Outlook, 
and daily mean temperature and precipitation anomalies in their monthly National Significant 
Wildland Fire Potential Outlooks. 

Finally, drought assessments inform long-term infrastructure planning and resilience 
investments. The State of California’s Long-Term Drought Plan for the State Water Project 
outlines strategies to enhance flexibility, efficiency, and capacity in response to persistent 
drought risk, illustrating how drought information supports not only short-term triggers but also 
structural adaptation and capital planning decisions (CA DWR, 2024). The U.S. Bureau of 
Reclamation’s (USBR) WaterSMART Drought Response Program, which provides financial 
assistance to water users to conduct drought contingency planning and implement long-term 
drought resiliency projects, explicitly indicates that, while an understanding of future droughts 
can be informed by the observed past, the incorporation of paleoclimate and projected future 
climate will contribute to more robust and effective plans (Department of Interior, 2025). 
Drought assessment can also inform adaptive investments in institutions and human capital. For 
example, water management institutions that wish to establish more flexible option contracting 
for water transfer during droughts require consistent and broadly acceptable metrics to declare 
and forecast drought conditions in the context of changing climate conditions. 

 
5 https://www.ndow.org/news/nevada-board-of-wildlife-commission-approves-2024-2025-big-game-

hunting-tag-quotas/, accessed May 23, 2026 
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3 
Drivers of Drought in a Changing Climate 

This chapter addresses the physical and biological mechanisms that initiate and sustain 
drought in the United States. The goal of the chapter is to first delineate the overarching factors 
that control drought in general, including the geographical and seasonal dependencies that make 
each region unique in its drought characteristics. And next to explain how the factors that control 
drought are changing due to human influences on the climate system and the land surface. 

PHYSICAL FACTORS THAT DRIVE DROUGHT 

A variety of factors control the natural occurrence of drought, including weather patterns 
and land-atmosphere and ocean-atmosphere interactions, and land use decisions.  

The initiator of drought is typically an increased prevalence of atmospheric circulation 
(weather) patterns that reduce the likelihood of precipitation (either rain or snow), and often 
bring high temperatures, low humidities and strong wind speeds to a given region. Collectively, 
these weather patterns lead to reduced water availability due to decreases in water sources 
(precipitation) and/or increases in water loss (via evaporation and transpiration). Short-lived 
circulation patterns that can initiate and/or perpetuate drought can arise spontaneously due to the 
chaotic dynamical nature of the atmosphere and are typically short-lived (on the order of days to 
weeks), with predictability limited to 1–2 weeks.  

Atmospheric circulation patterns conducive to triggering drought conditions may also 
occur as a remote response to specific ocean conditions. Because these oceanic conditions 
typically persist longer than the typical duration of intrinsic atmospheric variability, they can 
drive longer-term trends in weather patterns. For example, sea surface temperature fluctuations 
in the tropical and north Pacific associated with the interannual El Niño–Southern Oscillation 
(ENSO) phenomenon and its multidecadal counterpart, the Pacific Decadal Oscillation (PDO), 
can perturb the large-scale atmospheric circulation over North America. In particular, the 
negative phases of ENSO and the PDO have been dubbed “the perfect ocean for drought” due to 
their ability to shift the storm track north of its usual position, causing widespread drying over 
the Southwestern United States (Hoerling and Kumar, 2003).  

The large geographical scale of atmospheric circulation patterns associated with 
meanders in the jet stream, whether generated within the atmosphere itself or as a response to 
oceanic conditions, imprints on the spatial extent of drought over continental areas. For example, 
over the continental United States, anomalously dry/hot conditions in the west typically contrast 
with anomalously wet/cold conditions in the east in association with ridging and troughing, 
respectively, and vice versa. Thus, drought is often widespread, extending over large portions of 
the continent at any given time. 
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Once drought takes hold due to meteorological drivers, the relatively dry soils can in turn 
affect atmospheric properties, including temperature, humidity, and precipitation, by modifying 
the surface energy balance (see Figure 3-1). In the moisture-limited conditions that define 
drought, low soil moisture leads to greater partitioning of incoming radiation into sensible heat, 
which generally warms the near-surface air, and reduced partitioning into evaporating or 
transpiring water from the surface. Air that is warmed from below will become more buoyant, 
which in turn will aid in deepening the planetary boundary layer, thereby entraining drier air 
from above and reducing cloud cover (see Figure 3-1). In the drier Western United States, this 
tends to lead to reduced probabilities of rainfall (and the associated cloudiness), and thus there is 
a positive (amplifying) feedback between the surface and atmosphere that can lead to further 
persistence and growth of drought (Tuttle and Salvucci, 2016). In the more humid Eastern United 
States, the relationship can be reversed (e.g., high soil moisture reduces the probability of rain, or 
a negative (damping) feedback; Tuttle and Salvucci, 2016), although it is possible that a positive 
feedback could occur when conditions are anomalously dry. The existence of very dry soils, both 
at the surface and at depth, can also directly affect the persistence of hydrological drought, 
wherein new precipitation largely goes to refreshing soil water rather than increasing streamflow 
(Brooks et al., 2021). 

 

FIGURE 3-1 A schematic demonstrating land-atmosphere feedbacks that can amplify drought.  
NOTE: The red arrows indicate a positive/amplifying feedback, whereas the blue arrows 
demonstrate a negative/damping feedback. VPD stands for vapor pressure deficit, defined as the 
difference between the saturated vapor pressure (a metric of the amount of water vapor the air 
can hold before it condenses into liquid) and the actual vapor pressure (a metric of the actual 
humidity). ABL stands for atmospheric boundary layer. The boundary layer is the layer of the 
atmosphere closest to the ground, within which the atmosphere is generally viewed as well-
mixed. The feedbacks shown can also alter the height of the boundary layer, which affects the 
probability of cloudiness (see main text). 
SOURCE: Miralles et al., 2018. CC BY NC 4.0 
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SPATIAL AND SEASONAL DIVERSITY IN DROUGHT 

Because drought is generally defined as occurring when conditions are unusually dry, the 
definition of drought, and the factors to consider when defining drought, vary across the United 
States. One reason for the geographic variability in drought is the strong differences in the 
seasonality of precipitation across the country. For example, California receives nearly all of its 
water-year precipitation during the cool season, and little to no rainfall during summertime, 
while the Southeast receives approximately equal amounts of rain in each season. As a result, a 
weather pattern that prevents rain from occurring in California in the summer would be typical, 
whereas a weather pattern limiting rain in the Midwest or Southeast in the summer could quickly 
push the region into drought.  

Relatedly, the potential for natural and human-created water storage systems will affect 
the downstream impacts of precipitation anomalies. In the West, where there are high mountains 
and strong seasonality in precipitation, cool-season precipitation that falls as snow is stored and 
ideally slowly released as winter turns to spring and summer, resulting in downstream water 
availability even when new precipitation is not falling. This process, however, is directly 
influenced by temperature: if winter precipitation falls as rain rather than snow, it will not be 
stored, and if spring heats up quickly, the snow will melt quickly and reduce water availability in 
the later spring and summer. As a result, precipitation totals alone will not provide a sufficient 
picture of water availability. Further, the United States has created substantial hydrological 
infrastructure (e.g., a reservoir system) in the West that allows water to be transported, stored, 
and released on a schedule, and this infrastructure can insulate some industries and users, such as 
farmers working with irrigated fields and household water users, from short-term and seasonal 
variability in precipitation. However, this infrastructure will not reduce impacts on less managed 
sectors, such as ranchers and natural ecosystems, and could fail altogether if there were long-
term shifts in water availability. Conversely, precipitation in the East is more uniform spatially 
and seasonally, so there has been less investment in infrastructure to smooth out water 
availability; as a result, short-term changes in precipitation tend to have large impacts. Finally, 
changes in precipitation impacts extend beyond simple reductions in amount and can include 
shifts in seasonality or in the length of dry spells that lead to a misalignment between water 
availability and water needs.  

DRIVERS OF DROUGHT TRENDS 

Long-term trends in drought can be caused by both natural climate fluctuations and by 
anthropogenic factors associated with the burning of fossil fuels and the accompanying 
emissions of greenhouse gases and aerosols. Land cover modifications associated with, for 
example, changing agricultural practices, urbanization, groundwater depletion, deforestation, and 
wildfire may also contribute. Separating natural from human-caused contributions to long-term 
trends in drought can be challenging, especially if observational records of drought are limited in 
duration. In order to understand the natural- and human-caused components of drought trends 
now and in the future, it is productive to consider the changing nature of the aforementioned 
physical drivers of drought: atmospheric circulation and attendant impacts on temperature and 
precipitation, and rising temperatures due to anthropogenic causes. While the former contains a 
considerable proportion from natural climate variability and thus introduces a range of 
unpredictable outcomes, the latter is a result of human activities (IPCC, 2021) and will 
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increasingly dominate as greenhouse gases continue to rise unabated. In particular, it is useful to 
view the evolving balance of driving mechanisms in terms of dynamical (circulation-related) 
factors versus thermodynamic (warming-related) factors.  

Dynamical (Circulation-Related) Factors 

Weather patterns that cause low precipitation and sunny, windy, and warm conditions are 
the most direct initiator of drought over the United States. While anthropogenic climate change 
may affect the frequency and severity of such drought-inducing circulation patterns, the signal is 
relatively weak compared to the naturally occurring fluctuations in these circulation types. Thus, 
a reasonable first assumption is that dynamically induced drought is mainly attributable to 
natural climate variability as opposed to anthropogenic climate change.  

That said, some notable exceptions to this paradigm are emerging, potentially allowing 
for improved knowledge about the direction of dynamically induced drought in the coming 
decades. In particular, as discussed earlier, the atmospheric circulation over the United States 
responds to changes in tropical Pacific sea surface temperatures (SSTs). These SSTs have shown 
a recent decades-long trend toward a La Niña–like state, defined by anomalously cool conditions 
in the eastern Pacific compared to the western Pacific. This trend in SSTs has caused a shift 
toward drier conditions in the U.S. Southwest by altering the path of the jet stream and storm 
track into a more northerly position (Lehner et al., 2018; Seager et al., 2023; Alessi and 
Rugenstein, 2024), thereby contributing to the ongoing drought (and, conversely, increasing the 
incidence of atmospheric rivers in the Pacific Northwest; Li and Ding, 2024). A reversal of the 
SST trend pattern (i.e., El Niño) would favor an increase in precipitation over the Southwest 
United States, while a continuation of the current trends in the tropical Pacific would perpetuate 
the drought (Seager et al., 2023; Alessi and Rugenstein, 2024; Heede et al., 2025). It is not yet 
clear the extent to which the recent SST trends are a result of natural multidecadal variability, in 
which case they will likely reverse in the future, or are indicative of a human-caused climate 
change signal that will persist into the future. The specific pattern of aerosol emissions from 
fossil fuel burning and wildfire may also be contributing to the current SST trends and their 
associated circulation-induced impacts on Southwest U.S. precipitation (Kuo et al., 2025; Park 
and Soden, 2025; Klavans et al., 2025; Todd et al., 2025) Thus, further studies are needed to 
establish the relative importance of natural multidecadal variability as compared to 
anthropogenic climate change in causing the recent drought-inducing SST trends in the tropical 
Pacific (Klavans et al., 2025; Chang et al., 2025).  

In addition to influences from inherent atmospheric circulation variability and regional 
patterns of tropical SST change, the climate over the Southwestern United States is also sensitive 
to changes in the Hadley Circulation, a global-scale circulation with descending motion in the 
subtropics and rising motion near the equator. The descending branch of the Hadley Circulation 
is associated with a surface high-pressure system that favors clear skies, low humidity, low 
precipitation, and high temperatures, all of which promote a semiarid climate. Over the past few 
decades, the descending branch of the Hadley Circulation in the Northern Hemisphere has 
expanded slightly poleward (approximately 1.5 degrees of latitude over the past 30 years) as a 
result of both natural variability and in response to increasing greenhouse gas emissions (Staten 
et al., 2020; IPCC, 2021). Earth System Models consistently project further widening of the 
Hadley Circulation in response to increasing greenhouse gases in the future, with the largest 
Northern Hemisphere changes occurring in the autumn season (Grise and Davis, 2020). As the 
associated subtropical anticyclone also expands in tandem, dry areas will extend further into 
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mid-latitude regions such as the Southwestern United States and contribute to more frequent 
droughts as well as aridification.  

Thermodynamic (Warming-Related) Factors  

In contrast to changes in atmospheric circulation, there are clear and predictable signals 
in temperature related to increasing atmospheric concentrations of greenhouse gases that will 
influence future drought. The annual-average temperature in the contiguous United States has 
warmed by 2.5 degrees Fahrenheit (1.4 degrees Celsius) since 1970 (USGCRP, 2023, ch. 2) and 
will likely continue to warm at an equal or greater rate for the coming decades. Three direct 
implications of this warming are relevant for drought. 

First, a warmer atmosphere can “hold” more moisture before that moisture condenses 
into rain at a rate of approximately 7 percent per degree Celsius warming, following the 
Clausius-Clapeyron relationship. Evaporation and transpiration (collectively evapotranspiration, 
or ET) respond in part to the vapor pressure deficit (VPD), defined as the difference between the 
saturation and actual vapor pressure. The saturation vapor pressure is an exponential function of 
temperature; as a result, all else being equal, higher temperatures will lead to more water being 
evaporated or transpired from the land surface, reducing surface water availability and extending 
the season for which ET exceeds precipitation. In reality, all else is not equal, and the 
contributions of other factors are discussed at the end of the chapter. 

Second, increased temperatures will cause a shift from snow to rain in cases where 
historical temperatures are near the rain-snow threshold. While this will not cause decreases in 
precipitation in sum, it will affect the natural storage mechanism of snowpack. As a result, more 
water will be available in the winter, but less in the spring and summer due to loss of snowpack; 
further, snowmelt following drought years may preferentially replenish soil moisture, rather than 
increase streamflow (Lapides et al., 2022).  

Third, due to the greater water vapor holding capacity of a warmer atmosphere, it is 
expected that a greater fraction of precipitation will be concentrated in extreme events, with 
longer periods of dry days in between. This phenomenon is generally predicted by climate 
models as well (Chang et al., 2025; Prein et al., 2017; Swain et al., 2025). The concentration of 
precipitation into fewer, more extreme events will tend to reduce the effectiveness of 
precipitation in replenishing local soil moisture, because the incoming water will run off once the 
soils become saturated.  

Land Use and Land Cover Changes 

Land use and land cover changes can modify different components of the hydrological 
cycle and affect the availability of water for humans and the biosphere through multiple 
pathways. Land use changes can happen quickly, such as through conversion of natural land 
cover to urban, or slowly, such as reforestation of previously cleared forests. Due to the diversity 
of possible land cover changes, this overview does not aim to discuss them comprehensively, but 
instead to highlight examples where there can be major influences on the hydrological cycle, 
primarily through changing the partitioning of water between different land and atmospheric 
reservoirs.  

One major pathway for the state of the land surface to modify water availability is 
through altering the partitioning of precipitation between different reservoirs. The installation of 
impermeable surfaces such as asphalt will lead incoming precipitation to runoff rather than 
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restore soil moisture and groundwater (Loiola et al., 2019; Sharp, 2010). Intensification of 
cropping, wherein more biomass is produced per unit area, leads to increased transpiration, or 
passive water lost that occurs when plants open their stomata in order to fix carbon. This moves 
water from the surface to the atmosphere and has led to increases in near-surface humidity and 
decreases in near-surface temperature on years with sufficient surface water available (Mueller et 
al., 2016; Jiang et al., 2018). Forest clearing for cropland expansion increases soil erosion rates 
and lowers infiltration capacity; for example, cropland expansion over three centuries resulted in 
a 2.5 percent increase in annual runoff volumes for North America (Haddeland et al., 2007). 
Conversely, forest regrowth in parts of the Eastern United States following agricultural 
abandonment can increase evapotranspiration and reduce runoff and streamflow; in a southern 
Appalachian watershed, old-field succession increased evapotranspiration by 4.5 percent and 
reduced water yield by 5.4 percent after the first decade of regrowth (Elliott, 2017).  

Groundwater pumping is another major pathway for modifying water availability. As of 
2015, about 29 percent of freshwater in the United States comes from groundwater (Dieter et al., 
2018), which is water that is naturally stored in the pores of rocks underground. In theory, 
groundwater can provide a buffer in cases where surface water (provided by precipitation) is 
limited; in practice, the rate of groundwater use often exceeds the rate that groundwater can be 
naturally restored, depending on the type of aquifer. Across the United States, the total volume of 
groundwater decreased by nearly 1,000 cubic km from 1900 to 2008 (Konikow, 2015), which is 
equivalent to about 2.5 years of total freshwater use in the United States, or about twice the 
volume of water contained in Lake Erie. Groundwater use, however, is not uniform across the 
United States, and the majority (about two-thirds) of the total depletion has occurred in the High 
Plains Aquifer in the Central United States, the Mississippi Embayment aquifer system, and the 
Central Valley of California (Konikow, 2015). Before groundwater is depleted, it can serve as a 
resource to moderate the impacts of weather-induced drought. However, as it becomes more 
limited or overdrawn, it can no longer serve as a backstop against poor climatic conditions, 
thereby exacerbating drought. Further, depending on the subsurface geology, groundwater 
depletion can ultimately lead to the collapse of the pores that can store subsurface water, leading 
to subsidence of the land surface and preventing future recharge. This collapse, which typically 
leads to visible land subsidence at the surface, primarily occurs in fine-grained soils (clays and 
silts) (Galloway and Burbey, 2011). About half of the water used for irrigation to support 
agriculture comes from groundwater pumping (Dieter et al., 2018). After the water for irrigation 
is added to the surface, it either evaporates or transpires, percolates into the subsurface, or turns 
to runoff. Note that runoff from agricultural or urban surfaces will often be contaminated by 
chemicals. As a result, it cannot be directly used as a freshwater source, and can have negative 
impacts on the river, lake, and ocean ecosystems absorbing the runoff. 

ARE WE HEADING TO A DRIER OR WETTER FUTURE ... OR BOTH? 

The future of drought in the United States depends on the balance of the driving factors 
discussed above, some of which are largely changing in one direction due to climate change 
(e.g., thermodynamic or warming-related impacts), and some of which are mainly unpredictable 
due to natural variability (e.g., dynamic or atmospheric circulation-related effects). In addition, 
human modifications of the land surface are, on average, leading to reduced water availability 
through groundwater pumping at a rate that exceeds recharge. When considering the future of 
drought in the United States, it is helpful to explicitly consider how the balance between water 
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gain through precipitation and water loss to either the atmosphere (through evapotranspiration) 
or the subsurface (through percolation) is expected to change.  

The clearest signals for future drought are those that are linked to warming temperatures. 
As discussed above, warming temperatures lead to an increase in moisture demand from the 
atmosphere. To the first order, this will cause an increase in evapotranspiration, and a decrease in 
surface water availability as moisture moves from the land to the atmosphere. However, there are 
a few additional factors to consider.  

First, in regions and during times of year that are dry, which are primarily in the Western 
United States, ET1 tends to reduce with decreasing soil moisture, so reductions in surface water 
availability can be self-limiting (Seneviratne et al., 2010), although declines in ET during hot, 
dry years can also lead to reductions in atmospheric humidity (McKinnon et al., 2021) and 
associated increases in fire weather. Indeed, climatic factors, along with a reduction in 
Indigenous land use and fire stewardship practices, are contributing to an increase in the intensity 
and frequency of wildfires across much of the country, and most notably in Western U.S. forests 
(Holden, 2018; Williams et al., 2019). Wildfire itself can lead to increases in streamflow 
(Williams et al., 2022b), likely because there is a reduction in evapotranspiration due to loss of 
vegetation, and burned soils have reduced infiltration capacities 

Second, vegetation can respond to high CO2 conditions through either closing their 
stomata, which would allow for comparable carbon uptake through photosynthesis (since there is 
a larger “pool” of carbon in the atmosphere) while reducing water loss through transpiration, or 
producing more vegetation and increase the growing season, which can increase water use. The 
balance between these two factors will depend on water availability as well as plant type, but the 
two effects will tend to counteract each other (e.g., Zhang, Jin et al., 2022), leaving a dominant 
effect of increased ET due to greater atmospheric temperatures. In net, most climate models 
project overall decreases in soil moisture across the United States and increases in drought risk 
even in regions of precipitation increases (Cook et al., 2020).  

Changes in precipitation can offset or exacerbate the expected drying associated with 
warming temperatures. In contrast to the clear signal in temperature, changes in precipitation in a 
warming world exhibit somewhat greater uncertainty due to the large contribution of 
unpredictable internal variability (Deser, 2020). On average, climate models project increases in 
annual-mean precipitation over most of the United States and decreases over parts of the 
Southwest (Marvel et al., 2023), although there is enormous spread across different simulations 
(e.g., Schmidt et al., 2021; Deser, 2020) due to both internal variability and differences in 
physics across models. Changes in annual-mean precipitation, however, are rarely the most 
relevant metric for drought, and clearer signals are present in other components of precipitation. 
For example, climate models consistently project declines in the spring season precipitation in 
the Southwest (Ting et al., 2018), and precipitation in the Northwest—while expected to increase 
on average—is projected to increase in the winter and decrease in the summer (USGCRP, 2023). 
Further, climate models are relatively consistent with their projection of greater precipitation 
extremes across the United States amidst substantial internal variability (Williams et al., 2024; 
Chang et al., 2025; Adhikari et al., 2025; Li et al., 2021), consistent with the expected shift 
toward both bigger extreme events and longer dry periods (Swain et al., 2025). 

 
1 Here, the reference is to actual ET, for example, the rate of water moving from the land to the 

atmosphere. This is contrast to potential ET, discussed in other chapters, which is the amount of ET we 
would expect from the atmospheric state if the surface were fully saturated with water. ET will typically 
decrease with drier soils, but potential evapotranspiration, or PET, will not. 
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Two additional signals for the future hydroclimate are closely linked to temperature and 
therefore can be expected with greater confidence. First, winter precipitation is more likely to fall 
as rain than snow, leading to reductions in snowpack and potentially snow drought, or conditions 
of below-normal snowpack. Snow drought can occur even if precipitation is normal if higher 
temperatures lead the precipitation to fall as rain instead of snow. It negatively affects seasonal 
water storage, winter tourism industries, and some ecosystems. For example, wolverine 
occurrence in the contiguous United States is closely tied to spring snow cover, while yellow-
cedar decline has been linked to loss of insulating snowpack that leaves shallow roots vulnerable 
to freezing injury (Aubry, 2007; Schaberg, 2011). Second, warming temperatures are leading to 
an increase in flash drought, which is drought that onsets and intensifies quickly and often has 
additional negative impacts because stakeholders lack sufficient time to respond (Otkin et al., 
2018; Christian et al., 2024). Flash drought is caused by a combination of critically low 
precipitation and a high evaporative demand by the atmosphere (Christian et al., 2021), the latter 
of which is directly linked to warming temperatures, as discussed above. While the relative 
contribution of each factor varies spatially, high atmospheric demand plays some role 
everywhere (Christian et al., 2021). As such, conditional on the limiting factors discussed above, 
flash droughts are expected to increase under warming. 

In sum, while the exact timing of hydrological changes associated with global warming is 
uncertain due to the superimposed effects of unpredictable variations in atmospheric circulation 
(see earlier discussion), Earth System Models project a robust decrease in terrestrial water 
storage over the entire Western United States by the end of the twenty-first century, mainly 
driven by higher evapotranspiration and reduced snow resulting from higher temperatures, with 
the Upper Colorado River Basin as an emerging aridification hotspot (Ryu et al., 2025) (see Box 
2-2). Thus, because of global warming due to anthropogenic greenhouse gas emissions, it is 
expected that dry days will be hotter, drought onset times can be faster, and snowpack will 
reduce. While thermodynamic effects are the dominant drivers of these impacts, circulation-
induced precipitation variability may introduce some uncertainty in the timing and severity of the 
projected trends in drought onset, duration and frequency.  

Conclusion 3-1: Drought assessment methodologies should incorporate both water 
supply and evaporative demand, as well as precipitation phase (snow versus rain). 

Conclusion 3-2: Further research is needed to constrain regional projections of 
precipitation in the United States. 

Conclusion 3-3: Drought assessment should aim to incorporate near-real-time 
information, as well as shorter timescale metrics, in order to better identify emerging 
flash droughts.  

Conclusion 3-4: There is high confidence that climate warming, by itself, is likely to 
continue worsening trends in drought severity, frequency, duration, and possible onset 
speed, except where and/or when offset by sufficient increases in precipitation. 

Conclusion 3-5: Further understanding of the physical and biological drivers of drought 
and how they may change as the climate warms, including assessing Earth System Model 
prediction and projection skill, is an urgent research need that underpins effective 
drought assessment. 
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4 
Nonstationarity, Aridification, and Drought 

This chapter examines how long-term shifts in the climate system create challenges for 
drought classification, monitoring, and assessment in the United States. It provides definitions of 
drought nonstationarity, megadrought, and aridification, and explains why nonstationarity 
undermines drought assessment frameworks built on assumptions of a stable climate. The 
chapter then considers how the components of nonstationarity (aridification and megadrought) 
create challenges for accurate drought classification and monitoring and how decisions made 
assuming a stable climate can become maladaptive under nonstationarity. Finally, the chapter 
assesses the strengths and limitations of existing approaches to nonstationary drought 
assessment.  

OVERVIEW OF DROUGHT NONSTATIONARITY 

Drought, by definition, is a negative hydrologic (water availability) anomaly; it is not a 
state; instead, it is an anomalous event, with a beginning, middle, and end. While an anomaly can 
be benchmarked to a nonstationary reference like a climate trend, in conventional drought 
monitoring, anomalies are referenced to a fixed background climate, or “baseline.” Such a 
convention introduces a number of analytical choices, chief among them being the need to 
determine a representative climate baseline against which to define positive and negative 
hydrologic anomalies. What is the assumed “normal”? Is it the most recent decade? The last 
three decades? The full period of observational record? The Common Era as reflected in the 
paleorecord? These are choices that must be made (often before identifying drought metrics, 
indices, and thresholds to apply) with implications for what one analytically calls “drought,” its 
characteristics, and thus its impacts (Li, Smerdon, et al., 2024; Hoylman et al., 2022; Lisonbee et 
al., 2024; Um et al., 2017). A chosen baseline itself can determine not just the magnitude or 
duration of drought, but whether a drought even occurred at all.  

Herein lies the problem at the heart of this report. Because drought is defined with respect 
to time, benchmarked to a reference state, what happens if that reference baseline is no longer 
representative of current climate conditions? This creates drought nonstationarity, which the 
study committee defines as the change in drought statistics, including its characteristics and 
classifications, observed when a fixed baseline is applied to a changing climate.  

The conceptual problem is not new; researchers have long recognized that drought 
indices calibrated in one period and applied in another produce systematic differences. Some 
earlier research introduced “relative” drought indices to disentangle the calibration baseline 
choice from the period being evaluated (Dubrovsky et al., 2009), indicating an early operational 
acknowledgment that drought index behavior is as tied to the baseline choice as the underlying 
climate. What has remained difficult is not the recognition that nonstationarity matters, but the 
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implementation of monitoring, assessment, and decision-support practices that handle it 
consistently and transparently. Furthermore, the climate has trended considerably over the last 
decades, raising the operational consequences of stationary assumptions in monitoring and 
assessment. 

As is unfolding in parts of the United States, drought nonstationarity implies that 
standardized drought measures and the thresholds that define drought class severities are no 
longer physically or hydrologically comparable across baseline intervals (see Figure 4-1). 
Simply, if the background climate shifts, becoming persistently wetter or drier over the decades, 
then a drought defined against an outdated baseline may over- or understate how unusual the 
conditions actually are for the present day. Operational drought monitoring uses multidecadal 
baselines, which sample high-frequency climate modes well, but may only partially capture 
lower-frequency climate modes that alter drought risks, such as the Pacific Decadal Oscillation 
(PDO) or Atlantic Multidecadal Variability. Internal variability, land surface changes, and 
anthropogenic warming can therefore each cause drought nonstationarity at the timescales 
relevant to drought assessment and monitoring. The definition above is agnostic about the cause; 
whichever driver dominates, the implications for drought monitoring are generally the same: the 
baseline against which drought is defined may no longer represent the climate in which drought 
occurs. Because this report centers on drought assessment in a nonstationary regime, the 
proposed framework to manage drought nonstationarity should be resilient and effective 
irrespective of the nonstationary driver (see “Components of Nonstationarity” section below). 

To illustrate the challenge posed by drought nonstationarity, consider how drought 
severity categories are constructed. Nonstationarity complicates the use of percentiles or 
standardized anomalies, which are often used to define drought thresholds and imply the 
temporal invariance of drought (i.e., the assumption that their values indicate the same drought 
conditions regardless of when they are applied). For example, the U.S. Drought Monitor 
(USDM) defines a D4 or “exceptional” drought in part by a drought indicator (such as the 
Standardized Precipitation Index, or SPI) falling below the 2nd percentile of its historical 
distribution (Svoboda et al., 2002; McKee et al., 1993). A statistical approach like this is 
powerful: by construction, an exceptional drought is equally rare whether it occurs in the wet 
hydroclimate of Vermont or the arid one of Arizona. At issue, however, is whether it is equally 
rare for a specific region in the year 1930 or the year 2025 and whether the actual hydrologic 
severity of that drought—meaning its magnitude in terms of lost millimeters of precipitation, soil 
moisture deficits, reservoir levels, and the like—is comparable across time periods, owing to 
long-term climate changes.  

Consider a schematic application of the USDM drought classification system percentiles 
(see Chapter 6, Table 6-1) to water-year (October–September, WY) precipitation over an 
arbitrary region in the United States (Figure 4-1). Under a stationary climate, one where its 
average and variability do not change, the absolute magnitude of a precipitation amount 
corresponding to a particular percentile threshold will be the same, regardless of the decades 
used in the baseline. But under nonstationarity, those amounts change. Under one multidecadal 
baseline (1st baseline), a D2 or “severe” drought (5–10 percentile range) might correspond to a 
maximum WY precipitation value of 64 mm. Under a second, drier baseline, that same D2 
classification might correspond to less than 49 mm—a value that under the original baseline 
would instead be classified as a D3 or “extreme” drought. The same real-world drought event 
can therefore be classified differently just based on which period is used. This study committee 
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explores these ideas further with real-world examples in Chapter 6, in particular in Figures 6-1 
and 6-2.  

Conclusion 4-1: Nonstationarity challenges drought classification and assessment 
because drought is conventionally defined using static thresholds relative to a baseline 
climate; if different baselines are used, or if the climate evolves relative to a fixed 
baseline (as with aridification), the same physical conditions can be classified differently 
or missed entirely. 

 

FIGURE 4-1 Drought nonstationarity and its consequences for drought monitoring and 
assessment.  
NOTE: A schematic example of the effect of different hydroclimate averages (baselines) on 
drought classification for a single arbitrary location. The figure shows how the cumulative 
distribution function for water-year (October–September, WY) precipitation (in mm) changes 
between two reference baselines, one wetter (1st baseline) than the other (2nd baseline). What is 
clear is that the baseline can alter the hydrologic magnitudes (and thus drought impacts) that 
correspond to any threshold-based definition of drought classes. Here the change from the 1st to 
2nd climate baseline is a drying, which as discussed in the text could arise from anthropogenic or 
natural forcing, or low-frequency variability. Irrespective of the source of changing climate 
baselines, however, the tendency in this example is twofold: first it makes the actual magnitude 
of drought thresholds drier (see left-pointing arrows), and it makes the likelihood of occurrence 
of old drought thresholds higher (see vertically pointing arrows) meaning more time spent in 
what used to be considered a DX drought class.  
SOURCE: Adapted from Li, Smerdon et al., 2024. CC BY 4.0. 

Across the United States, there are emergent features of drought nonstationarity in the 
USDM itself (see Figure 4-2). The USDM count of droughts over the 1,371 weeks between 
January 2000 and early April 2026 is presented in panel A of Figure 4-2. The West sees fewer 
droughts than regions east of the 100th meridian (median of 12 drought events in the 11 Western 
states of Arizona, California, Colorado, Idaho, Montana, New Mexico, Nevada, Oregon, Utah, 
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Washington, and Wyoming, versus over 19 events in the non-Western United States). Yet the 
duration is much longer in the West, as presented in panel B of the figure, showing that the 
median Western drought is 51 weeks versus 14 weeks in the non-Western United States. As 
such, the number of weeks in drought, as captured in panel C, reflects this, with many locations 
in the Western United States experiencing drought residence times exceeding 20 percent, which 
is the percentile that defines a D1 drought. This more flashy quality of Eastern droughts is 
evident in panel C, which shows the grid point time to maximal drought severity for an average 
drought event. Non-Western U.S. regions reach maximal drought severity only 3 weeks after 
achieving a status above D0, while Western regions take over four times longer to achieve the 
eventual depth of their drought. 

If the climate is stationary, the frequency with which a location is classified as “in 
drought” should approximate the percentile definitions. For instance, conditions meeting the D1 
(“moderate” drought) threshold or worse, should correspond to the 20th percentile of the 
underlying indicators under climate stationarity. Under a drying trend, >D1 conditions might 
occur at frequencies higher than expected (e.g., Figure 4-1). This expectation can be tested by 
computing a “drought residence time” or the percentage of all weeks over the 2000–2026 period 
that a location was classified in at least D1 conditions (see panel D in Figure 4-2) (Mankin et al., 
2021; Li et al., 2024). Note, this is simply a measure of how much time a place spent in an 
officially designated drought category. The map shows that most of the contiguous United States 
exceeded the stationary expectation, suggesting that the climate baselines underlying drought 
classification are not representative of the true hydroclimate state. While the diagnostic map 
presented in Figure 4-2D is not an attribution of the cause of nonstationarity, the residence-time 
pattern is consistent with the pattern of aridification and humidification associated with 
anthropogenic forcing. The map illustrates how drought classifications under fixed baselines can 
reflect longer-term shifts in climate, whether forced or unforced. 
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FIGURE 4-2 USDM climatology and evidence for drought nonstationarity. 
NOTE: Grid cell drought event characteristics across the Contiguous United States (CONUS), 
January 2000 through early April 2026, derived from the weekly U.S. Drought Monitor, 
rasterized to 0.125-degree resolution. Events are defined as continuous periods of D1 (moderate 
drought) or worse, with gaps shorter than 2 weeks bridged as a single event. Panel A shows the 
total number of independent drought events per grid cell. The Western United States averages 
fewer events than the Eastern United States. Panel B shows the mean D1+ drought event 
duration in weeks; Western U.S. events persist roughly three times longer than non-Western U.S. 
events. Panel C shows the mean time from drought onset to maximum severity. Western U.S. 
areas take substantially longer to reach peak severity (median 12 vs. 3 weeks), consistent with 
slowly intensifying, persistent drought rather than flash events, as occurs in the more humid East, 
where events reach maximal severity much more quickly. Panel D shows the fraction of the 
USDM record spent in D1+ drought. Stippling marks grid cells where the drought fraction is 
below 20 percent, consistent with the baseline drought frequency expected by USDM design. 
Unstippled regions exceed this baseline, with the Western United States spending 44 percent of 
the record in drought on average versus 22 percent for the non-Western United States, consistent 
with the wider literature on aridification in the region. 
SOURCE: Committee analysis; data from the USDM. 

Conclusion 4-2: Across parts of the United States, the climatological reference period 
used in operational drought classification no longer matches the observed hydroclimate, 
with consequences for the character, frequency, and severity of drought. 
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Components of Nonstationarity 

A stationary process is one that does not exhibit changes in its mean, variance, or higher-
order moments over time. A nonstationary process is one in which any of these statistical 
properties shifts. In the highly dynamic climate system, true stationarity at the local scale is 
elusive, as low-frequency variations in climate abound and the Earth system is never truly in an 
equilibrium state (Milly et al., 2008), even if over some intervals and for some measures 
stationarity was an acceptable assumption. For drought assessment, this matters because the 
baselines used to define “normal” implicitly assume some degree of stationarity (e.g., that the 
last 30 or 60 years of climate data can reliably represent the climate of the present or future). 
When that assumption breaks down, drought metrics calibrated to those baselines can become 
misleading (discussed in detail in Chapter 6). 

It is important to note that nonstationarity in drought-relevant quantities is not limited to 
changes in the statistical average. Variability in quantities like precipitation, temperature, and 
soil moisture can also shift over time, as can the shape of their distributions, such as their most 
extreme tail values. A region could, for example, experience little mean change in annual 
precipitation, but a marked increase in consecutive dry days, which would alter drought 
characteristics absent long-term mean changes. This report’s definition of nonstationarity 
therefore considers changes in any statistical property of hydroclimate that would limit the 
representativeness of a chosen baseline for drought assessment.  

The committee identifies three broad categories of processes that can generate drought 
nonstationarity in the United States, each potentially operating on a number of timescales that 
can act through different mechanisms: (1) climate variability internal to the climate system; 
(2) land surface and human water and land management changes; and (3) externally forced 
climate change, both natural (e.g., due to changing volcanic forcing) and anthropogenic (i.e., due 
to emissions of greenhouse gas and aerosol pollution into the atmosphere). While the solutions to 
address the drought nonstationarity from each could be unique, all share the same consequence 
of undermining accurate drought assessment.  

While these three categories of nonstationarity have very different origins and physical 
mechanisms, they can have common implications for drought monitoring and assessment: they 
all alter the representativeness of the local climate baseline against which drought and its 
characteristics are defined and assessed. A multidecadal drying in the 2nd percentile of 3-month 
precipitation in Oklahoma during the Dust Bowl, for example, might be similar to that resulting 
from a specific 30-year sea-surface temperature anomaly in the Pacific Ocean (30-year negative 
PDO). The origins differ, but the analytical problem for drought assessment is the same, which is 
a question of the most representative baseline. The framework proposed in this report must 
therefore be resilient to the source of nonstationarity. A monitoring system that accommodates 
one driver of baseline shift but not another would be inadequate for the range of factors 
determining U.S. drought presently and into the future.  

Internal Climate Variability 

Internal climate variability encompasses naturally occurring oscillations in the ocean-
atmosphere system, which can collectively be culpable for persistent wet or dry conditions over a 
region over decades. In the United States, low-frequency variations in the Pacific, including El 
Niño Southern Oscillation (ENSO) and the more slowly varying PDO, alongside Atlantic 
multidecadal variability have been shown to exert persistent control over North American 
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precipitation patterns, thereby making multidecadal climatological intervals wetter or drier 
(McCabe et al., 2004; Seager et al., 2005; Seager and Hoerling, 2014; Klavans et al., 2025). The 
ongoing twenty-first century American Southwest drought (Williams et al., 2020; Mankin et al., 
2021), for example, has some of its origins with a shift to persistently cold conditions in the 
tropical Pacific, which has reduced the winter precipitation that is essential to the water-year 
there (Seager et al., 2023; Lehner et al., 2018). Because such sea-surface temperature variations 
can persist for decades, they can make successive 30-year climate baselines hydroclimatically 
distinct, even in absence of a longer-term human-forced trend, like that from global warming 
(Sung et al., 2024). Chapter 3 provides additional detail on the drivers of internal climate 
variability. 

Land Surface and Water Management Changes 

Land surface changes from deforestation, urbanization, agricultural expansion, or 
groundwater depletion could likewise persistently alter local land-atmosphere coupling, with 
consequences for the underlying hydroclimate state. More broadly, human activities, including 
increasing water demand as populations or economies grow, as well as decisions, policies, 
development, and adaptation (or lack thereof), are major drivers of drought and drought-related 
impacts (van Dijk et al., 2013; Xu et al., 2019). Urban development, landscape management, 
water supply and drainage infrastructure, energy systems, food production, and transportation 
significantly impact, but also rely on, sustained water availability and quality. Planning and 
design, adaptation and transformation, and myriad other human decisions and policies can 
therefore modify water availability and thus potentially shape the impacts of drought, even if not 
explicitly altering its frequency, intensity, and extent. 

The Dust Bowl in the United States, for example, was borne in part of the agricultural 
practice of denuding the Great Plains of deep-rooted grasses that generated persistent land-
atmosphere feedback. These feedbacks then depressed long-term precipitation by reducing 
terrestrial water recycling (Cook et al., 2009; Brubaker et al., 1993), and through energy-water 
interactions that determine soil moisture variability (Brubaker and Entekhabi, 1996). Empirical 
and modeling work has identified regional structure to soil moisture-precipitation coupling 
across the continental United States, with positive feedback dominant in the eastern United 
States and weaker or negative feedback in the arid Southwest (Findell and Eltahir, 1997, 2003; 
Tuttle and Salvucci, 2016). Similar dynamics have been extensively studied over the Sahel 
region of Africa, where hypothesized desertification feedbacks from overgrazing and land 
degradation (Charney, 1975; Hulme, 1974) were later shown to interact with ocean-forced 
precipitation changes to alter drought risks (Giannini et al., 2008). In the U.S. context, other 
work shows that land management such as logging (Hewlett and Helvey, 1970; Bowling et al., 
2000) or forest risks, like wildfire (Williams et al., 2022b; Hasan et al., 2020; Wine et al., 2020), 
can alter river runoff profiles, generating additional runoff even in the face of drying land surface 
conditions. Groundwater pumping and its impacts on wider terrestrial water storage and 
irrigation impacts would also feed back to shape the severity, duration, and recovery timescales 
of water supply droughts (Scanlon et al., 2012; Apurv and Cai, 2020). The latter impact is 
distinct from land changes that modify precipitation itself, as water supply deficits and thus 
droughts could occur even without changes in the baseline climate.  

Human management on the land can alter drought through at least two pathways: first, 
modifications to the land (e.g., irrigation, land cover changes, agriculture) can shift climate 
baselines through land-atmosphere feedbacks as noted above. A second pathway may not 
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directly influence long-term P-ET (precipitation minus evapotranspiration) or an underlying 
climate baseline, but would impact land water states around groundwater, runoff, and soil 
moisture and thus the experience of droughts. These paths include groundwater withdrawals, 
surface diversions, and reservoir operations. It is noteworthy that both paths are increasingly 
considered central to drought as determinants as the literature looks to more explicitly identify 
the various paths through which humans influence drought (Van Loon et al., 2016; 
AghaKouchak et al., 2021). Human modifications to the land that alter long-term surface 
hydrology may initially be defined as drought, but as the change becomes permanent and the 
contemporary reference period catches up to the new hydrological state, it is often no longer 
considered to be drought. Disaster relief can be used for a time to mitigate the impact of the 
reduction in water supply until society adapts to the new conditions. Inadvertent events such as 
infrastructure failures (e.g., the break of a supply pipe or canal for irrigation) may temporarily 
impact water supply, but they are not considered causes of drought. 

Climate Forcing Changes 

Changes in climate forcing, whether aerosol-, solar-, or human-caused greenhouse gas–
based, can generate persistent hydroclimate trajectories that impact drought (AghaKouchak et al., 
2021; Chiang et al., 2021; Diffenbaugh et al., 2015). In the U.S. Southwest, human-caused 
warming has amplified the effects of precipitation variability, increasing the severity of the 
current multidecadal drought to rival those megadroughts that punctuate the paleoclimate record 
of the Common Era (Williams et al., 2020; Williams et al., 2022a). The impact is to alter the 
direction trend of hydroclimate from wetting to drying or vice-versa, making baselines from 
earlier decades unrepresentative of the conditions in which present droughts are occurring. 
Additional details on climate forcings are available in Chapter 3. 

ARIDIFICATION AND NONSTATIONARITY 

Aridification, or the regional trend toward a climatologically drier hydroclimate state that 
is not expected to reverse on decision timescales relevant to capital-intensive infrastructure, can 
induce drought nonstationarity by shifting the baseline against which drought is assessed. The 
distinction between aridity as a long-term state and drought as a short-term departure from that 
state is well-established across disciplines (AMS, 2012; Lian et al., 2021; Lisonbee et al., 2022; 
Maliva and Missimer, 2012; Sohoulande Djebou, 2017). But the temporal distinction among the 
two, drought and aridity, is precisely what nonstationarity erodes: when the long-term climate 
shifts, the baseline to which drought is referenced also shifts, and thus the two begin to interact. 
This is illustrated in Figure 4-1, which theorizes how the severity of drought classifications 
varies as a function of the level of aridity in the background climate, forcing static drought 
classes to track a moving target.  

The Challenge of Estimating Aridity Changes 

Aridity is at least as multivariate as drought (see Chapter 7); it can be defined 
atmospherically (e.g., via vapor pressure deficit, or VPD), hydrologically (e.g., via runoff) or 
ecologically (e.g., via vegetation stress) (Lian et al., 2021). It can be measured through a wide 
array of indices that privilege different variables, but many of which rely on potential 
evapotranspiration (or PET), which represents the theoretical constraints on surface water 

https://nap.nationalacademies.org/catalog/29217?s=z1120


Improving Future U.S. Drought Assessment

Copyright National Academy of Sciences. All rights reserved.

NONSTATIONARITY, ARIDIFICATION, AND DROUGHT 4-9  

PREPUBLICATION COPY—Uncorrected Proofs 

evaporation (see Table 4-1). Depending on the formulation, the constraints can include radiative 
energy (e.g., Priestley-Taylor) and/or aerodynamic ones such as winds or vapor pressure deficits 
(e.g., Penman, Penman-Monteith). Some of these measures include energy and moisture 
limitations on runoff (Budyko, 1961), the widely used United Nations Environment Programme 
(UNEP) aridity index of precipitation divided by potential evapotranspiration (Barrow, 1992), 
specific humidity-based approaches (Sahin, 2012), and vegetation-related metrics (Thornthwaite, 
1948) among others. Each measure can produce different spatial patterns of aridity and its 
change in time, or aridification. This pluralism in aridification definitions is not pedantic or a 
simple cataloging problem; it has direct implications for detecting and characterizing 
aridification. Trends in atmospheric aridity from VPD, for example, can diverge from trends in 
hydrologic aridity (e.g., runoff efficiency) or ecological aridity (e.g., Normalized Difference 
Vegetation Index [NDVI] or Solar-induced Chlorophyll Fluorescence [SIF]), particularly under 
conditions where plant physiological responses to CO2 can decouple surface water availability 
from atmospheric demand through stomatal reductions (Roderick et al., 2015; Lian et al., 2021). 

Many of the most widely used aridity metrics rely on PET, which complicates the 
assessment of nonstationarity. One part of this challenge is that the water balance is determined 
by P-ET, not P-PET, and so aridity indices can register large changes that do not correspond to 
the land water balance (e.g., Berg and Sheffield, 2018; Greve et al., 2014). The problem is that 
PET-based aridity measures assume that atmospheric demand for water is exogenous to the land 
surface, meaning that warming increases moisture demand in a way that straightforwardly dries 
the surface. But there is growing evidence that this assumption overstates long-term drying under 
warming. Plant physiological responses to elevated carbon dioxide, for example, particularly 
reduced stomatal conductance, may offset part of the atmospheric demand signal, implying that 
actual water availability may not decline as rapidly as PET-based indices suggest (Roderick et 
al., 2015; Lian et al., 2021). Additionally, aerodynamic PET formulations (such as Penman-
Monteith) may improperly treat the atmosphere as independent of surface conditions, leading 
PET to overestimate aridity changes in coupled land-atmosphere systems (Zhou and Yu, 2025). 
This has direct implications for nonstationary drought assessment. Standard Precipitation 
Evapotranspiration Index (SPEI) and other PET-dependent drought indices (see Table 4-1) 
inherit whatever bias exists in the underlying PET calculation, potentially overstating 
aridification trends and the nonstationary signal they are intended to detect. As such, assessing 
drought conditioned on trends in aridification can quickly become a complex combinatorial 
domain for developing nonstationary drought monitoring and assessment practices. This also has 
direct implications for drought-related decision-making: if the nonstationary signal in PET-
dependent indices is itself uncertain, then the question of whether a region is experiencing 
transient drought or secular aridification becomes harder to resolve, with asymmetric 
consequences for emergency management and adaptation. This report addresses those questions 
in the “Nonstationarity and Decision-Making” section below, and Chapter 6 provides a detailed 
discussion of drought indicators and indices. 
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TABLE 4-1 Diverse Approaches to Diagnosing Aridity and Its Underlying PET Estimates 

Aridity Indices DescripƟon Source(s) 
De Martonne 
Index (IDM) 

IDM = P / (Tmean+10) 
P = mean annual precipitation (mm) 

T = mean annual temperature 

Djebou (2017)1, De 
Martonne (1926)2  

Erinç Index 
(IM) 

IM = P / Tmax 
P = mean annual precipitation (mm) 
Tmax = mean annual max temp (°C) 

Djebou (2017), Erinç 
(1965)3 

Budyko Index 
(AIB) 

AIB = R / LP 
R = mean annual net radiation at the surface 

P = mean annual precipitation 
L = latent heat of evaporation 

 0 < AIB ≤ 1.1 = humid (surplus moisture regime; steppe to 
forest vegetation), 1.1 < AIB ≤ 2.3 = semi-humid (moderately 
insufficient moisture; savanna), 2.3 < AIB ≤ 3.4 = semi-arid 
(insufficient moisture; semi-desert), 3.4 < AIB ≤ 10 = arid 
(very insufficient moisture; desert), 10 < AIB = hyper-arid 

Gao and Giorgi (2008)1, 
Budyko (1961)4, Djebou 

(2017) 

Aridity Index 
or UNEP 

Aridity Index 
(AI) 

AI = P/PET 
Berdugo et al. seem to just call AI (P/PET), as do Delgado-

Baquerizo, et al. Likewise for the UNEP aridity index. 
According to Djebou, this is the most widely accepted aridity 

index. 

Lian et al. (2021)5, 
Berdugo et al. (2020)6 

Delgado-Baquerizo et al. 
(2013)7, UNEP (1992), 

Djebou (2017) 

Sahin Index 
(IQ) 

IQ = P / Q 
P = mean annual precipitation (mm) 

Q = annual mean specific humidity (g/kg) 

Djebou (2017), Sahin 
(2012)8 

Emberger 
index 

“obtained by tracking the mean annual precipitation as well as 
the mean temperature of both the coldest and hottest months” 

Gavrilov et al. (2019)9, 
Emberger (1932)10 

FAO aridity 
index 

“the ratio between the total annual precipitation and potential 
evapotranspiration” 

Gavrilov et al. (2019), 
FAO (1977)11 

 

Megadroughts 

Megadroughts, unusually severe and persistent multidecadal drought relative to droughts 
of the instrumental period and typically identified in the paleoclimatic record, often via tree ring 
reconstructions and other proxies, add an additional complication (Cook et al., 2007; Woodhouse 
et al., 2010; Cook et al., 2022) (see also Box 2-2 on the ongoing megadrought). Scientists have 
learned a great deal about hydroclimate variability from investigating megadroughts; such work 
has revealed the historical low-frequency variability latent in hydroclimate and has helped clarify 
the drivers and consequences of past climate intervals, providing essential context for the present 
one (Woodhouse et al., 2010; Cook et al., 2022). But megadroughts blur the distinction between 
drought and its baseline: they are both a drought (relative to a centennial, or longer, timescale) 
and a climate baseline (for anyone experiencing them). The current quarter-century dry interval 
in the U.S. Southwest (shown in Figure 4-3) exemplifies this ambiguity: research has placed the 
current 20+ year interval as a megadrought rivaling the severity of those from the medieval 
period, and increasingly, indicating it is the climate to which the region must adapt (Williams et 
al., 2020, 2022a; Cook et al., 2022; Seager et al., 2023). The latter is clear from the sizable 
anthropogenic contribution Williams et al. (2022a) attribute, representing nearly 20 percent of 
the cumulative soil moisture deficit associated with the drought. 
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FIGURE 4-3 The development and attribution of the most severe and persistent droughts in 
Southwestern North America (SWNA) since 800 CE.  
NOTE: Panel a shows the time series of the top five most severe 22-year droughts in 
Southwestern North America, in terms of cumulative standardized soil moisture deficits. The red 
line highlights the magnitude of the 2000–2021 period as observed, versus how that event 
magnitude would have differed without anthropogenic climate change (ACC) as estimated using 
a 50-year low pass filter on the CMIP6 historical and SSP2-4.5 scenarios. Panel b contextualizes 
the 2000–2021 SWNA event relative to the most persistent droughts in the paleorecord in the 
region, again delineating the contributions of anthropogenic climate change via the difference 
between the red and blue lines. The blue ACC line is shorter than the red observed line in panel b 
because the drought would not have started until 2007 in the absence of ACC contributions. 
Shading, 95 percent CI for the reconstructed droughts.  
SOURCE: Williams et al., 2022a.  

Visualizing the Drought-Aridification Convergence 

One way to visualize how aridification and drought can converge is to track how the 
climatological aridity index (AI), defined as the ratio of potential evapotranspiration to 
precipitation, or PET to P, shifts over time relative to the aridity conditions that historically 
defined drought. While imperfect as a measure of the hydrologic state on the land, the aridity 
index is useful in that it grounds drought and aridification in the same physical framework: the 
long-term balance between atmospheric water demand (PET) and supply (P). Values near or 
above 1 indicate that demand approaches or exceeds supply, the energy-limited and water-
limited regimes that the Budyko framework formalizes (Budyko, 1961). Comparing a region’s 
recent climatological AI to its AI during historical severe-drought years, such as those defined in 
the USDM, offers a simple test of whether the background climate has begun to resemble the 
drought state itself (see Figure 4-4).  

Implementing this test across the continental United States shows a clear epoch change 
toward drier climatological conditions between 1980 and 1999 and between 2010 and 2024 (see 
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Figure 4-4A). These drier climatological AI values make the region look more drought-like; in 
fact, in the Western United States, 93 percent of grid cells analyzed show climatological 
movement toward the drought state, closing about half the gap between AI values during the 
1980–1999 period and the AI values during USDM-defined D2+ (or “severe”) droughts. A 
convergence of 100 percent would mean that the recent average climate has fully arrived at the 
historical severe-drought aridity; a convergence of 0 percent would mean no movement toward 
the drought state. The climatological background, in other words, is increasingly aridifying 
toward what would, under an earlier baseline, have been classified as drought. 

Conclusion 4-3: A stand-alone aridification product that tracks the local climatological 
water balance does not currently exist but is needed to help distinguish transient 
anomalies from secular climate trends in both the research and water planning 
communities. 

 

FIGURE 4-4 Aridification and drought convergence across the continental United States. 
NOTE: Panel A shows the change in the annual aridity index (AI = PET/P) between 2010 and 
2024 and between 1980 and 1999, where positive values indicate increasing aridity. Panel B 
shows the convergence of the climatological AI anomaly toward the USDM D2+ drought state, 
expressed as the percentage of the gap between early-period (1980–1999) and D2+ drought AI 
anomalies closed by the late period (2010–2024). The panel illustrates that climatological AI is 
converging on the AI during “severe” or worse drought events as classified by the USDM. 
Annual AI is computed as the ratio of annual PET to annual P totals at each 0.5° grid cell. D2+ 
years are defined as calendar years with 3 or more months of D2+ conditions at a given cell. 
Both panels show the ensemble mean across four independent dataset combinations (ERA5 and 
CPC precipitation; ERA5 and CRU TS Penman-Monteith PET), with stippling where fewer than 
three of four members agree on the sign of change. Across the Western United States, 93 percent 
of grid cells have moved toward the drought state, with a median convergence of 50 percent 
(ensemble range: 46–56 percent). The non-Western U.S. median is 14 percent. 
SOURCE: Committee analysis; data from the USDM, CPC, ERA5, and CRU. 

NONSTATIONARITY AND DECISION-MAKING  

Any set of fixed operational rules, legal regime, policy, infrastructure, or practices that 
encodes a static climate assumption can become maladaptive as the climate drifts from that 
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static-state assumption. Regional hydrologic infrastructure and water management regimes at 
various scales are designed to be optimal for a given baseline climate, from the size of reservoirs 
to legal agreements around rights allocations to expected runoff volumes and their seasonal 
timing. A drought management regime that is designed to rely on spring water deliveries from 
mountain snowpack, for example, may be able to buffer a single snow drought year, but may not 
be resilient to the year-on-year loss of water from seasonal snowpack owing to underlying 
nonstationarity from warming (Siirila-Woodburn et al., 2021). The vulnerability of any given 
decision regime to nonstationarity depends on how tightly coupled it is to a historical baseline 
and how quickly that baseline is shifting, relative to the system’s innate flexibility and its 
capacity to adapt. 

Drought classifications enter emergency management through statutory and 
programmatic triggers, such as emergency response plans, state-level disaster declarations, and 
federal compensation programs. As noted earlier, U.S. Department of Agriculture’s (USDA) 
Livestock Forage Disaster Program, or LFP, authorized under 7 CFR Part 1416, for example, ties 
rancher compensation to USDM drought classifications directly, and has paid out over $12 
billion in aid over the 2008–2022 period (USDA-FSA, 2018; Hrozencik et al., 2024). The same 
USDM thresholds underpin the USDA Secretarial disaster declarations, which trigger Farm 
Service Agency emergency loan access (7 CFR Part 759). Such decision structures are 
vulnerable to nonstationarity, as programmatic support can become decoupled from actual 
hydrologic conditions (Krueger et al., 2024). Hrozencik et al., (2024) show that a stationary 
assumption can lead to over- and underpayment of disaster assistance and can impose risk on 
future federal budgets. As climate drifts from a USDM baseline, percentile-based drought 
thresholds increasingly fail as a credible signal of who needs support and when, with 
consequences for trust in the federal programs built on top of them. 

California’s reservoir operations also illustrate how such coupling between climate and 
decisions can generate costs to drought management. Federal flood control rule curves require 
empty winter reservoir capacity to buffer from atmospheric river floods. Such rules are static, 
based on decades-old assumptions of seasonal flood risk magnitude and timing (Delaney et al., 
2020; Forbis and Ly, 2024; Jasperse et al., 2020). Under drought nonstationarity, an explicit 
trade-off between flood and drought management emerges: aridification makes stored water 
more valuable, but rule compliance means managers release water even though it will make 
warm-season drought management more costly. Moreover, the fixed flood risk profile from 
atmospheric river events may itself be influenced by nonstationarity, as storms become more 
intense and the snowfall fraction associated with them changes. The development of forecast-
informed reservoir operations (FIRO) has partially addressed this problem by replacing static 
rule curves with forecast-responsive reservoir operations. FIRO-based operations at Lake 
Mendocino, for example, helped yield an additional 20 percent in water storage during the severe 
2020 drought year (Delaney et al., 2020). The gap between what the old rules produced and what 
FIRO enables is a measure of the maladaptation cost of operating under stationary assumptions. 
That gap widens as the climate drifts further from the historical conditions that the rules were 
calibrated to. Documented examples of maladaptation at the water-user level include federal crop 
insurance disincentivizing farmer adaptation to extreme heat (Annan and Schlenker, 2015) and 
access to groundwater from the Ogallala Aquifer leading to a shift toward more water-intensive 
crops, increasing drought sensitivity in irrigated counties (Hornbeck and Keskin, 2014). 
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Conclusion 4-4: Nonstationarity erodes the utility of drought classification for emergency 
management while simultaneously increasing the maladaptation costs of drought 
assessment regimes that encode static climate assumptions.  

The Decision Implications of Distinguishing Drought from Aridification 

More broadly, the inability to reliably distinguish transient drought from secular 
aridification creates asymmetric risks for emergency management and adaptation. Whether better 
information improves decisions depends on whether institutions are positioned to act on it; the 
risks discussed below illustrate what might happen if they are not. If monitoring systems 
overstate aridification, decision-makers may interpret what is still a transient, reversible drought 
as evidence of a permanent hydroclimate shift, triggering costly and potentially irreversible 
adaptation investments (e.g., fallowing agricultural land, reengineering hydrologic infrastructure, 
or renegotiating allocation compacts) that are premature given the actual trajectory of water 
availability. Conversely, if the true pace of aridification is faster than monitoring products 
suggest, as could occur where land-atmosphere feedbacks amplify drying or where internal 
variability temporarily masks a forced trend, systems may remain locked in emergency 
management mode, cycling through repeated drought declarations and short-term relief rather 
than undertaking the structural adaptation that the persistent shift demands. Notably, emergency 
relief is generally offered to those affected, whereas structural adaptation is generally asked of 
those making adaptations, raising equity questions that are discussed in Chapter 9. 

In either case, the question confronting decision-makers is not only whether current 
conditions are anomalous, but how long the anomaly must persist before the appropriate 
institutional response shifts from emergency management (temporary conservation measures, 
disaster relief, short-term supply augmentation) to adaptation (permanent changes to 
infrastructure design standards, legal allocation frameworks, land use, and demand 
management). That threshold is system-specific and depends on the decision lifetime of the 
assets and institutions involved (Hallegatte, 2009; Smith et al., 2011): a seasonal crop decision 
may tolerate several years of ambiguity about whether conditions reflect drought or aridification, 
whereas a capital-intensive multidecadal reservoir investment or interstate compact renegotiation 
cannot. Long-lived infrastructure decisions with consequences spanning 50–200 years 
(Hallegatte, 2009) are particularly exposed, because the climate baseline in which they will 
operate may differ substantially from the one against which they were designed. Compounding 
this challenge is the maladaptation risk inherent in premature commitment: if a region adapts its 
water infrastructure to a drier baseline driven in part by multidecadal oceanic variability, and that 
ocean state subsequently reverses, the adaptation itself becomes a source of inefficiency or even 
harm.  

The Colorado River Compact offers an instructive case. The 1922 compact allocated 
water based on overly optimistic streamflow estimates from a wet early-twentieth-century 
period; however, alternative observational estimates and subsequent tree-ring reconstructions 
later revealed that the long-term mean flow was substantially lower than the allocation assumed 
(Kuhn and Fleck, 2021; Woodhouse et al., 2006). The resulting over-allocation has generated 
persistent structural water deficits that now interact with warming-driven aridification to 
compound the basin’s water crisis (Udall and Overpeck, 2017; Schmidt et al., 2023). The 
compact therefore locked in an institutional baseline calibrated to a transient wet anomaly rather 
than a true hydroclimate state, producing maladaptation whose costs have compounded over a 
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century. This is precisely the kind of path dependency that nonstationary drought assessment 
should help decision-makers avoid.  

The design challenge, then, is not simply to correct for PET biases in drought indices but 
to develop monitoring and assessment practices that help decision-makers distinguish the 
timescale and reversibility of the nonstationarity they face, thereby directing emergency 
management resources toward transient anomalies (drought) and adaptation investments toward 
persistent, forced trends. 

The federal disaster assistance case illustrates a specific channel through which this 
problem operates. If monitoring tools are calibrated to an outdated baseline, a producer 
experiencing genuine hardship may fall outside the thresholds that trigger federal disaster 
assistance, not because conditions are less severe, but because the classification system has not 
kept pace with the climate. A drought assessment framework resilient to nonstationarity must 
serve operational and long-term planning needs, or at the least, be clear about which decision-
types it is serving. As the National Integrated Drought Information System (NIDIS) technical 
memorandum on drought assessment concluded, the ability to distinguish temporary drought 
from long-term climate change is fundamental to directing resources toward the appropriate 
response: short-term conservation during episodic drought versus long-term adaptation to 
permanent change (Parker et al., 2023; Lisonbee et al., 2025). For planners, the distinction 
between forced and unforced nonstationarity becomes essential: a precipitation deficit driven by 
a Pacific Decadal Oscillation phase may reverse in coming decades, but one amplified by 
anthropogenic warming will not. Without making this differentiation visible, drought monitoring 
risks conflating emergency management with the broader challenge of hydroclimate adaptation 
(Mankin et al., 2021). The USDM residence time analysis in panel D in Figure 4-2 illustrates one 
element of this problem: when, over a multidecadal period, a location spends a large fraction of 
weeks in classified drought, the classification has, at minimum, ceased to identify emergencies in 
the percentile-anomaly sense it was designed to convey. Whether the underlying driver is forced 
and persistent, or unforced and recoverable, is a separate question that the residence-time pattern 
alone cannot answer. Resolving that question, and matching the institutional response to the 
timescale of the driver, is what the committee’s proposed framework will inform. 

Conclusion 4-5: The decision costs of drought nonstationarity are large and an 
assessment framework resilient to nonstationarity must serve both operational needs (i.e., 
reflecting true current conditions) and planning needs (i.e., the drivers and timescales of 
baseline changes), or be transparent about which aim it is serving. 

Recommendation 4-1: NOAA, NSF, NASA, and other science partners involved in 
the national drought assessment enterprise should prioritize scientific research into 
drought dynamics and aridification, including how climate variability and change 
influence the frequency, severity, duration, onset, intensification, and other aspects 
of drought needed to support relevant decision-making. The research should also 
prioritize improving approaches used to assess drought and aridification risks 
seasons to decades into the future.  
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EXISTING AND EMERGING APPROACHES FOR DROUGHT NONSTATIONARITY 

A growing body of research has sought to develop drought metrics to explicitly account 
for nonstationarity, and the findings and their limitations define the frontier for improving 
drought assessment. This section summarizes the current state of nonstationary drought analysis, 
considering factors like baseline selection, non-climatic drivers, and propagation of uncertainty. 

Baseline Selection as a Design Choice 

Selecting a baseline is as fundamental to drought monitoring as is selecting a drought 
index or variable. Both recognizing the baseline as an explicit decision-related design choice and 
being transparent about what it is should be the most basic practice for all drought classification, 
monitoring, and assessment going forward. While typical practice leverages fixed (often 30-year) 
baselines (Svoboda et al., 2002), a number of studies have shown that this choice impacts 
drought diagnosis (Hoylman et al., 2022; Li et al., 2024; Sung et al., 2024), with static baselines 
showing a consistent drying under aridification and rolling baselines underrepresenting long-
term shifts.  

The European Drought Observatory (EDO) systematically evaluated the impact of 
operational drought classification based on static versus nonstationary SPI baseline (Cammalleri 
et al., 2022). The tension the study engages is one very relevant to the present report, that of 
providing a stable benchmark versus providing a reliable estimate of event rarity. There is an 
imperative to accomplish both: to provide a consistent point of comparison between historical 
and present-day measurements so that an extreme drought represents the same physical water 
deficit on the one hand, and the need to provide an accurate probabilistic assessment of how 
likely or rare an event is relative to present-day conditions on the other hand. Nonstationarity 
creates tension between these two aims. Cammalleri et al. (2022) conclude that implementing a 
nonstationary SPI (nSPI) operationally would be too challenging and instead suggest adopting a 
rolling baseline that is updated every 5 years, a more rapid update schedule than the 10-year 
normals typically practiced by the World Meteorological Organization (WMO) and the EDO 
(Cammalleri et al., 2022). Such rapid updates of normals are not without precedent in the U.S. 
operational context: the National Oceanic and Atmospheric Administration’s (NOAA) Climate 
Prediction Center, for example, updates the base period for Niño 3.4 sea surface temperature 
anomalies every 5 years to isolate secular oceanic warming that would otherwise bias ENSO 
classification1 (L’Heureaux et al., 2012). On drought specifically, that this problem is already 
detectable in Europe where precipitation nonstationarity is generally weaker than in the 
American West, and where the dominant driver of drought intensification (temperature-driven 
increases in evaporative demand) is excluded from the SPI framework entirely, suggests that the 
operational challenge for indices incorporating temperature, such as the SPEI and Palmer 
Drought Severity Index, or PDSI, is likely more severe. As Lisonbee et al. (2024) note, drought 
index estimates are sensitive to reference period choice across multiple index families, 
reinforcing the conclusion that baseline selection is a design parameter with direct consequences 
for drought diagnosis, not a neutral methodological default. 

 
1 https://www.climate.gov/news-features/understanding-climate/watching-el-ni%C3%B1o-and-la-

ni%C3%B1a-noaa-adapts-global-warming, accessed May 23, 2026 
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Conclusion 4-6: Baseline selection is not a neutral methodological choice; instead, it is a 
design choice for drought-related decision-making and should be treated as such. 

Conclusion 4-7: Because baseline choice materially affects drought classification and the 
decisions it informs, drought monitoring products and decision-support tools should 
communicate the baseline used, its limitations under nonstationarity, and the 
implications for interpretation.  

Nonstationary Drought Indices 

Nonstationary drought indices, such as nSPI or nSPEI, have emerged to address some of 
these concerns. Methodologically, drought indices often rely on a parametric statistical 
transformation of the distribution to ensure that they are standardized in space and time. Such 
nonstationary indices, at their core, allow for the underlying distribution to vary in time (e.g., 
Russo et al., 2013), often relying on approaches like Generalized Additive Models in Location, 
Scale and Shape (GAMLSS) to model parameters as functions of drought covariates, such as El 
Niño, or other factors (Li et al., 2015; Wang et al., 2015; Bazrafshan et al., 2022; Shao et al., 
2022). Some studies have extended this to nonlinear covariate relationships, finding that the 
nonlinear dependence of distribution parameters on climate indices like ENSO, PDO, SAM 
(Southern Annular Mode), or DMI (Dipole Mode Index) can help to better represent drought 
dynamics than linear specifications.  

Nonstationary drought indices like nSPI (or SnPI as Russo et al., 2013, termed it), have 
considerable advantages over stationary equivalents. They can better reproduce observed rainfall 
variability and capture drought termination timing more accurately. The EDO evaluation 
confirmed this finding operationally: even where two successive static baselines broadly agreed 
with each other (1981–2010 versus 1991–2020), neither reliably tracked the true magnitude of 
nonstationary index values across its full period of use, and the gap widened in regions with the 
strongest precipitation trends (Cammalleri et al., 2022). 

LIMITATIONS OF EXISTING METHODS 

Most frameworks still treat drought as a primarily meteorological phenomenon and give 
limited attention to human water management, land cover change, or evolving demand, which 
can strongly modulate observed nonstationarity in hydrological and agricultural drought (Xu et 
al., 2023; Tomasella et al., 2023; Bazrafshan et al., 2022). Such factors would shape the 
timescales over which nonstationarity is corrected or accounted for. They are also the domains 
where drought decisions operate, such as the California reservoir operations considered above. 
The maladaptation of static flood control rule curves does not arise from the failure to update the 
SPI drought index quickly enough; it is a function of outdated operational rules now tasked with 
managing flood risks and ensuring sufficient water supply simultaneously in a shifting climate, 
as the FIRO case discussed above makes clear. On some level, nonstationary drought indices, 
however sophisticated, must also be grounded in their decision context around water provision 
and management over short emergency management and long planning timescales alike. The 
limitations of nonstationary drought indices catalogued below should be read alongside the 
limitations of conventional stationary indices, which are discussed in Chapter 5. Stationary 
indices share similar limitations (data gaps, structural uncertainty), face others more acutely 
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(retrospective framing, baseline-length trade-offs between sampling natural variability and 
reflecting current climate), and have been the implicit alternative against which nonstationary 
methods are being proposed. The discussion here focuses on the limits of nonstationary indices, 
not as a tacit endorsement of the stationary alternative but because they have been advanced as a 
response and warrant their own evaluation.  

Conclusion 4-8: Existing nonstationary drought indices represent an important 
methodological advance but also face limitations, including too narrow a focus on 
meteorological variables and limited engagement with the broader impacts of drought. 

Beyond this central gap other limitations are worth noting in nonstationary drought 
indices. First, covariate selection is ad hoc, with limited physical justification for linking specific 
climate modes or anthropogenic drivers to particular parameters, raising concerns about 
overfitting and extrapolation outside the historical range of the data (Slater et al., 2021; Ragno et 
al., 2019). Second, many existing studies impose relatively simple parametric forms (e.g., simple 
linear or low-order polynomial trends) on distribution parameters, which may not capture 
nonlinear responses, regime shifts, or the complex multidecadal modes that are evident in long-
term paleoclimate records and large ensembles (Sung et al., 2024), meaning they are 
insufficiently modeling the nonstationarity that the methods work to correct. Third, data gaps in 
long-term evapotranspiration, soil moisture, groundwater, and vegetation indicators, together 
with inconsistencies among reanalyses and models, introduce substantial structural uncertainty 
that is rarely propagated through to nonstationary drought risk estimates (Gebrechorkos et al., 
2025). Fourth, all of these nonstationary characterizations are retrospective, looking at the 
climate as it has been, rather than including future information about how the climate is trending. 
There is the possibility of centering a baseline on the current year and having that baseline span 
historical and future years, though there would be numerous decisions to be made to implement 
such a baseline choice. Such methodological and hydrological data gaps constrain progress 
toward a generalized, process-consistent framework for nonstationary drought analysis to meet 
emergency management and planning needs.  

More widely, a key limitation is a practical one: what aims should a drought 
classification and monitoring regime achieve? What do decision-makers most need? A drought 
monitoring regime should be simple to understand, transparent in its assumptions, reproducible, 
and decision-relevant, meaning it can separate short-term emergency management from long-
term planning. The limitation is that a single classification framework, such as the USDM, 
cannot achieve these aims at once, implying that more than one classification and monitoring 
regime might be necessary—one for emergency management, one for hydrologic adaptation. As 
noted above, nonstationarity creates a tension where one can either characterize how current 
conditions compare to the full period of record or assess how current conditions compare to 
present expectation.  

Addressing these issues will require closer integration of physically based process 
understanding with flexible statistical architectures, and more explicit treatment of baseline 
choice as a design parameter rather than a fixed assumption. 
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5 
Drought Assessment Data Sources and Nonstationarity 

Chapter 4 demonstrated how nonstationarity undermines drought assessment frameworks 
built on assumptions of a stable climate. It made the case for an assessment framework that 
serves both short-term operational needs and longer-term planning needs (or is transparent about 
which need it is meeting). Chapter 4 also made the case for treating baseline selection as a design 
choice rather than treating it as fixed. Chapter 5 builds on that foundation by discussing the 
various data sources that are used for drought assessment, with a particular focus on data needed 
to address drought nonstationarity for both short-term operational purposes and longer-term 
planning.  

Data sources and their various periods of record are foundational to the study statement 
of task, including those stated in the first bullet—How do current periods of record affect 
drought outlooks and predictions?—and the second bullet—Evaluate data sources currently 
used for drought assessment. What data will be needed to address nonstationarity?. As discussed 
throughout the chapter: 

 Current observations are particularly important as land use and land cover changes 
from conversions of forest to agriculture and many land cover types to urban uses. 
Data sources that are contemporary are most needed to characterize nonstationarity. 

 Continuous long-term observations are also important for preserving statistical 
diversity and establishing baselines for comparison.  

The discussion starts with the major issue of temporal baselines and periods of record, 
then turns to methods for extending and augmenting limited observational datasets. Chapter 
subtopics include considerations of spatial and temporal sampling, continuity of satellite Earth 
observation systems, the distinct data requirements for operational versus planning applications, 
and frameworks for evaluating the development of drought products. The chapter concludes by 
discussing multiproduct integration strategies, with particular examples of standardized soil 
moisture-derived indices that enable coherent synthesis across heterogeneous datasets. 
Ultimately, the chapter highlights how these data considerations directly serve the fundamental 
challenge, that is, drought assessment in a climate system that is no longer governed by historical 
precedent. 

DATA SOURCES AND REQUIREMENTS 
FOR UNDERSTANDING DROUGHT UNDER NONSTATIONARITY 

As demonstrated in Chapter 4, a central methodological imperative across all aspects of 
drought assessment under anthropogenic climate change is the adoption of dynamic reference 
periods that are regularly updated while maintaining parallel long-term baselines. This dual 
approach enables decision-makers to assess both contemporary drought severity relative to 
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current climate regimes and historical context relative to long-term variability. From data 
infrastructure and monitoring systems to impact assessment and forecasting frameworks, this 
strategy provides the foundation for drought management in a climate system no longer 
governed by historical precedent. The intensification of anthropogenic climate change has 
fundamentally undermined the assumption of stationarity in hydrological systems, which 
previously justified reliance on historical data records for the prediction and management of 
drought (Milly et al., 2008). This shift carries profound implications: observed changes in the 
probability distributions of precipitation, evapotranspiration, temperature, storage, and runoff 
directly affect water resources management, agricultural planning, and ecosystem resilience 
(Ehret et al., 2014; Sarhadi et al., 2018). The representation of nonstationarity through 
increasingly variable and extreme climate regimes demands an evolved approach to drought 
assessment that recognizes spatial and temporal shifts in both hazard and impact profiles (Ehret 
et al., 2014; Williams et al., 2022a). 

Accurate understanding and monitoring of drought under these evolving conditions 
require robust data infrastructures that are temporally consistent, spatially comprehensive, and 
methodologically traceable (Lisonbee et al., 2025). This challenge extends beyond simply 
accumulating large observational archives. Specifically, the reliability, quality, and temporal 
representativeness of these archives should be rigorously scrutinized, particularly as 
measurement platforms, methods, and standards evolve over time (Devasthale and Karlsson, 
2023; Popp et al., 2020). In recent years, modern drought science and assessment demand the 
integration and harmonization of multiple data streams, including traditional in situ 
measurements, satellite remote sensing, model reanalysis, and where feasible, paleoclimate 
reconstructions (Nandi and Biswas, 2024; Seo and Lee, 2019). 

Data Records and the Decline of Stationarity 

The concept of period of record, referring to the temporal span over which data are 
available and deemed representative for analysis, lies at the heart of drought assessment 
methodology (Sun et al., 2018). Traditionally, drought assessment has relied on long-term 
historical records to establish baselines and characterize the rarity of conditions, often drawing 
on the longest available period (e.g., 60+ years). This convention emerged from an era when 
climate variability was primarily understood through natural forcing mechanisms, supporting the 
conceptual foundation that climate statistics estimated from historical records could represent 
future conditions (Cammalleri et al., 2022).  

While 30-year climate normals established by the World Meteorological Organization 
(WMO) are widely used in climatology and have been applied in some drought contexts, longer 
records have generally been preferred where available, assumed to better capture extremes. 
However, under increasing nonstationarity, these long-term historical baselines may no longer 
provide a stable reference for assessing current-day drought conditions and risk. Specifically, 
fixed reference periods risk masking underlying nonstationary trends in drought‑relevant 
variables, failing to capture the increasing spread of drought extremes now emerging under 
climate change, and systematically underestimating contemporary drought risk (Schwarz et al., 
2025; Vélez-Nicolás et al., 2022). The challenge is particularly significant because the selection 
of baseline period fundamentally shapes drought detection, classification, and communication. A 
baseline drawn from earlier decades may classify current conditions as more anomalous than one 
drawn from recent decades, yet neither fully captures the trajectory of ongoing change. 
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On the other hand, this dilemma demands careful navigation between competing 
imperatives. Indeed, long observational records preserve statistical diversity, enable detection of 
rare extreme events, and provide context for assessing whether current conditions are truly 
unprecedented (Khan et al., 2022). Yet these long records blend different climatic regimes, 
potentially obscuring the emergence of new drought dynamics. Conversely, shorter records 
centered on recent decades are more relevant for contemporary decision-making and better 
reflect current climate states, but sacrifice statistical stability and may not capture the full range 
of natural variability (Gangopadhyay et al., 2022; Skiadaresis et al., 2021). 

Addressing these competing imperatives requires the adoption of regularly updated 
dynamic reference periods maintained in parallel with longer-term baselines (Gangopadhyay et 
al., 2022). This dual approach enables assessment of both contemporary drought conditions 
relative to current climate regimes and long-term context relative to the full envelope of 
historical variability. The necessity of this framework is particularly evident in regions like 
Western North America, where temperature-driven evaporative demand now likely dominates 
some components of drought severity more than precipitation deficits alone (Williams et al., 
2022a). In such contexts, relying solely on unmodified historical baselines provides misleading 
guidance for risk assessment, infrastructure design, and early warning systems. Regular updating 
of reference periods, paired with preserved access to longer records, thus represents a 
methodological imperative for drought assessment under anthropogenic climate change.  

Conclusion 5-1: Effective drought assessment under nonstationarity requires both long-
term observational records and contemporary high-resolution datasets. In situ 
observations like precipitation and streamflow may span over a century whereas more 
recent Earth observations are available only for a few decades. To better leverage 
multiple data sources for drought assessment under anthropogenic climate change, 
dynamic reference periods can be used that are regularly updated while maintaining 
parallel long-term baselines that preserve historical context.  

Recommendation 5-1: Federal agencies (such as USGS, NOAA/NWS, USDA, 
USCRN) operating in situ hydrological networks (streamflow, COOP, SCAN, 
SNOTEL, USCRN, and state‑operated hydrological and mesonet networks) should 
prioritize continuity of long-term datasets with strategic placement across diverse 
soil types, crop covers, topographic settings, climatic zones, and ecosystem types to 
capture the heterogeneity of drought response and strengthen standardized data 
archiving, quality control protocols, and open-access frameworks to facilitate 
seamless integration with satellite and model-based products.  

Extending Datasets Beyond Instrumental Limits 

The limited duration and spatial incompleteness of instrumental records fundamentally 
constrain some aspects of drought assessment, particularly for characterizing extreme events and 
low-frequency variability. Two complementary strategies that address these limitations are 
paleoclimate reconstruction and data assimilation frameworks. 

First, paleoclimate proxies, principally tree rings but also including lake sediments, 
speleothems, and other natural archives, extend drought histories across centuries to millennia 
(Zaw et al., 2020). These reconstructions reveal that the instrumental period, typically spanning 
100 to 150 years, captures only a limited sample of the drought variability possible within the 
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climate system. Western North American tree-ring networks, for instance, document 
megadroughts of multidecadal duration and severity unmatched in modern observations, 
fundamentally challenging risk assessments based solely on twentieth-century experience (Meko 
et al., 2007; Routson et al., 2011; Cook et al., 2004; Todd et al., 2025; Gangopadhyay et al., 
2022; Y. Zhang et al., 2022). The Colorado River Basin provides a stark example, in which 
streamflow reconstructions extending to the first millennium CE reveal second-century droughts 
that exceed both the current megadrought and well-documented medieval period droughts in 
duration and intensity (Gangopadhyay et al., 2022). 

The scientific value of paleoclimate reconstructions depends critically on the strength and 
temporal stability of proxy-climate relationships, adequate spatial replication of proxy networks, 
and rigorous validation against independent data sources (Khan et al., 2022; Zaw et al., 2020). 
Successful reconstructions typically explain 40–60 percent of instrumental drought variance, 
with skill increasing for longer temporal averaging periods. However, challenges persist, 
including potential nonstationarity in the proxy-climate relationships themselves, divergence 
between proxies and instrumental records in recent decades, and confounding influences such as 
historical land management practices that can modulate tree growth responses independent of 
climate (Skiadaresis et al., 2021). A further limitation is that many drought proxies are calibrated 
against the instrumental record, so their reconstructed variability is not fully independent of the 
underlying gauge‑based observations. Despite these complexities, paleoclimate data provide 
irreplaceable perspective on the range of drought variability that has occurred and may recur, 
cautioning against complacency based on limited modern experience. 

Second, data assimilation and reanalysis systems represent a fundamentally different 
approach to extending datasets across space and during the twentieth and twenty-first centuries, 
one that leverages physical understanding rather than empirical correlation (Popp et al., 2020; 
Vicente-Serrano et al., 2010). Products such as ERA5-Land, GLDAS, and NLDAS (see Table 5-
1) fuse heterogeneous observations with physically based land surface models to generate 
spatially complete, temporally consistent estimates of key variables including precipitation, 
temperature, soil moisture, evapotranspiration, and runoff (Muñoz-Sabater et al., 2021). This 
fusion propagates information from data-rich to data-sparse regions and periods, providing 
coherent fields that can be analyzed at user-defined spatial and temporal scales. 

ERA5-Land exemplifies the capabilities of modern reanalysis, e.g., hourly soil moisture 
estimates across four depth layers at 9 km resolution from 1950 onward, which enables detailed 
analysis of flash drought onset, agricultural moisture stress, and hydrological deficits across 
regions where ground networks are sparse or nonexistent (Muñoz-Sabater et al., 2021; Vicente-
Serrano et al., 2022). However, reanalysis products are not observations in the strict sense. They 
inherit biases from both the underlying models and the assimilated observations, and changes in 
observational networks over time can introduce spurious trends or discontinuities (Wu et al., 
2020). The reanalysis will depend more on its underlying model in cases when or where there are 
limited observational products. Careful validation against independent observations, explicit 
characterization of uncertainty, and transparent documentation of changes in input data streams 
are essential for responsible use of reanalysis in drought assessment. 

Temporal and Spatial Dimensions of Drought Observations 

The temporal and spatial resolution of drought data fundamentally shapes which 
processes can be observed and how they can be analyzed. This principle has been recognized in 
drought assessment for many decades, from early work such as Palmer’s Drought Severity Index 
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(PDSI) through more recent syntheses emphasizing the need to match indices and observations 
to process (Van Loon, 2015). 

Flash droughts exemplify the temporal dimension of this challenge. These events are 
characterized by rapid soil moisture depletion and rapid increase in evaporative stress, typically 
unfolding over days to weeks rather than months to seasons (Liu et al., 2021). Detecting and 
monitoring flash droughts requires high-frequency observations with minimal latency, meaning 
the data are updated quickly enough for operational use, capabilities that satellite systems 
increasingly provide but that traditional monthly climate summaries cannot support. Conversely, 
multidecadal infrastructure planning and water allocation frameworks require stable, long-term 
records that resolve low-frequency variability and persistent anomalies (Dai et al., 2024). The 
scaling from daily to monthly to seasonal aggregates fundamentally changes which processes 
dominate and which indicators prove most informative. 

This temporal scaling connects directly to the conceptual distinction between 
meteorological, agricultural, and hydrological drought. Meteorological drought, defined by 
precipitation deficits, typically manifests on shorter timescales and serves as the initiating 
condition for other drought types. Agricultural drought, defined by soil moisture deficits and 
plant water stress, emerges as meteorological deficits deplete root-zone moisture, typically over 
weeks to months. Hydrological drought, defined by streamflow and groundwater deficits, reflects 
integrated basin storage and release processes and therefore responds with delays relative to 
meteorological anomalies, often persisting long after precipitation returns to normal, as recovery 
of groundwater and reservoir storage may require sustained above-average precipitation (Dai et 
al., 2024). Multi-scalar drought indices computed over accumulation periods ranging from 1 to 
24 months enable explicit analysis of this propagation, revealing how meteorological anomalies 
translate into agricultural and hydrological impacts and how these relationships may be changing 
under nonstationarity (Dai et al., 2024; Liu et al., 2021). 

The spatial dimension presents equally fundamental considerations. In situ precipitation 
and streamflow networks provide high-quality, well-characterized measurements with long 
temporal records, making them indispensable for validation and calibration (S. Zhang et al., 
2018). Historically, gauge placement has been driven primarily by human water management 
needs, resulting in systematic bias toward large, perennial, heavily regulated rivers draining 
densely populated watersheds, while headwater streams, non-perennial rivers, and ecologically 
sensitive areas remain chronically underrepresented (Krabbenhoft et al., 2022). However, rain 
and streamflow gauge densities have declined in many regions due to funding constraints and 
operational challenges, creating spatial gaps that are particularly problematic in complex terrain, 
arid lands, and remote areas where drought vulnerability is often highest (Morsy et al., 2021). 
Certain ecosystem types, particularly headwater streams and small ungauged catchments, are 
therefore chronically underrepresented in monitoring networks, limiting assessments of drought 
impacts on the aquatic species and riparian habitats that depend on these systems. These gaps 
coincide with regions where spatial variability in precipitation, soil properties, and vegetation 
creates strong heterogeneity in drought response, making sparse networks especially limiting. 

In recent years, satellite remote sensing offers a complementary perspective, providing 
broad coverage with regular repeat observations (Gruber et al., 2019). The Global Precipitation 
Measurement mission delivers precipitation estimates at 0.1-degree resolution with latency of 
hours to months, enabling near-real-time monitoring of meteorological drought initiation at the 
low latency end of that range (S. Zhang et al., 2018). The Soil Moisture Active Passive (SMAP) 
mission provides surface soil moisture retrievals at 9 to 36 km resolution with 1- to 3-day latency 
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directly observing agricultural drought conditions (Entekhabi et al., 2010), while its downscaled 
product can be up to 400-m resolution (Fang et al., under review, 2025). The Gravity Recovery 
and Climate Experiment (GRACE) measures total terrestrial water storage at approximately 300 
km resolution with monthly updates, constraining groundwater depletion and long-term 
hydrological drought (Boergens et al., 2020). Each of these systems addresses specific spatial 
and temporal scales, and none alone provides complete drought characterization. 

The integration of satellite observations with ground networks and reanalysis systems 
requires careful attention to scale matching, bias characterization, and uncertainty quantification. 
Triple collocation methods enable estimation of random error (residual/deviation) variances 
across independent datasets without requiring a good standard reference, supporting informed 
combination of products with different error (residual/deviation) characteristics (Gruber et al., 
2019; Wu et al., 2020). Validation of large-footprint satellite observations against point 
measurements must account for spatial representativeness, with simulation studies indicating that 
ground sampling resolutions of 6 to 7 km or better are necessary to validate satellite soil moisture 
accuracy at required confidence levels over heterogeneous landscapes (Lv et al., 2020). These 
technical requirements underscore a broader principle: effective drought monitoring under 
nonstationarity demands multi-scale observation systems that span point measurements, regional 
networks, and global satellite coverage, with explicit frameworks for reconciling information 
across scales. 

Table 5-1 summarizes the characteristics of major data sources for drought monitoring, 
providing context for subsequent discussion of their integration. The diversity of coverage, 
resolution, latency, and limitations reflected in this table motivates the multiproduct integration 
strategies developed in later sections. 
TABLE 5-1 Characteristics of Representative Data Sources for Drought Monitoring and 
Analysis 

Data 
Source Variable 

Coverage, 
Resolution Latency 

Primary 
Applications Key Limitations 

GPM 
IMERG 

Precipitation Global, 0.1° 4 hours to 3 
months 

Meteorological 
drought, flash 
drought detection 

Terrain-related 
biases, challenges 
with snow-phase 
precipitation 

CHIRPS Precipitation 60N-S, 0.05° Approx. 3 
weeks 

Meteorological 
drought 

Land only, station 
data dependency, 
limited spatial 
coverage, wet 
season bias 

CHIRTS-
ERA5 

Temperatures 60S-70N, 
0.05° 

Approx. 6 
days 

Meteorological 
drought, flash 
drought detection 

Land only, station 
data dependency, 
limited spatial 
coverage 
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Data 
Source Variable 

Coverage, 
Resolution Latency 

Primary 
Applications Key Limitations 

SMAP L3 
Enhanced 
(not 
downscaled) 

Surface soil 
moisture (0-5 
cm) 

Global, 9–36 
km 

1 to 3 days Agricultural 
drought, 
operational 
monitoring 

Record begins 
2015, radio-
frequency 
interference in 
some regions 

ESA-CCI 
Combined 

Surface soil 
moisture (0-5 
cm) 

Global, 0.25° Archived, not 
real time 

Multidecadal 
trends, product 
intercomparison 

Lower accuracy 
during sensor 
transition periods, 
coarser resolution 

ERA5-Land Soil moisture 
(four layers), 
evapotranspira
tion, 
temperature 

Global land, 
9 km 

Approx. 5 
days 

Baseline 
climatology, gap-
filling, multi-layer 
analysis 

Wet bias in some 
regions, model-
dependent 
uncertainties 

GLEAM 
4.2a 

Surface and 
root-zone soil 
moisture, 
evapotranspira
tion 

Global land, 
0.1° 

Approx. 7 
days 

Evapotranspiration 
stress, agricultural 
drought 

Model-based 
rather than direct 
observation, input 
data dependencies 

GRACE / 
GRACE-FO 

Terrestrial 
water storage 

Global, 
approx. 300 
km 

Approx. 1 
week 

Groundwater 
drought, basin-
scale water 
balance 

Coarse spatial 
resolution, 
monthly temporal 
resolution 

NFDRS/RA
WS Fuel 
Moisture 

Fire fuel 
moisture (live 
and dead) 

United 
States, 
approx. 
1,700 
stations 

Daily to 
weekly 

Wildfire-drought 
linkages, 
ecosystem stress 

Limited to fire 
management 
zones, not spatially 
continuous 

USGS 
Streamflow 
(and State 
Networks) 

River 
discharge 

United 
States, 
approx. 
10,000 
gauges; 
limited 
spatial 
coverage of 
headwater 
areas 

Real-time Streamflow 
drought, water 
management 

Human influences 
(regulation, 
withdrawals), 
network gaps in 
some regions 
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Data 
Source Variable 

Coverage, 
Resolution Latency 

Primary 
Applications Key Limitations 

U.S. 
Drought 
Monitor 

Integrated 
drought 
classification 

United 
States, 
county scale 

Weekly Impact reporting, 
policy triggers 

Expert judgment 
introduces 
subjectivity, 
classification lag, 
uncertainty 
communication 

DATA NEEDS FOR DECISION-MAKING 

Drought data serve diverse stakeholders with fundamentally different temporal horizons, 
information needs, and tolerances for uncertainty. Therefore, understanding these distinct 
requirements is essential for designing observation systems and data products that effectively 
support both operational response and long-term planning. 

The evolution of drought monitoring capabilities in the Contiguous United States reflects 
a remarkable transformation from sparse point-based measurements to comprehensive multi-
sensor observation systems spanning 250 years (see Figure 5-1). Beginning with foundational 
observations including early ecological records (herbarium collections, General Land Office 
surveys from 1775), U.S. Geological Survey stream gauges (1889), and the Cooperative 
Observer precipitation network (1890), the monitoring infrastructure has expanded through three 
distinct technological eras. The first era is the in situ gauge era (late eighteenth century through 
early 1970s), dominated by long, continuous but spatially sparse point measurements of 
precipitation, streamflow, groundwater, and vegetation composition. The second era is the 
satellite remote sensing era (beginning in the 1970s with missions such as Landsat), which 
introduced spatially continuous mapping of land surface and vegetation conditions but with 
relatively limited hydrologic variable coverage and record length. The third and current era is the 
integrated multi-sensor Earth system era (from the early 2000s onward), in which satellite 
observations, global reanalyses (e.g., ERA5-Land), and dense in situ networks are combined into 
coordinated, multiproduct drought monitoring and modeling frameworks across the United 
States. Figure 5-1 illustrates the temporal coverage and spatial extent of major data sources 
across six hydrological components (precipitation, streamflow, evapotranspiration, soil moisture, 
groundwater, and vegetation), organized by measurement footprint from point observations (<1 
km²) through fine-resolution satellite products (<10 km²) to moderate-resolution reanalysis 
(<1×10³ km²) and coarse-resolution gravimetric systems (>1×10⁴ km²). This progression reveals 
both the opportunities and fundamental constraints that shape contemporary drought assessment 
under nonstationarity. While the post-2000 era provides unprecedented spatial coverage and 
variable diversity, enabling spatially explicit characterization of flash droughts, agricultural 
water stress, and vegetation response, historical trend analysis remains constrained to point-
based measurements with sparse spatial representation. The longest continuous records 
(precipitation networks: 135 years; stream gauges: 136 years; groundwater observing wells: 125 
years) provide invaluable temporal depth for detecting secular changes and characterizing low-
frequency variability, yet their point-based nature limits spatial attribution of observed trends. 
Early ecological records (herbarium collections, General Land Office surveys, historical 
phenology observations) extend this temporal perspective back 250 years but remain spatially 
discontinuous. Conversely, comprehensive satellite coverage (Moderate Resolution Imaging 
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Spectroradiometer [MODIS]: 25 years; SMAP soil moisture: 10 years; Sentinel-2: 10 years) 
enables detailed spatial analysis but provides limited statistical power for distinguishing climate 
trends from decadal variability. This temporal-spatial trade-off necessitates the multiproduct 
integration frameworks and standardized indices discussed in subsequent sections, which seek to 
reconcile historical depth with contemporary spatial breadth while accounting for nonstationarity 
in both climate forcing and observational systems. 
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FIGURE 5-1 Data source availability for drought assessment under nonstationarity: Contiguous 
United States (CONUS) Hydrological Observing Systems (1785–2025). 
NOTE: Spatial extent is encoded using four combined visual channels: bar color shading and 
opacity (darker and more opaque for finer resolution), hatching pattern (cross-hatch for point, 
diagonal lines for fine, none for moderate, dots for coarse), bar width (thicker bars indicate finer 
spatial footprint), and a right-side spatial extent panel with a log-scale axis (km²) and color-
coded zone bands (green: point, <1 km²; yellow: fine, <10 km²; orange: moderate, <10³ km²; red: 
coarse, >10⁴ km²). Green triangles denote data source initiation; red triangles indicate 
discontinued products.  
SOURCE: Marshall, S.R.O., et al. (under review) 2026.  

Continuity of Satellite Earth Observation Systems 

Satellite Earth observations have become foundational to operational drought monitoring 
since their initiation in the 1970s. Contemporary missions provide global coverage of 
precipitation (GPM-IMERG), vegetation status (MODIS, Landsat, Sentinel-2), soil moisture 
(SMAP, SMOS [Soil Moisture and Ocean Salinity]), terrestrial water storage (TWS) 
(GRACE/GRACE-FO), and evapotranspiration (GLEAM) from multiple platforms. These 
satellite records now span sufficient duration (i.e., up to 25 years for MODIS, 10 years for 
SMAP, and 23 years for GRACE) to characterize interannual variability and support operational 
decision systems. Yet this progress faces a critical vulnerability, in which many missions are 
approaching or have exceeded their designed operational lifespans. Gaps in continuity, 
particularly for missions such as GRACE, SMAP, and Landsat, would fundamentally 
compromise the ability to detect, attribute, and respond to drought under conditions of 
nonstationarity. Sustained, long-term funding for satellite Earth observation continuity is 
therefore essential, and mission overlap periods, in which successor satellites are launched and 
cross-calibrated before predecessor decommissioning, should be treated as operational 
requirements rather than planning aspirations. 

The Aqua satellite illustrates both the opportunity and the risk inherent in this 
dependence. The Aqua satellite, launched in 2002 with a design life of 6 years, has operated for 
over two decades while four of its instruments continue to deliver high-quality data on Earth’s 
water cycle (e.g., ocean evaporation and temperature, atmospheric water vapor, precipitation, 
snow cover) (Parkinson, 2022); Terra, launched in December 1999, similarly continues 
operations more than 25 years after launch with all five instruments still providing valuable 
observations on Earth’s biogeochemical and energy systems using five sensors that observe the 
atmosphere, land surface, oceans, snow and ice, and energy budget (Woodcock et al., 2023). 
SMAP, designed for a 3-year nominal mission, has operated for over 10 years and provides soil 
moisture data unique in accuracy and coverage for monitoring floods, droughts, wildfire, and 
food security; GPM, launched in 2014 with a 3-year design life, remains operational but faces 
fuel depletion around 2027 (Woodcock et al., 2023). An independent NASA Senior Review 
panel noted that these capabilities “greatly exceed the original missions for the sensors,” yet 
several flagship missions, including Terra, Aqua, and Aura, are “rapidly approaching 
passivation” (i.e., the removal of all stored internal energy), and securing funding to sustain 
missions beyond their design lives remains a persistent challenge (Woodcock et al., 2023).  

The consequences of mission discontinuity are not hypothetical; the approximately 1-year 
gap between the end of GRACE operations in October 2017 and the launch of GRACE Follow-
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On in May 2018 disrupted the TWS record, requiring statistical reconstruction methods to bridge 
the data gap (Humphrey and Gudmundsson, 2019; Li et al., 2020). More broadly, the United 
States lacks a systematic framework for identifying, prioritizing, and funding sustained Earth 
observations, with precipitation, soil moisture, streamflow, and snowpack among the variables 
without plans for continued satellite monitoring (KISS Continuity Study Team, 2024). These 
gaps between missions create discontinuities in time series that undermine trend analysis, 
degrade baseline characterizations, and introduce inconsistencies in operational drought 
classification systems such as the U.S. Drought Monitor (USDM), which synthesizes multiple 
satellite inputs. 

Similar continuity challenges arise for in situ streamflow observation networks. The U.S. 
Geological Survey and state cooperator stream-gauge programs have experienced cycles of 
expansion and attrition as funding priorities shift, leading to decommissioning of long-record 
stations and persistent gaps in headwater and small-basin coverage. Loss of gauges with 
multidecadal daily records reduces the ability to quantify trends in low flows and floods, detect 
nonstationarity in drought and flood frequency, and evaluate changes in baseflow and snowmelt 
timing at scales relevant for water management decisions. Stabilizing support for both 
benchmark reference gauges and operationally critical stations, and implementing transition 
strategies rather than abrupt site closures, is therefore essential to maintain a robust streamflow 
foundation for drought assessment. 

Conclusion 5-2: Many Earth-observing missions are approaching or have exceeded their 
designed operational lifespans (e.g., Aqua and SMAP) and several flagship missions are 
rapidly running out of energy. Gaps between missions (e.g., GRACE and GRACE 
Follow-On) create discontinuities in time series that undermine trend analysis, degrade 
baseline characterizations and assimilation in land models, and introduce inconsistencies 
in drought assessment and classification. Sustaining these critical Earth observations is 
essential for accurate and timely drought assessment.  

Recommendation 5-2: To ensure continuity and support proactive planning, NASA 
and USGS, in coordination with NOAA, should develop explicit mission succession 
strategies with multidecadal funding commitments to preserve critical Earth 
observation records, thereby avoiding gaps in records essential for drought 
detection and assessment. This includes incorporating explicit prelaunch cross-
calibration protocols with predecessor systems, overlapping periods enabling robust 
inter-sensor comparison, and prioritizing long-term homogeneity essential for 
detecting climate signals under nonstationarity.  

Operational Monitoring and Emergency Response 

Operational drought management, exemplified by systems such as the National 
Integrated Drought Information System (NIDIS) and the U.S. Drought Monitor, requires high-
frequency, spatially explicit information with minimal latency (Stahl et al., 2016; Vicente-
Serrano et al., 2022). The USDM (Svoboda et al., 2002), produced weekly through synthesis of 
multiple data sources and expert assessment, provides drought severity classifications that trigger 
agricultural assistance programs, water use restrictions, and disaster declarations (Hatami 
Bahman Beiglou et al., 2021). The operational value of such systems depends not only on 
accuracy but also on timeliness, interpretability, and consistency with established decision 
frameworks. 
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Recent advances have introduced machine learning approaches to automate and forecast 
drought classifications, reducing latency and enabling probabilistic predictions (Brust et al., 
2021). These methods leverage the principle that recent anomalies in hydrology and meteorology 
drive near-term changes in drought conditions, using recurrent neural networks to forecast 
USDM categories based on simulated meteorology and satellite-observed soil moisture. Such 
innovations point toward operational systems that provide continuous, probabilistic information 
rather than discrete classifications, better reflecting the inherent uncertainty in drought 
assessment and evolution (Hatami Bahman Beiglou et al., 2021). However, these approaches 
also introduce trade-offs. Because the algorithms are trained on historical examples, rare or 
unprecedented extremes may be underrepresented in the training data, leading to over-smoothing 
of outliers and reduced sensitivity to emerging regimes. Careful model validation against 
independent extreme events, transparent uncertainty characterization, and continued expert 
judgment therefore remain important companions to data-driven drought forecasts. 

Effective operational monitoring increasingly recognizes that physical indicators alone 
are insufficient, and that incorporating impact data, Traditional Ecological Knowledge (TEK), 
and local observations alongside hydroclimatic indicators helps ensure that monitoring systems 
reflect conditions experienced by communities, ecosystems, and land managers. The integration 
of impact data documenting observed consequences for water supply, agriculture, ecosystems, 
and human livelihoods provides essential validation that monitoring systems reflect real-world 
conditions rather than purely statistical anomalies (Enenkel et al., 2020; Stahl et al., 2016). This 
integration remains challenging due to the qualitative, heterogeneous nature of impact reporting, 
but initiatives such as the European Drought Impact Report Inventory and the U.S. Drought 
Impact Reporter have begun to systematize documentation, allowing quantitative analysis of 
relationships between physical indicators and societal consequences (Stahl et al., 2016). 

Long-Term Planning and Preparedness 

Long-term drought planning operates on fundamentally different temporal scales and 
information requirements than operational monitoring. Water resource planning models, 
infrastructure investment decisions, insurance programs, and regional adaptation strategies 
require stable baseline climatology, explicit quantification of uncertainty, and mechanistic 
understanding of drought processes rather than purely empirical relationships (Brunner et al., 
2020; Zhang, Cheng et al., 2025). 

The challenge of nonstationarity is particularly acute in this context. Planning 
frameworks traditionally rely on historical records to characterize the range of conditions that 
infrastructure must accommodate. Under a changing climate, however, historical records may 
systematically misrepresent future conditions (Schwarz et al., 2025), because the statistical 
properties of past droughts no longer reliably bound the range of conditions that infrastructure 
and water systems will face. Adjusting historical data to reflect current climate states, while 
preserving information about variability structure, is one approach to this problem; water 
resource planning models in California, for instance, have adopted methods that modify 
historical hydrology to account for contemporary temperature and evaporative demand while 
maintaining realistic spatial and temporal patterns (Schwarz et al., 2025). 

Climate change impact assessments provide forward-looking perspectives essential for 
long-term planning but introduce their own uncertainties. Ensemble projections and interannual 
to decadal predictions from multiple global and regional climate models span wide ranges of 
future drought frequency, severity, and duration (Xu et al., 2024). Model weighting approaches 
that account for both historical performance and inter-model independence have demonstrated 
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potential to reduce projection uncertainty by 26–31 percent for long-term future periods, 
providing more constrained guidance for adaptation planning than unweighted multi-model 
means (Brunner et al., 2020; Q. Zhang et al., 2025). However, even constrained ensembles retain 
substantial uncertainty, particularly for regional drought projections, underscoring the need for 
adaptive management strategies that can respond to evolving conditions. 

The integration of drought hazard information with exposure and vulnerability data 
represents another critical dimension of planning. Socioeconomic drought risk assessments 
require combining biophysical drought indicators with information on population distribution, 
agricultural land use, water infrastructure, economic dependencies, and other social, institutional, 
and cultural conditions that modulate adaptive capacity (Enenkel et al., 2020; Worku et al., 
2019). This integration enables identification of populations and sectors at greatest risk and 
supports targeting of preparedness investments and adaptation assistance. 

EVALUATION FRAMEWORKS FOR DROUGHT PRODUCTS 

The expansion and improvement of satellite missions, climate models, reanalysis 
systems, and derived drought products over recent decades provides unprecedented observational 
capacity but also presents challenges for product selection and interpretation. Rigorous, 
transparent evaluation frameworks are essential for characterizing product performance, 
identifying conditions under which particular products excel or struggle, and supporting 
informed integration of multiple products (Beck et al., 2021). As introduced earlier for the World 
Meteorological Organization’s (WMO) drought evaluation framework, such structured 
approaches provide a template for systematically assessing emerging satellite and model‑based 
drought products. 

Direct validation against in situ measurements remains the foundation of product 
evaluation where such data are available (van der Velde et al., 2021; Wu et al., 2020). For soil 
moisture products, this typically involves comparison of satellite retrievals or model estimates 
against ground-based sensors, quantifying bias, correlation, and error (residual/deviation) 
magnitude. However, direct validation faces inherent challenges related to scale mismatch 
between point measurements and satellite footprints, spatial representativeness of ground 
networks, and temporal alignment of observations (Wang et al., 2021). Careful experimental 
design, including consideration of sensor placement, spatial sampling density, and temporal 
averaging, is required to ensure that validation results reflect product performance rather than 
scale incompatibilities. In the Western United States, these challenges are particularly acute in 
forested terrain, where in situ soil moisture observations beneath canopy are sparse and provide 
limited constraint for calibrating satellite and modeled estimates. Recent U.S. Forest Service 
efforts to measure and model soil moisture in complex terrain, and to develop a coordinated soil 
moisture monitoring network with standardized soil profile characterization at sensor locations, 
illustrate ongoing progress toward addressing these gaps. 

In data-sparse regions or where no single gold-standard reference exists, hierarchical 
validation methods become essential. Triple collocation analysis, which estimates random error 
(residual/deviation) variances across three independent datasets under assumptions of 
uncorrelated errors, enables global scale intercomparison without requiring absolute truth 
(Gruber et al., 2019). Application of triple collocation to SMAP, SMOS, and ASCAT soil 
moisture products confirmed SMAP’s generally superior performance with root mean square 
errors near 0.040 m3/m3 compared to 0.107 for SMOS, though regional variations are substantial 
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(Wu et al., 2020). Such analyses support ensemble construction and weighting strategies that 
leverage complementary strengths across products. 

Temporal consistency represents another critical evaluation dimension, particularly for 
products intended to support trend analysis or change detection. Climate data records must 
maintain stable bias characteristics and error distributions over time to enable reliable 
identification of decadal signals above instrument drift and calibration effects (Popp et al., 2020). 
The Global Climate Observing System has established stability requirements ensuring that long-
term trends can be distinguished from spurious artifacts, and recent work demonstrates that 
multi-sensor climate data records can meet these targets when retrievals and ancillary datasets 
are harmonized across sensor transitions (Devasthale and Karlsson, 2023). For drought 
assessment under nonstationarity, where distinguishing secular trends from natural variability is 
significant, temporal consistency is as important as instantaneous accuracy. 

Cross-product consistency evaluation, examining agreement across independent products 
in both space and time, enables identification of structural deficiencies and supports optimal 
information combination (Beck et al., 2021; Fang et al., 2024). Regions or periods where 
multiple independent products agree provide higher confidence in assessed conditions than those 
where products diverge. Systematic analysis of disagreement patterns can reveal underlying 
causes, such as retrieval challenges in specific land cover types, model biases under particular 
meteorological conditions, or inadequacies in observational networks that affect assimilation 
systems (van der Velde et al., 2021). This diagnostic capacity supports both product 
improvement and informed user decisions about which products to use in which contexts. 

Integration Pathways toward Multiproduct Drought Assessment 

The preceding sections have established that nonstationarity challenges traditional 
drought assessment approaches, that diverse data sources offer complementary perspectives but 
individual limitations, and that rigorous evaluation frameworks can characterize product 
performance. These foundations motivate a fundamental question: how can heterogeneous 
drought data (including TEK and local observations) be coherently integrated to provide more 
reliable, comprehensive assessment than any single product alone? Operational tools such as the 
U.S. Drought Monitor illustrate how combining quantitative indicators with expert judgment and 
locally derived knowledge can yield assessments that are both scientifically grounded and 
responsive to conditions experienced on the ground. 

Multiproduct integration strategies have emerged as a central focus of modern drought 
science, driven by both necessity and opportunity (Beck et al., 2021). Necessity arises from the 
recognition that no single data source is optimal across all regions, timescales, and drought types. 
Opportunity arises from the proliferation of satellite missions, reanalysis systems, and impact 
and knowledge sources, including TEK and local experience that provide overlapping but 
complementary information. Effective integration must address several challenges: reconciling 
different spatial and temporal resolutions, accounting for distinct measurement physics and error 
(residual/deviation) characteristics, harmonizing across different periods of record, and 
transforming diverse physical quantities onto comparable scales. 

The evolution of satellite soil moisture datasets exemplifies both the opportunity and the 
challenge. ERA5-Land is a land surface reanalysis product that estimates four-layer volumetric 
soil moisture at 9 km resolution from 1950 onward based on atmospheric inputs to the land 
model, offering temporal depth and vertical structure essential for understanding root‑zone 
dynamics and long‑term trends (Muñoz-Sabater et al., 2021). However, as a reanalysis product, it 
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inherits model biases and uncertainties. SMAP L3 Enhanced provides surface soil moisture at 9 
km resolution with exceptional accuracy from 2015 onward, offering high-quality recent 
observations but limited temporal depth (Abbaszadeh et al., 2019; Entekhabi et al., 2010). 
GLEAM 4.2a provides both surface and root‑zone soil moisture at 0.1‑degree resolution from 
1980 onward through a model‑based water balance that assimilates satellite surface soil moisture 
observations, which are closely related to or derived from the European Space Agency Climate 
Change Initiative (ESA‑CCI) soil moisture record, offering intermediate temporal coverage and 
explicit root‑zone estimates (Miralles et al., 2011). The ESA-CCI provides harmonized 
multidecadal surface soil moisture from 1980 onward at 0.25-degree resolution through merging 
of active and passive microwave retrievals, offering the longest satellite-based record but with 
lower accuracy during sensor transition periods (Gruber et al., 2019). 

Each of these products has distinct strengths, e.g., ERA5-Land for long temporal 
continuity, SMAP for accuracy and low latency, GLEAM for root-zone perspective and 
evapotranspiration linkage, ESA-CCI for multidecadal trends and sensor intercomparison. 
However, effective integration must leverage these complementary strengths while mitigating 
individual weaknesses. The fundamental challenge is that these products report different physical 
quantities (e.g., surface versus root-zone moisture, different depth integrations), use different 
units (volumetric versus percentage of saturation), and have different error (residual/deviation) 
characteristics and climatology. Direct averaging or comparison is therefore inappropriate 
without transformation to a common framework. 

Implementation for Multiproduct Synthesis 

This subsection summarizes a practical workflow for combining multiple soil moisture 
products into standardized indices, rather than presenting a new case study, and highlights how 
the resulting ensemble can improve drought monitoring under nonstationarity. Practical 
implementation of standardized soil moisture indices for multiproduct drought assessment 
follows a systematic workflow designed to enable both individual product analysis and ensemble 
synthesis. For each product (ERA5-Land, SMAP L3 Enhanced, GLEAM, ESA-CCI), soil 
moisture time series are extracted for relevant layers and locations. Rolling temporal means are 
computed for accumulation periods of 1, 3, 6, 9, 12, and 24 months, transforming instantaneous 
observations into timescale-specific indicators that align with meteorological, agricultural, and 
hydrological drought processes (Dai et al., 2024; Liu et al., 2021). 

Both Soil Moisture Index (SMI) and Empirical Standardized Soil Moisture Index 
(ESSMI or, more commonly, ESMI) are computed for each product, layer, and accumulation 
period using a fixed baseline period of 1991 to 2020. This 30-year baseline aligns with WMO 
standards and provides sufficient sample size for stable distribution estimation while focusing on 
recent climate conditions relevant to contemporary drought assessment (Cammalleri et al., 2022). 
The standardization transforms heterogeneous soil moisture values onto a common standard 
normal scale, allowing direct comparison across products despite differences in measurement 
physics, spatial resolution, units, and climatology. 

The resulting standardized indices support multiple integration pathways. Individual 
product indices can be analyzed to assess product-specific drought signals, revealing where and 
when each product indicates anomalous conditions. Cross-product comparison identifies regions 
and periods of agreement and disagreement, with concordance across multiple independent 
products increasing confidence in drought classification (Beck et al., 2021). For example, if 
ERA5-Land, SMAP L3 Enhanced, GLEAM, and ESA-CCI all show very low ESMI values at 
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the 3‑month accumulation period for the same region and time, the ensemble signal supports 
classifying conditions as severe soil moisture drought with higher confidence than any single 
product alone, whereas disagreement flags areas where additional scrutiny or local information is 
needed. Thus, ensemble averaging or weighted integration based on product performance metrics 
from validation studies can provide synthesized drought indicators that leverage complementary 
strengths across products while mitigating individual weaknesses (Gruber et al., 2019; Wu et al., 
2020). 

The dual-index approach, computing both SMI and ESMI, provides valuable diagnostic 
information beyond drought monitoring itself. Convergence between the empirical and 
parametric indices indicates that the mathematical distributional assumption underlying SMI is 
reasonable for the location, season, and timescale under consideration. Divergence, particularly 
in the distribution tails where extreme droughts reside, signals non-Gaussian behavior that may 
reflect complex soil moisture dynamics, retrieval challenges, or model biases warranting further 
investigation (Carrão et al., 2016; Palagiri and Pal, 2024).  

Multiproduct integration using standardized indices addresses several critical challenges 
in operational drought monitoring under nonstationarity. First, it reduces dependence on any 
single product, mitigating impacts of sensor failures, data gaps, or product-specific biases that 
inevitably affect individual systems. Second, it enables incorporation of products with different 
temporal coverage, allowing long-term reanalysis products to provide climatological context 
while short-term satellite products contribute high-accuracy recent observations. Third, it 
facilitates detection of emerging drought conditions through ensemble agreement, where 
concordance across multiple products provides confidence that observed anomalies reflect real 
conditions rather than product-specific artifacts (Fang et al., 2024). 

The standardized indices also support analysis of drought propagation across the water 
cycle, a process that may be changing under nonstationarity (Dai et al., 2024). By computing 
indices at multiple accumulation periods, the transition from short-term meteorological drought 
to longer-term agricultural and hydrological drought can be quantified and monitored. Changes 
in propagation timescales, which recent research suggests are occurring in some regions as 
temperature-driven evaporative demand alters the coupling between precipitation deficits and 
soil moisture depletion, can be detected through analysis of cross-timescale relationships in 
standardized indices (Dai et al., 2024; Van Loon, 2015). 

Conclusion 5-3: Land models and reanalysis systems provide spatially continuous, 
temporally consistent estimates of drought-relevant variables, but inconsistencies in 
long-term trends and anomaly magnitudes across different models complicate their 
integration in operational monitoring and, more critically, undermine confidence in 
distinguishing climate-driven changes from model structural artifacts under 
nonstationarity.  

Recommendation 5-3: To improve model-based drought product interoperability 
and compatibility, NOAA and NASA, in collaboration with the broader 
hydrological modeling community, should establish guidance on standardized 
modeling output specifications and model multiproduct integration and validation 
methods. Additionally, to strengthen attribution of observed drought changes to 
climatic drivers, NOAA and NASA should support intercomparison studies 
quantifying model-to-model uncertainty under diverse climatic and land surface 
conditions.  
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Synthesis and Looking Ahead 

Drought assessment under nonstationarity demands data infrastructures that are 
temporally consistent, spatially extensive, and methodologically sophisticated. The erosion of 
stationarity necessitates careful selection of assessment periods that balance statistical stability 
with contemporary relevance, thoughtful extension of observational records through 
paleoclimate reconstruction and reanalysis, and explicit attention to temporal and spatial 
sampling considerations that match observation systems to drought processes of interest. 
Operational monitoring requires high-frequency, low-latency data with clear interpretability, 
while long-term planning demands stable baselines, quantified uncertainty, and mechanistic 
understanding of drought drivers and propagation pathways. 

The proliferation of satellite missions, reanalysis systems, and derived drought products 
over recent decades provides unprecedented observational capacity but also presents challenges 
for product selection, evaluation, and integration. No single data source is optimal across all 
regions, timescales, and drought types. Effective drought assessment therefore requires 
multiproduct integration strategies that leverage complementary strengths while mitigating 
individual weaknesses. Although this section focuses on soil moisture, similar standardization 
approaches can be applied to other drought-relevant variables such as precipitation, 
evapotranspiration, and terrestrial water storage. Standardized soil moisture indices, particularly 
the ESMI developed by Carrão and colleagues (2016) and the SMI proposed by Palagiri and Pal 
(2024), provide rigorous frameworks for transforming heterogeneous datasets onto common 
analytical scales that enable direct comparison, ensemble synthesis, and probabilistic 
interpretation. 

These integration approaches represent necessary evolution in drought science, enabling 
assessment systems that are more reliable, transparent, and resilient to individual product failures 
or gaps than any single-product approach. The methodological foundations, comparative 
analysis, and implementation strategies detailed in this chapter provide a basis for operational 
application and continued research refinement. Subsequent chapters will demonstrate these 
methods through case studies, spatial analyses, and temporal trend assessments, illustrating how 
multiproduct integration enhances both scientific understanding and operational capacity for 
drought assessment in a climate system no longer governed by historical precedent. 
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6 
Drought Indicators, Indices, and Nonstationarity 

This chapter evaluates how drought indicators and indices are constructed and used under 
climate nonstationarity, with emphasis on key analytical choices (data, timescales, statistical 
standardization, and reference periods). It examines how those choices alter drought 
classification and uncertainty, considers system-specific interpretation and offers 
recommendations for transparent documentation and risk-aligned decision support. 

DROUGHT INDICATORS AND INDICES 

The present chapter considers the diagnostic measures and methods used to quantify, 
monitor, and assess drought, as well as how nonstationarity undermines or complicates these 
efforts. Diagnostic measures used in drought assessment, whether called indicators, metrics, or 
indices, aim to capture features of drought to allow for a delineation of its characteristics 
(magnitude, extent, duration), as well as their comparison across time and/or space. Because 
drought is multivariate in nature (often integrating meteorological, hydrological, and climatic 
processes on different timescales; McKee et al., 1993; McKee et al., 1995), it can be assessed 
using many variables (see Chapter 5), any one of which could offer a different perspective on a 
drought event, its drivers, or the responses of the ecohydrological/social system. Sometimes 
these measures agree; for example, when runoff and soil moisture exhibit coincident declines. 
Sometimes they do not; for example, when groundwater levels are at or above “normal” despite 
ongoing precipitation deficits. Furthermore, the timescale over which these measures are 
computed may flip the directionality of the same drought index (e.g., 30-day precipitation 
accumulations may be greater than normal, while 60-day aggregations are less than normal). As 
such, drought monitoring and assessment have pragmatically adopted a convergence-of-
evidence–type approach (discussed in the “Convergence of Evidence” section below), 
assimilating multiple sources of drought information in making a claim about drought status and 
its features and impacts.  

The most basic form of drought information is the indicator: a raw variable or parameter 
that describes a hydrometeorological state such as precipitation, temperature, soil moisture, 
streamflow, or groundwater level (Svoboda and Fuchs, 2016). Indicators require expert 
knowledge to interpret within a local climatic context or may be used to reflect extreme 
conditions in absolute terms (e.g., streamflow of 40 cubic feet per second, CFS, or a daily high 
temperature of 104°F). Alternatively, a drought index (or indices) is a computed numerical 
representation of drought severity (Svoboda and Fuchs, 2016) derived from an indicator(s). A 
drought index typically seeks to represent current conditions relative to some expectation (such 
as precipitation percent of normal) and are most often presented in standardized units (such as 
percentiles or quasi-gaussian standard normal deviations) in order to align with common 
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thresholds defining drought severity (see “From Indicators to Indices: The Role of 
Standardization and Drought Severity Thresholds” section below). Numerous drought indices are 
used worldwide and constitute the most common tools employed in operational drought 
assessment (Svoboda and Fuchs, 2016).  

The design of any drought index involves a series of analytical choices that determine 
how information about climate anomalies is translated into a quantitative depiction of drought 
severity or other characteristics, such as onset, termination, and spatial and temporal extent. 
These choices include (1) the variables/data source selected, (2) the spatial and temporal 
resolution of data, (3) the timescale used to analyze a hydrometeorological indicator, (4) the 
statistical framework applied to describe departures from normal conditions, and (5) the 
reference period used to define those normals. All of these analytical choices are critical in 
current operational drought assessment frameworks and can have significant implications for the 
perception of drought severity for any given region or time period.  

As an example, drought severity (and/or recovery) will appear quite different if assessed 
using precipitation deficits versus groundwater anomalies (i.e., variable selection) due to the 
temporal lag in drought propagation through the hydrologic system (see Figure 2-1). While both 
depictions provide a lens through which drought conditions can be assessed, they ultimately 
represent different drought drivers impacting different systems or sectors. Furthermore, the same 
variable from different datasets can yield different depictions of drought based solely on the 
accuracy and/or bias of one dataset over another (Trenberth et al., 2014). As such, the datasets 
and variable(s) chosen to construct drought indices have a major impact on how drought is 
represented. Reconciling these differences can be a real challenge for the drought assessment 
practitioner (discussed in the “Convergence of Evidence” section below).  

The spatiotemporal resolution of data can also affect interpretation: spatially coarse 
datasets can smooth local extremes and obscure strong environmental gradients, while high-
resolution gridded or station data may reveal spatial heterogeneity critical for local management 
decisions (Mardian, 2022). An example of this spatial complexity is the presence of markedly 
different soil moisture states within the same agricultural field or along a single hillslope 
(Western et al., 2002; Vergopolan et al., 2022). While high-spatial-resolution data may be 
valuable for local analysis, regional drought assessment systems typically operate at coarser 
spatial scales, creating a practical trade-off between local detail and regional consistency. 
Furthermore, high-resolution datasets are generally more difficult to produce in near-real time, a 
constraint that can limit their integration into operational drought assessment frameworks. 
Similarly, the temporal resolution of the data, whether (sub)daily, weekly, or monthly, can 
emphasize either rapid-onset droughts (Otkin et al., 2018) or slow, cumulative deficits 
(Sreeparvathy et al., 2025). In this sense, resolution choices are not merely technical decisions or 
explicit dataset constraints, but they also affect which processes, impacts, and risks are most 
relevant to capture in a given assessment. 

The timescale over which drought conditions are analyzed affects drought severity 
interpretation. Shorter timescales (e.g., 20 days) may better capture shallow soil moisture 
(Hoylman et al., 2024) or rapidly evolving flash drought dynamics where conditions deteriorate 
quickly (Otkin et al., 2018), whereas longer timescales (e.g., 365 days) highlight cascading 
hydrologic impacts deeper into the critical zone (Baez-Villanueva et al., 2024). This sensitivity 
reflects differences in system memory, whereby drought signals propagate and persist over 
different timescales across hydrological, ecological, and social systems (Van Loon et al., 2024).  
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The statistical framework used to define drought severity shapes how drought severity is 
interpreted, whether drought severity is based on a fitted probability distribution (e.g., 
parametric) or on empirical transformations (see, for example, the Standardized Precipitation 
Evapotranspiration Index [SPEI] and the Evaporative Demand Drought Index [EDDI] 
formulations; Beguería et al., 2014; Hobbins et al., 2016, respectively). This complexity arises 
from decisions about which probability distribution is most appropriate for the variable of 
interest and/or how empirical probabilities should be estimated from finite samples. In the case 
of parametric approaches, substantial research has examined which probability distributions are 
most appropriate for specific hydroclimatic variables (Vicente-Serrano et al., 2010; Vicente-
Serrano et al., 2012; Stagge et al., 2015; Vicente‐Serrano and Beguería, 2016), yielding robust 
scientific debate over appropriateness and uncertainty (discussed further in the “Uncertainty in 
Drought Indices” section below). Regardless of the specific distribution chosen, parametric 
approaches estimate drought severity as a function of both rarity and magnitude (e.g., departure 
from normal), allowing standardized values to reflect how extreme an event is relative to the 
parameterized distribution. Alternatively, some empirical, rank-based approaches represent 
severity based on the ordering of observations, explicitly constraining the possible range of 
severity by the number of observations in the reference period (Wilks, 2011). As a result, the 
most extreme (e.g., driest) observation within a reference period will map to the same 
standardized value regardless of its absolute magnitude, rendering these approaches insensitive 
to the extremeness of outliers beyond their rank. This feature may be advantageous in some 
cases, as for when a significant outlier “pulls” a parameterized distribution away from the true 
distribution impacting estimates of probability elsewhere in the indicator space (e.g., sample 
uncertainty, discussed further in the “Uncertainty in Drought Indices” section below), but may 
also obscure the severity of a given event.  

Once these analytical choices are specified, computation of a drought index requires 
defining the historical context, commonly referred to as a reference period, against which current 
conditions are evaluated (see Chapter 4). This step is foundational: it establishes what is 
considered normal and therefore anchors the probabilities, rankings, and categorical thresholds 
used to define drought severity to a specific historical period. Unlike many other analytical 
choices, reference period selection anchors statistical drought characterization to a specific 
climate history, effectively defining assumptions about (non)stationarity, uncertainty, and risk.  

The choice of reference period has many considerations, including whether specific 
historical events should be incorporated and/or how to tailor the reference period to suit the 
purpose of a specific drought assessment. For example, should the 1930s Dust Bowl be used to 
contextualize contemporary droughts or should a more recent climatic normal be used? Do 
certain sectors/systems require different reference periods to produce a relevant drought 
assessment? How should considerations about system-specific dynamics (such as adaptive 
capacity, vulnerability, and exposure) be captured? The answers to these questions depend on the 
intent of any specific assessment framework or process and the context they wish to reflect. As 
climate conditions evolve, the assumptions embedded in these choices become increasingly 
important. Choices about variables, scales, statistical methods, and reference periods collectively 
shape how drought is interpreted, compared, and acted upon.  
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ANALYTICAL CHOICES UNDER NONSTATIONARITY 

While not every analytical decision in drought assessment explicitly assumes a stationary 
climate, most are influenced by expectations of relative stability in the underlying hydroclimate 
system. As a system evolves, with rising temperatures, shifting precipitation regimes, and 
changes in land and water management, those expectations become less reliable (see Chapter 4). 
Past research suggests that nonstationarity can alter which variables most effectively capture 
dryness, the temporal and spatial scales at which anomalies emerge, the most relevant timescales 
for analysis, the statistical methods used, and the utility of historical records as benchmarks for 
current or future conditions. In some cases, such as fitting probability distributions in order to 
standardize indicators, the assumption of stationarity is explicit, and failing to account for 
changing conditions directly violates the statistical foundations of these methods (Milly et al., 
2008). At the same time, acknowledging nonstationarity does not eliminate the need for, nor 
invalidate the value of, drought indices; rather, it underscores the importance of constructing 
those indices in ways that preserve interpretability while better reflecting evolving conditions. 
The following sections examine how nonstationarity may affect some of the analytical choices 
that are present in the formulation of any drought index.  

Nonstationarity may alter how variables are chosen and interpreted in drought assessment 
(Vicente-Serrano et al., 2025). Historically, drought assessment has often relied on precipitation 
deficits as a primary signal of onset and severity, although Wilhite and Glantz (1985) argued 
decades ago that drought cannot be fully understood through precipitation alone. This is 
especially true now in a warming world, where the processes that govern water availability and 
ecosystem response are changing rapidly (Zhuang et al., 2024). Rising temperatures and 
increased atmospheric evaporative demand, for example, amplify the role of energy-driven 
processes in drought development (Gebrechorkos et al., 2025), particularly for agricultural, 
ecological, and snow-dominated hydrological systems (Vicente-Serrano et al., 2020; Vicente-
Serrano et al., 2025; Udall and Overpeck, 2017). How these atmospheric anomalies translate into 
drought severity depends on the dynamic state of hydrologic storage, shaped by catchment 
memory and responses to prolonged drought (Van Loon et al., 2024; Chen et al., 2025). 
Atmospheric indicators therefore capture potential stress, while hydrologic and ecological 
variables (such as soil moisture, streamflow, and vegetation indices) reflect how that stress is 
buffered, propagated, or amplified through the land surface and biosphere under real-world 
management and storage constraints. As a result, drought indicators that capture changing 
meteorological drivers and interactions, integrate multiple variables, or explicitly estimate 
hydrological and ecological states will become more valuable to quantify the impacts of 
nonstationarity on drought dynamics. One illustration of this shift is the growing use of 
operational soil moisture models for drought monitoring (White and Case, 2014; Green et al., 
2021; Gibbons et al., 2023) and recognition of their superiority over traditional drought indices 
for predicting soil moisture drought (Hoylman et al., 2024). Compared with purely 
meteorological indices, these products can provide near-real time estimates of subsurface 
conditions and implicitly integrate antecedent forcing, reducing reliance on manually selected 
accumulation timescales and better aligning indicators with agricultural and ecological impacts. 

Nonstationarity also complicates both the selection and interpretation of timescales in 
drought metrics and indices. In many regions, hydroclimate is becoming more variable 
(Stevenson et al., 2022), with shifts in intensity of precipitation events (Lamjiri et al., 2020) and 
changing seasonality (Zhang et al., 2021). Traditional indices such as the Standardized 
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Precipitation Index (SPI; McKee et al., 1993) begin by aggregating daily (or sub-daily) 
precipitation over fixed windows, or timescales (e.g., 30 days), and then comparing those totals 
to a historical reference distribution (defined by the reference period) for the same accumulation 
period. Under changing (nonstationary) event dynamics, however, two 30-day periods with 
identical precipitation totals can correspond to very different hydrologic realities: a few short, 
high-intensity storms may generate substantial runoff and limited infiltration, whereas persistent, 
lower-intensity rainfall may more effectively recharge soil moisture and shallow groundwater 
(i.e., effective precipitation). From the perspective of the index (SPI), these periods are identical, 
yet they can pose very different risks for crops, ecosystems, and water supply. As nonstationarity 
alters storm intensity, intra-seasonal variability, and processes such as infiltration and snow–rain 
partitioning, fixed accumulation windows calibrated under past conditions may no longer align 
with the dominant mechanisms governing drought impacts. Choosing timescales in a 
nonstationary climate therefore requires explicit consideration of changing event dynamics, 
including concepts such as effective precipitation, the emergence of flash drought and the 
response times of the system of interest, rather than relying solely on historically conventional 
windows for meteorological, agricultural, or hydrologic drought. 

Finally, the choice of reference period plays a central role in contemporary drought 
assessment when using traditional drought indices in a nonstationary world, yet remains an area 
where practices vary considerably (Hoylman et al., 2022; Lisonbee et al., 2025). Because 
traditional probabilistic methods assume that the underlying distribution of a climate variable is 
stationary through time (Milly et al., 2008), the period selected to estimate that distribution 
directly influences how drought severity is quantified. Shorter, more recent reference periods 
tend to reflect contemporary climate conditions and may better represent current expectations of 
normal (Hoylman et al., 2022). However, shorter records reduce the number of samples available 
for estimating the parameters of a probability distribution, increasing statistical uncertainty, 
particularly for the higher order moments of a distribution (Guttman, 1994). Longer periods of 
record provide greater confidence in statistical parameterization but implicitly assume that the 
underlying climate system has remained stable, which may no longer be (or may never have 
been) valid in regions undergoing change. Therefore, while longer records may reduce statistical 
uncertainty in parameter estimation mathematically (under the assumption of stationarity), they 
can do so at the cost of accurately representing the climate regime relevant to present-day 
drought risk. The appropriate balance between statistical robustness and climate relevance likely 
depends on the rate, or velocity, of change in the variable of interest.  

Under nonstationarity, this trade-off becomes consequential because shifts in 
precipitation and atmospheric demand distributions can cause long reference periods to blend 
past and contemporary climate conditions in ways that distort the perceived severity of current 
events (see Figures 6-1 and 6-2). In some regions, drought may appear more severe than 
warranted from a contemporary perspective where conditions have trended drier, or less severe 
where the climate has become wetter (Hoylman et al., 2022; Sofia et al., 2024; Nie et al., 2025). 
From a risk perspective, this matters because the reference period defines the benchmark against 
which hazard, exposure, and vulnerability are interpreted. When that benchmark lags behind the 
evolving climate or the adaptive capacity of the system of interest, drought metrics may no 
longer reflect contemporary risk. For this reason, reference periods in a nonstationary climate are 
best treated as adaptable parameters, selected intentionally and reevaluated as conditions and 
decision contexts evolve, rather than fixed climatologies assumed to remain valid over time. 
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Figures 6-1 and 6-2 illustrate one practical way to visualize nonstationarity in drought-
relevant climate variables using moving 30-year climatologies. In each example, the left panels 
summarize how July to September normals, defined as the median value (and the inter-quartile 
range [IQR] represented as whiskers) of a summed parameter over the 3-month timescale given a 
30-year reference period, evolve over time for precipitation, reference evapotranspiration (ETo; 
based on the Penman Montieth approach), and the resulting potential water balance (P − ETo). 
These are the key components of the SPEI, and in this case represent the underpinnings of a 3-
month SPEI formulation. The right panels show how the full generalized (log) logistic 
distribution of potential water balance (Beguería et al., 2014) shifts as the reference window 
advances through time (one year at a time). Together, the figures highlight that nonstationarity 
can manifest in different directions depending on place: Blaine County, Idaho, shows a clear drift 
toward drier conditions (declining precipitation, rising ETo, and an increasingly negative water 
balance, or deficit), whereas Palm Beach County, Florida, trends toward wetter summer 
conditions overall (increasing precipitation, relatively constant ETo and an increasingly positive 
water balance). In both cases, the shifting probability distributions emphasize that drought 
characterization is sensitive not only to changes in the central tendency, but also to how the 
frequency and severity of anomalies evolve as the normal climate itself moves (e.g., changes to 
the higher statistical moments, or tails, of the distribution). For example, the same deficit of -510 
mm in Blain County, Idaho, would be classified as a D3 (Extreme Drought representing a ~1 in 
20-year event) using the 1961–1990 reference period, but only represent a D1 (Moderate 
Drought representing a ~1 in 8-year event) based on the 1991–2020 reference period. 
Alternatively, in Palm Beach County, Florida, the same deficit of -26 mm would be classified as 
a D1 (Moderate Drought representing a ~1 in 10-year event) using the 1961–1990 reference 
period, but represent a D3 (Extreme Drought representing a ~1 in 34-year event) based on the 
1991–2020 reference period. These differences have potentially significant implications for 
drought response and relief efforts, especially those programs directly triggered by thresholds, 
such as the Farm Service Agency’s Livestock Forage Disaster Program (LFP; 7 U.S.C. § 90811). 
More discussion of drought thresholds can be found in the “Drought Severity Thresholds” 
section below.  

 

 
1 https://uscode.house.gov/view.xhtml?req=(title:7%20section:9081%20edition:prelim) 
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FIGURE 6-1 Nonstationary drought trends in Blaine County, Idaho, based on moving rolling 
30-year climatologies reference periods.  
NOTE: Rolling 30-year medians with whiskers representing the inter-quartile range (IQR) of 
July–September total precipitation, reference evapotranspiration (ET₀), and potential water deficit 
(P − ET₀) show declining moisture supply, increasing atmospheric demand, and intensifying 
deficits since the mid-20th twentieth century (left). Shifting probability density functions of 
potential water deficit (right) illustrate a systematic drift toward drier conditions across 
successive 30-year periods, highlighting how nonstationarity alters drought characterization 
relative to fixed historical baselines.  
SOURCE: Committee-generated, based on data from the from the TerraClimate dataset 
(Abatzoglou et al., 2018). CC BY 4.0. 
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FIGURE 6-2 Nonstationary drought trends in Palm Beach County, Florida, based on moving 
30-year climatologies.  
NOTE: Rolling medians with whiskers representing the inter-quartile range (IQR) of July-
September total precipitation, reference evapotranspiration (ET₀), and potential water deficit (P − 
ET₀) indicate increasing moisture supply alongside relatively constant atmospheric demand, 
resulting in a net shift toward wetter conditions over time (left). Probability density functions of 
potential water deficit (right) shift systematically toward wetter states across successive 30-year 
periods, illustrating how nonstationarity can alter drought characterization relative to fixed 
historical baselines.  
SOURCE: Committee-generated, based on data from the from the TerraClimate dataset 
(Abatzoglou et al., 2018). CC BY .4.0 

Beyond adapting reference periods for a changing climate, a growing body of work has 
pursued the development of explicitly nonstationary statistical formulations for drought indices. 
These approaches relax the assumption that the parameters describing a probability distribution 
are fixed in time by allowing one or more parameters (e.g., location, scale, or shape) to vary as 
functions of covariates such as time, temperature, climate modes, or anthropogenic influences. 
Generalized Additive Models for Location, Scale, and Shape (GAMLSS; Rigby and 
Stasinopoulos, 2005) provide a flexible framework for this purpose, enabling drought indices 
(including SPI and SPEI among others) to be reformulated under nonstationary probability 
models (e.g., Wang et al., 2015; Rashid and Beecham, 2019; Bazrafshan et al., 2022; Li et al., 
2026). In these formulations, drought severity remains probabilistically interpretable, but 
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probabilities are conditioned on evolving conditions rather than a fixed historical baseline (see 
Figure 9-3 as an example of this approach). Applications have shown that nonstationary indices 
can alter estimates of drought duration, severity, and termination, in some cases suggesting the 
occurrence of more frequent but shorter events compared to stationary counterparts (Bazrafshan 
et al., 2022). While such methods offer a more sophisticated way to account for nonstationarity, 
they represent a practical implementation challenge, introducing additional modeling choices, 
computational burden, data requirements, and interpretive complexity, underscoring the need for 
transparency and careful alignment between method, decision context, and risk tolerance.  

Conclusion 6-1: Reference periods under the context of nonstationarity should be treated 
as adaptable parameters, updated or reevaluated as conditions change and/or flexible to 
apply to specific systems and decision framework, rather than fixed climatologies 
assumed to remain valid over time.  

Recommendation 6-1: NOAA, USDA, USGS, affiliated regional climate centers, and 
national drought assessment partners such as the National Drought Mitigation 
Center (NDMC) should develop flexible methods to examine drought information 
with different reference periods in consultation with drought data providers, 
practitioners, and end users. This could include producing multiple datasets 
concurrently using different reference periods (e.g., the last 30 years, the most 
recent climate normal period, and the full period of record) or enabling dynamic 
generation of drought indices using user-defined reference periods. In doing so, 
methods should balance flexibility for system-specific applications with the need for 
consistent, transparent, reproducible, and comparable assessments of drought 
conditions across space and time. 

 DROUGHT SEVERITY THRESHOLDS 

Drought indices, while valuable for their inherent probabilistic interpretability, are often 
translated into categorical classifications to facilitate communication with stakeholders and 
support decision frameworks that prefer discrete thresholds (such as the convergence-of-
evidence approach described below). Table 6-1 extends Table 2-1 and presents a classification 
scheme that partitions the standard normal scale (as well as percentiles) into drought categories 
(note: these can be extended symmetrically to pluvial classes as well). This scheme is used 
commonly by the U.S. Drought Monitor (USDM), the North American Drought Monitor 
(NADM), and other international drought monitoring efforts.  
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TABLE 6-1 A Modified Drought Classification Schema for the USDM Drought Categories 

Category Description 

Example 
Percentile Range 

for Most 
Indicators 

Values for Standardized 
Precipitation Index and 

Standardized Precipitation-
Evapotranspiration Index 

 Normal or wet conditions x > 30 x > -0.524 

D0 Abnormally Dry 30 ≥ x > 20 -0.524 ≥ x > -0.842 

D1 Moderate Drought 20 ≥ x > 10 -0.842 ≥ x > -1.281 

D2 Severe Drought 10 ≥ x > 5 -1.281 ≥ x > -1.644 

D3 Extreme Drought  5 ≥ x > 2 -1.644 ≥ x > -2.054 

D4 Exceptional Drought x < 2 x < -2.054 

NOTE: This table follows the drought classification framework used by the U.S. Drought Monitor but expresses the 
standardized thresholds using mathematically exact normal-distribution quantities rather than rounded 
approximations. This distinction is important because commonly used rounded values (e.g., -1.6 or -2.0) do not 
correspond exactly to the stated percentile thresholds under a standard normal distribution and can therefore produce 
slight inconsistencies in drought classification.  
SOURCE: Adapted from the U.S. Drought Monitor. 
(https://droughtmonitor.unl.edu/About/AbouttheData/DroughtClassification.aspx) The U.S. Drought Monitor is 
jointly produced by the National Drought Mitigation Center at the University of Nebraska–Lincoln, the United 
States Department of Agriculture, the National Oceanic and Atmospheric Administration, and the National 
Aeronautics and Space Administration. Map courtesy of NDMC. 

Standardized drought thresholds are useful because they offer a common way to classify 
droughts and make their severity more interpretable by the public. They also aid practitioners in 
interpreting how severe a given event is based on many lines of inference and diverse datasets 
(see “Convergence of Evidence” section below). These categories are also used to describe how 
rare a drought event is, and therefore, inform people on how they might conceptualize disaster 
response and/or preparations for future events. For example, a standardized drought index value 
of -2.054 indicates conditions expected to occur approximately 2 percent of the time under the 
reference climatology, or roughly once every 50 years. If impacts occur during a sufficiently rare 
event such as this, it may be sensible that response efforts focus primarily on disaster mitigation. 
In contrast, if impacts occur during much more common events (say ~1 every 10 years), a focus 
on adaptation may be of merit. This recurrence interval framing supports risk communication 
and enables a simpler understanding of the probabilistic likelihood of any particular event.  

Classification thresholds gain operational meaning through calibration against observed 
impacts in specific sectors and regions (see Chapter 7). For example, Moderate Drought (D1) 
thresholds might be associated with reduced surface water availability that affect outdoor 
recreation (such as fishing closures) or water diversions, whereas Extreme Drought (D3) 
thresholds may correspond to declining groundwater levels in wells or disruptions to municipal 
water supply. In hydrological applications, thresholds may be linked to streamflow or reservoir 
storage percentiles, while agricultural applications often calibrate drought categories relating soil 
moisture percentiles to crop stress or yield losses (Stahl et al., 2016). This calibration process 
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connects standardized statistical measures to real-world consequences, enhancing the relevance 
and interpretability of drought classifications for decision-makers. In many drought management 
plans, this relation between drought categories, impacts, and action are used for important 
decisions, like declaring emergencies, providing disaster aid, restricting water use, or supporting 
farmers.2  

Under nonstationarity, however, these probabilities should be interpreted with caution: if 
the climate system is changing, the frequency of extreme conditions may differ from that implied 
by historical baselines (see Figures 6-1 and 6-2), a fundamental challenge that underscores the 
importance of regular baseline updates and parallel analysis using multiple reference periods. 
Therefore, when reference periods are updated to reflect contemporary climate conditions (and, 
by extension, contemporary return intervals), the historical relationship between drought 
categories and observed impacts may weaken, reducing the reliability of past impact analogs for 
present-day decision-making. At the same time, changing reference periods do not eliminate the 
possibility that the absolute magnitude of dryness may intensify under climate change. Even if 
percentile-based classifications are recalibrated to reflect contemporary conditions, warming-
driven increases in atmospheric demand and shifts in precipitation regimes may produce 
physically drier conditions than those experienced historically. In this sense, the same physical 
conditions may be classified as less rare under updated baselines even as the absolute conditions 
driving dryness increase (see Chapter 9). 

Figure 6-3 illustrates that drought severity classifications derived from standardized or 
percentile-based thresholds (see Table 6-1) are not solely a function of short-term variability but 
are strongly shaped by the underlying climate dynamics and the choice of reference period. Here, 
drought classifications shown in the right panels are derived from the distribution of the 
simulated drought indicator in the left panels using an expanding reference climatology. 
Following an initial 30-year baseline, drought categories for each subsequent year are computed 
relative to the longest period of record available at that time. For example, drought classes 
assigned in year 40 are based on a 40-year reference period, whereas classifications in year 100 
are based on the full 100-year record. This approach mirrors common recommendations 
(Guttman, 1994; Svoboda and Fuchs, 2016) in which drought severity is evaluated against the 
longest available historical context (period of record), while also illustrating how evolving 
baselines interact with nonstationary climate behavior to influence drought frequency and 
severity. 

 
2 See, for example, https://drought.mt.gov/response-actions. 
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FIGURE 6-3 Synthetic examples illustrating how nonstationarity influences drought 
characterization under a percentile-based classification framework.  
NOTE: Daily time series (left panels) show simulated “drought indicator” values representing a 
variable of interest over a 100-year period, with a seasonal reference signal (black line) overlaid 
to highlight changes in the underlying hydroclimate. Right panels summarize annual days in 
drought by category (D0–D4) using parametric percentile-based thresholds consistent with the 
U.S. Drought Monitor schema, along with cumulative percentages of time spent in drought over 
the final 10 years. Panels illustrate (A) stationary climate variability, (B) a linear drying trend (-
0.02 standardized units per year), (C) a repeating decadal oscillation, and (D) increasing 
variability through time.  
SOURCE: This figure is adapted from Nie et al. (2025), but modified to (i) extend the simulation 
period from 30 to 100 years; (ii) apply an expanding reference climatology with a minimum 30-
year baseline; (iii) express drought classification using percentile-based metrics based on the 
expanding climatology rather than fixed reference distributions highlighting how evolving 
baselines affect drought frequency, severity, and interpretation under nonstationarity; and 
(iv) evaluating the impact of an oscillating climate forcing (panel C) compared to a shift in 
seasonality. CC BY-NC 4.0. 
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In the stationary case (panel A), drought categories occur with frequencies broadly 
consistent with their nominal probabilistic definitions and expectations, and the cumulative time 
spent in drought remains stable over time. In contrast, nonstationary conditions fundamentally 
alter how often thresholds are met. Under a linear drying trend (panel B), increasingly large 
portions of the distribution fall into drought categories as time advances, leading to systematic 
inflation of drought frequency and severity even though the same percentile-based thresholds are 
applied. The result is a frequency and duration of classified drought conditions that far exceed 
the expected nominal probabilistic definitions. The decadal oscillation case (panel C) 
demonstrates how internally driven low-frequency variability can generate pronounced, episodic 
clustering of drought categories without a long-term trend; note that the range of the oscillation 
shown in the graphic may be greater than in most observed variables. Finally, increasing 
variability alone (panel D) increases the frequency of both moderate and extreme drought 
classifications by widening the distribution, despite no change in the mean state.  

In fact, there is evidence that changing drought frequency and severity classifications in 
the presence of static percentile-based thresholds are already becoming a challenge for federal 
drought disaster assistance programs. For the U.S. Department of Agriculture’s (USDA) 
Livestock Forage Disaster Program, simulations show that federal government expenditures on 
the program are projected to increase by 45 to 135 percent by 2100 due to more frequent 
triggering of the USDM-based eligibility thresholds when using common drought methods 
(Hrozencik et al., 2024), imposing risk on future federal budgets. If the metrics used to classify 
drought in the LFP are updated to reflect nonstationary conditions, the projected federal 
expenditures would also be reduced. However, such updates would also modify the frequency 
with which producers qualify for payments under the same absolute conditions, underscoring the 
need to distinguish between episodic drought disasters and longer-term adaptation challenges in 
regions where severe dry conditions are becoming increasingly common. 

In practice, all of these behaviors (and combinations thereof) may be expressed across 
space, time, and indicators. For example, some locations or variables may exhibit relatively 
monotonic changes in the mean state, as illustrated in panel B, while others may be dominated by 
internally driven low-frequency variability associated with regional or large-scale climate modes, 
as in panel C. At the same time, these signals may be superimposed on changes in variability 
alone (panel D), which alter the shape of the underlying distribution without shifting its mean. 
Furthermore, changes to mean state or variability (similar to panel B or D) may occur in 
nonlinear ways, exacerbating this problem over time. When combined, trends, oscillations, and 
changes in variance (among other manifestations of nonstationarity) modify the probabilistic 
structure of drought indicators in complex ways, affecting the frequency, duration, and severity 
of threshold exceedances. As a result, the interpretation of standardized or percentile-based 
drought classifications becomes increasingly contingent on both the nature of the underlying 
climate dynamics and the reference framework used to define normal conditions. These 
considerations underscore the need for the drought community to align definitions of drought for 
various monitoring intents and systems of interest in order to ensure consistency across analysts 
and alignment with the broader value structures of society. 

FROM INDICATORS TO INDICES: THE ROLE OF STANDARDIZATION 

Standardization provides a framework for integrating heterogeneous drought indicators 
across variables, products, regions, and timescales. However, any standardized index reflects 
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implicit decisions about the underlying datasets, reference periods, and statistical methods that 
shape how drought severity is ultimately perceived. Beyond transforming raw data into 
comparable units, standardization also offers an opportunity to make the underlying analytical 
choices in drought assessment transparent and consistent. When decisions such as reference 
period selection or statistical formulation (e.g., parametric vs. nonparametric methods) vary 
across datasets or practitioners, drought severity estimates can diverge even when based on 
similar (or even the exact same) underlying information. Explicitly documenting and, where 
appropriate, harmonizing these choices can therefore improve consistency and comparability 
across drought assessments. 

Standardization has become a core organizing principle in drought monitoring because it 
enables diverse indicators to be expressed on comparable probabilistic scales (e.g., percentiles or 
standard normal units). The SPI popularized this approach for precipitation anomalies and helped 
establish a widely adopted framework that has since been extended to many other drought-
relevant variables (McKee et al., 1993; Svoboda and Fuchs, 2016). However, while the outputs 
of drought indices are often standardized, many of the analytical choices that shape those outputs 
remain inconsistently applied or insufficiently documented (Laimighofer and Laaha, 2022).  

This inconsistency matters operationally because it can hinder synthesis, obscure 
uncertainty, and complicate communication with decision-makers as drought monitoring systems 
expand to incorporate many indices (Zargar et al., 2011; AghaKouchak et al., 2015; Mukherjee 
et al., 2018). For example, commonly cited papers underpinning the derivation of SPI suggest 
that “sample sizes of at least 60 should be used to estimate the tails of a distribution; the smaller 
the sample size, the more unreliable the probabilities become” (Guttman, 1999; based on 
Guttman, 1994). This suggestion is then echoed in international recommendations (WMO, 
2012): “Ideally, one needs at least 20–30 years of monthly values, with 50–60 years (or more) 
being optimal and preferred (Guttman, 1994).” In practice, adopting a “full period of record” 
approach across station or gridded products may violate assumptions of stationarity and can yield 
spatially inconsistent effective reference periods where record lengths vary. One example of this 
is data from neighboring meteorological stations that may be standardized against markedly 
different climatological contexts (e.g., ~30 vs. ~100 years), leading to classification differences 
that arise from arbitrary differences in data record lengths rather than hydroclimatic conditions.  

Importantly, standardization should not be interpreted as a guarantee of uniformity, 
objectivity, or correctness. While standardized methods place diverse indicators on a common 
scale, they do not eliminate the need for judgment about which variables, timescales, and 
reference periods are appropriate for a given system or decision context. The diversity of 
analytical choices involved in drought index computation therefore underscores the importance 
of transparent documentation and reporting of these decisions. These challenges are further 
amplified in a nonstationary climate, where departures from assumed stationarity can cause 
standardized metrics to misrepresent contemporary risk when reference periods or distributional 
assumptions are no longer valid. Standardization therefore functions best as a facilitating 
framework rather than a prescriptive solution, but only when assumptions are well documented. 
It enables comparison, synthesis, and communication, but must be complemented by explicit 
consideration of nonstationarity, system-specific sensitivity, and adaptive capacity, as well as 
decision intent of the analyst.  

Ultimately, choices about how and what to standardize implicitly encode judgments 
about which systems and impacts matter most, making standardization not only a technical 
exercise but also a reflection of societal priorities and risk tolerance. When used in this way, 
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standardized methods can support diverse drought assessment approaches and risk-based 
interpretation, while still allowing flexibility to adapt methods as climate conditions and 
management needs evolve. Here, transparency can be achieved via explicit documentation of 
data provenance, reference period design, distributional assumptions, parameter estimation 
methods, handling of zero or censored values, and any adjustments for nonstationarity or 
uncertainty. Without such documentation, differences among standardized drought products may 
reflect methodological artifacts rather than true differences in hydroclimatic conditions. 

Conclusion 6-2: Strengthening standardization around analytical methods, reference 
period design, and metadata transparency is a necessary step toward more consistent, 
reproducible, and risk-aligned drought assessment in a nonstationary climate. 

Conclusion 6-3: Transparent documentation of analytical methods, reference periods, 
and uncertainty is essential for ensuring that drought metrics are interpretable, 
comparable, and appropriately applied as climate conditions evolve.  

Recommendation 6-2: NOAA, USDA, USGS, and affiliated regional climate centers, 
in coordination with academic and practitioner communities, should develop and 
adopt shared standards for documenting and publishing metadata associated with 
drought metrics, including methods, reference periods, and uncertainty. 

CONVERGENCE OF EVIDENCE 

Once the array of analytical choices needed to define drought indices are determined (and 
documented), the exercise of drought assessment can begin. The convergence-of-evidence 
approach used in operational drought assessment reflects the recognition of both the multivariate 
nature of drought and the practical reality that no single measure can capture all relevant drivers 
or depictions of abnormal water availability across different systems, timescales, and regions. 
Convergence of evidence allows practitioners to differentially weigh specific indicators and 
indices reflecting different types of droughts simultaneously (e.g., meteorological, agricultural, 
hydrological, ecological, and socioeconomic drought), recognizing that different drought impacts 
manifest depending on context. 

A key strength of the convergence-of-evidence approach is its flexibility and conceptual 
simplicity. It enables drought assessments to incorporate diverse data sources with differing 
spatial and temporal resolutions, modeling approaches or sector-specific foci, and generate 
assessments that adhere to standardized systems (such as the U.S. Drought Monitor) in different 
regions, despite using different data. It also allows for expert judgment to reconcile situations in 
which indicators diverge, such as when near-term precipitation deficits have ended but soil 
moisture or streamflow remains low (e.g., meteorological vs. hydrological or agricultural 
drought). This approach has been widely adopted in operational contexts, where timely decisions 
are required despite incomplete data, evolving conditions or region-specific considerations.  

At the same time, the convergence-of-evidence approach is inherently difficult to 
formalize. Because this approach relies on expert synthesis rather than fixed decision rules or 
more formal quantitative frameworks (e.g., statistical or machine learning–based approaches), its 
outcomes are generally considered impossible to reproduce consistently. For example, different 
analysts may reasonably weigh the same set of indicators differently, leading to variation in 
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drought classification. This heterogeneity is not necessarily a flaw in itself, but it does 
complicate efforts to assess uncertainty, compare assessments across space and time, or evaluate 
how drought classifications would change under alternative assumptions, such as different 
reference periods. Nonstationarity may further complicate convergence-of-evidence–based 
approaches. As climate conditions shift, historical relationships among indicators may weaken, 
and expert heuristics developed under past climate regimes may become less reliable. Similarly, 
impact reports may reflect evolving system exposure or vulnerability rather than changes in 
hydroclimatic hazard alone. In these contexts, convergence of evidence can obscure whether 
observed changes in drought classification reflect true shifts in risk, changes in system 
sensitivity, or an emergence of novel climate states. 

Efforts to develop more structured, transparent, and reproducible approaches to drought 
assessment should seek to better document how multiple indicators, impact reports, expert 
judgment, and other forms of knowledge are integrated into drought classifications. The goal is 
not to eliminate the current expert-driven, convergence-of-evidence approach, but to make the 
analytical steps underlying drought determinations more transparent, reproducible, and testable. 
By clearly documenting assumptions, the quantitative frameworks used in modern drought 
assessment can promote greater consistency across regions and time, facilitate comparison 
among assessments, and provide a structured basis for evaluating how classifications might 
change under alternative reference periods or nonstationary conditions. At the same time, such 
frameworks should complement, rather than replace, other ways of knowing, including 
Indigenous Knowledge, Traditional Ecological Knowledge (TEK), local expertise, and lived 
experience, all of which can provide critical context for interpreting drought conditions and 
impacts. 

Conclusion 6-4: Efforts within the drought assessment community should continue to 
explore transparent and reproducible approaches to drought assessment while 
recognizing that expert judgment, local expertise, Indigenous and Traditional Ecological 
Knowledge, and other ways of knowing provide critical perspectives not fully captured by 
purely quantitative approaches. 

SYSTEM-SPECIFIC PERSPECTIVES 

Operational drought assessment is increasingly asked to serve multiple purposes at once, 
namely, to communicate (1) how severe current conditions are for affected systems, and (2) how 
rare those conditions are relative to an assumed historical baseline. Under nonstationarity, these 
purposes can diverge because the probability distribution used to define normal is itself evolving, 
while system exposure, vulnerability, and adaptive capacity are also changing. As a result, 
drought classifications become conditional statements; conditional not only on the indicator and 
method but also on the system context and the reference framework used to define risk. 

A system-specific perspective can cast drought fundamentally as a risk problem, where 
impacts emerge from the interaction of the hazard, exposure, and vulnerability (see discussion of 
these terms in the “Risk and Decision Framing in Drought Assessment” section in Chapter 1). 
Importantly, each of these components can be nonstationary, as can the ability to adapt to 
drought hazard and exposure. This implies that a drought category derived from a fixed reference 
period may remain statistically well-defined yet become progressively less aligned with 
contemporary risk as hazards shift, exposure changes, and adaptive strategies evolve. 

https://nap.nationalacademies.org/catalog/29217?s=z1120


Improving Future U.S. Drought Assessment

Copyright National Academy of Sciences. All rights reserved.

DROUGHT INDICATORS, INDICES, AND NONSTATIONARITY 6-17  

PREPUBLICATION COPY—Uncorrected Proofs 

From this perspective, reference periods can be tailored to the system of interest, such as 
agricultural production, ecological resilience, or water-supply reliability, so that drought 
classifications reflect the risks most relevant to that system rather than a one-size-fits-all 
climatology. The appropriate reference period depends on both the character of nonstationarity 
(e.g., trend-driven drying, seasonal shifts, changes in variance, low-frequency oscillations, or 
human-modified regime change) and the adaptive capacity of the system of interest. Systems 
capable of rapid adjustment (e.g., some agricultural and operational decision contexts) may 
benefit from baselines that emphasize contemporary conditions, whereas systems with long 
memory or slow recovery (e.g., many ecological and hydrologic storage systems) may require 
longer historical context to remain interpretable. In all cases, the baseline choice affects whether 
drought categories primarily communicate rarity (return period under the baseline) or severity 
(degree of stress relative to contemporary expectations), and these interpretations can become 
increasingly incompatible as the climate changes. 

A practical implication is that drought monitoring frameworks may need to support 
parallel reference period views of the same indicator to maintain both interpretability and 
decision relevance. A framework like this could both report drought classification relative to a 
long-term, fixed reference period for long-term comparability, alongside a contemporary or 
evolving baseline tailored for system-specific, risk-aligned decision support. Because such 
choices can materially alter drought classifications and trigger thresholds, they must be 
accompanied by transparent documentation of reference period design, rationale, and intended 
use. In a nonstationary climate, failure to document and periodically reevaluate these 
assumptions risks conflating methodological artifacts with real changes in drought hazard and 
can misalign response triggers with contemporary system risk. 

Conclusion 6-5: Reference periods that align with risk profiles of specific systems are 
needed to inform shared drought assessment and decision-making. Such reference 
periods should be developed with engagement of all affected communities. 

Recommendation 6-3: NOAA, USDA, and USGS, in collaboration with state and 
federal agencies (including the USDA Climate Hubs and NCEI’s Regional Climate 
Centers), should convene key communities affected by drought to identify reference 
periods that align with risk profiles of specific systems, to better inform decision-
making for each system. 

UNCERTAINTY IN DROUGHT INDICES 

The uncertainty associated with drought indices is difficult to quantify in operational 
contexts and arises from multiple, interacting sources. Some sources of uncertainty originate in 
the underlying datasets themselves (Trenberth et al., 2014), such as precipitation estimates from 
gridded products or modeled soil moisture from land surface models. Additional uncertainty is 
introduced through the physical or empirical models used to derive secondary variables, such as 
reference evapotranspiration computed using different formulations (e.g., Thornthwaite-Mather 
vs. Penman-Monteith; Thornthwaite and Mather, 1955, 1957; Allen et al., 1998). Standardized 
drought indices also inherit statistical uncertainty associated with sampling variability, 
distribution choice, and parameter estimation when fitting probabilistic models to finite records. 
Finally, these uncertainties vary as a function of space and time, further complicating the task of 
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quantifying uncertainty in real-time, operational contexts. While drought assessors may 
implicitly account for these uncertainties through expert judgment or convergence-of-evidence 
approaches, they are rarely quantified explicitly or attributed to specific components of the 
drought index formulation. As a result, uncertainty in drought classifications is commonly 
treated subjectively rather than analytically, even though it can materially affect estimates of 
drought frequency, severity, and duration. 

In a retrospective context, variability in the underlying datasets used for drought analysis 
can lead to substantial differences in assessed drought severity at regional to global scales. For 
example, Trenberth et al. (2014) show that differing conclusions about drought trends can stem 
from the choice of precipitation dataset alone, with variations in station coverage and data 
continuity exerting a strong influence on estimated drought signals and, in some cases, producing 
contrasting interpretations of how drought severity has changed. Similarly, Stern et al. (2022) 
show that no single historical climate dataset necessarily performs best for all variables, with 
different products exhibiting strengths and weaknesses depending on the variable of interest, 
thereby complicating dataset selection and optimal application in operational settings. Consistent 
with these findings, Hoffmann et al. (2020) show that uncertainties arising from input data 
selection are often larger than the differences between commonly used drought indices 
themselves (SPI, SPEI, PDSI [Palmer Drought Severity Index]), particularly during drought 
extremes, implying that data choice can dominate drought assessment outcomes regardless of the 
index used. Finally, these differences among commonly used high-resolution climate datasets 
can propagate into large discrepancies in modeled hydrological variables (e.g., streamflow, 
snowpack, evapotranspiration), underscoring that dataset selection alone can substantially shape 
drought and water-resource assessments even when analyzing the same historical period and/or 
indicator (Stern et al., 2022). 

As atmospheric evaporative demand increases under climate change, the choice of 
reference evapotranspiration formulation becomes increasingly consequential (Beguería et al., 
2014). Comparisons among ETo models indicate that the more comprehensive, physically based 
Penman–Monteith approach generally provides more realistic estimates of atmospheric demand 
than temperature-only formulations such as Thornthwaite–Mather (Sheffield et al., 2012). Use of 
simplified, temperature-based methods can therefore lead to systematic overestimation of 
drought severity, particularly where changes in humidity, wind speed, or radiation modulate 
evaporative demand. Consequently, ETo model choice represents a nontrivial source of 
uncertainty in SPEI, especially in water-limited regions and at longer accumulation timescales 
(Beguería et al., 2014). Although different ETo formulations often yield highly correlated SPEI 
time series, meaningful differences in drought magnitude and inferred trends emerge when non-
temperature controls on evaporation are important. 

Sampling uncertainty arises because standardized drought indices are estimated from 
finite historical records, which introduces uncertainty in distribution parameter estimates and 
propagates directly into the resulting standardized values. Bootstrap-based analyses show that 
point estimates of SPI or SPEI can be associated with wide confidence intervals, particularly for 
rare events and shorter records, such that drought classifications may shift across standard 
severity thresholds (Hu et al., 2015). Building on this, Vergni et al. (2017) demonstrate that 
sampling-related uncertainty varies systematically with record length, accumulation timescale, 
index type (e.g., SPI versus SPEI), and whether parametric or nonparametric formulations are 
used. They further show that expressing uncertainty in terms of return periods can improve 
interpretability and provide a clearer indication of estimate reliability. Similarly, Laimighofer 

https://nap.nationalacademies.org/catalog/29217?s=z1120


Improving Future U.S. Drought Assessment

Copyright National Academy of Sciences. All rights reserved.

DROUGHT INDICATORS, INDICES, AND NONSTATIONARITY 6-19  

PREPUBLICATION COPY—Uncorrected Proofs 

and Laaha (2022) show that record length and observation period strongly control the magnitude 
of uncertainty in SPI and SPEI estimates and can be sufficient, on their own, to alter drought 
classifications. Importantly, these analyses generally assume a stationary climate when 
evaluating the effects of sample size and record length, an assumption that becomes increasingly 
problematic under nonstationarity and complicates the interpretation of uncertainty derived from 
historical samples. 

Distinct from sampling uncertainty, parameterization uncertainty reflects uncertainty 
introduced by the statistical structure of the drought index itself, independent of record length. 
This includes choices about the probability distribution used to represent the variable of interest, 
the number of parameters used to characterize that distribution, and how specific data features 
(such as zero values or skewed tails) are handled. For example, SPI is most commonly computed 
using a two-parameter Gamma distribution, which cannot explicitly represent zero precipitation 
and therefore requires additional assumptions (e.g., mixed or censored distributions; Stagge et 
al., 2015), introducing structural ambiguity in the lower tail of the distribution (Wu et al., 2007). 
In some cases, as for when there is a large proportion of zero precipitation samples, these mixed 
distribution solutions to the zero-inflation problem can result in an index never predicting 
drought. 

Comparative studies have shown that distribution choices (e.g., Gamma, Pearson Type 
III, generalized logistic, Tweedie or generalized extreme value) can yield materially different 
standardized values for the same underlying event, particularly for extremes most relevant to 
drought classification (Stagge et al., 2015; Svensson et al., 2017). Laimighofer and Laaha (2022) 
demonstrate that distribution choice is often one of the dominant contributors to total variance in 
SPI and SPEI estimates, rivaling or exceeding sampling uncertainty in some contexts, while 
differences among parameter estimation methods and goodness-of-fit tests tend to play a 
secondary role. Because parameterization uncertainty persists even for long records, and 
especially when the assumptions of stationarity are violated, it cannot be reduced simply by 
increasing sample size and represents a structural source of uncertainty that is rarely propagated 
or reported in operational drought monitoring. 

Applications for Droughts in the United States 

In this recent decade, the extension of standardization to soil moisture has been found to 
more effectively reduce uncertainties in calculating precipitation-based drought-related 
indicators (also known as top-bottom approach). Specifically, soil moisture is physically 
bounded by porosity, exhibits strong spatial heterogeneity related to soil texture and land cover, 
and is measured or modeled with varying depths and physical principles across products (Rawls 
et al., 1982; Saxton and Rawls, 2006). Additionally, soil moisture represents the stabilized water 
stored in land that directly reflects current wetness conditions, enabling rapid and accurate 
detection of drought or flash drought events without the temporal lag inherent in hydrological 
flux measurements. This advantage comes from its unique ability to capture the immediate water 
status of the soil column while avoiding the substantial uncertainties associated with quantifying 
water losses through evapotranspiration, runoff, and deep percolation processes. 

It is worth acknowledging explicitly that every choice embedded in this framework 
involves judgment. The selection of which products to include, which accumulation periods to 
prioritize, which baseline period to use, and which severity thresholds to apply are all 
consequential decisions shaped by scientific convention, available data, and context. This is not a 
weakness; it is the nature of drought monitoring. Standardization reduces certain measurement 
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incompatibilities, but it does not eliminate interpretive subjectivity. TEK and local observations 
offer complementary perspectives that are not captured by remote sensing or reanalysis, 
including long-term place-based experience with how drought manifests across specific 
landscapes, crops, and communities. Integrating these knowledge systems with satellite-derived 
indices strengthens drought assessment in ways that purely technical standardization cannot. 

Two complementary approaches to soil moisture standardization have emerged from 
recent works, each addressing these challenges differently. First, Carrão et al. (2016) developed a 
nonparametric approach (i.e., Empirical Standardized Soil Moisture Index, or ESMI) using 
Kernel Density Estimation (KDE) with logit transformation to address boundary bias, enabling 
flexible adaptation to local distribution shapes without imposing parametric assumptions. ESMI 
uses data-driven density estimation to map observed soil moisture values to cumulative 
probabilities, then transforms these probabilities to standard normal scores. This approach is 
particularly valuable when soil moisture distributions are non-Gaussian, multimodal, or 
otherwise complex, as the kernel density estimation adapts to the actual data structure. The logit 
transformation employed by Carrão and colleagues maps the bounded interval to the unbounded 
real line, eliminating boundary bias that would otherwise distort density estimates near the 
physical limits of soil moisture (Carrão et al., 2016). Meanwhile, Palagiri and Pal (2024) 
proposed an alternative parametric approach (i.e., SMI) using the Gamma distribution with 
truncation and renormalization, building directly on the established SPI and SPEI frameworks. 
Specifically, SMI fits a two-parameter Gamma distribution to baseline period observations using 
maximum likelihood estimation, applies truncation to confine probability mass to the physically 
meaningful range, and transforms cumulative probabilities to standard normal scores. The 
renormalization procedure ensures that all probability mass is allocated within the specific 
interval, improving accuracy of drought intensity estimation particularly in distribution tails 
where extreme droughts reside (Palagiri and Pal, 2024). This approach offers computational 
efficiency and interpretability within the familiar SPI and SPEI frameworks, though performance 
depends on how well the Gamma distribution represents actual soil moisture behavior in a given 
location and season. 

Both approaches transform soil moisture observations, regardless of source, to unitless 
standard scores that can be interpreted probabilistically and compared across products, regions, 
and timescales. Generally, negative values indicate drier-than-normal conditions, positive values 
indicate wetter-than-normal conditions, and the magnitude reflects severity in terms of standard 
deviations from the climatological mean. This transformation enables direct comparison of 
drought signals from ERA5-Land, Soil Moisture Active Passive (SMAP), Global Land 
Evaporation Amsterdam Model (GLEAM), and European Space Agency Climate Change 
Initiative (ESA-CCI) despite their different measurement physics, spatial resolutions, and 
temporal coverage. The standardization can be computed on temporally aggregated series at 
multiple accumulation scales (i.e., 1, 3, 6, 9, 12, and 24 months) to capture drought processes 
across meteorological, agricultural, and hydrological drought events, following established 
multi-scalar drought index methodology (Dai et al., 2024; Mckee et al., 1993). 

The methodological demonstration comparing the nonparametric ESMI and parametric 
SMI highlights fundamental differences in how ESMI and SMI treat probability distributions, 
boundary conditions, and classify extreme levels (see Figure 6-4). First, the data-driven ESMI 
approach constrains standardization within the observed historical envelope, using empirical 
percentiles that reflect actual data magnitude and variability. In contrast, SMI extends probability 
mass beyond observed bounds through parametric tail extrapolation inherent to distribution 
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fitting methods (e.g., Gamma distribution), providing a wider range of extremes in both tails. 
While this extension may theoretically help capture compound drought events with rapid inter-
arrival times, it produces two critical limitations: (1) it might assign unrealistically low 
probabilities to extreme droughts that have actually occurred due to the nature of mathematical 
distribution methods, and (2) it systematically underestimates drought intensity compared to the 
nonparametric ESMI approach by extending the distribution tails beyond physically realistic soil 
moisture bounds, between 0.05 (extreme dry) and 0.6 (close to water saturation in soil). 

 

FIGURE 6-4 The computation procedure of nonparametric ESMI and parametric SMI indices.  
NOTE: The curves on (A) represent the CDF, F(x) fitted to SM observations (x1, x2, …, xn). The 
dashed curve (C) is the standard normal CDF. The non-exceedance probability is determined for 
SM observations in stage (A), followed by transforming these values to standard normal 
variables in stage (B), and the ESMI and SMI values (C) (with extreme classifications introduced 
by McKee et al., 1993, see Table 6-2).  
SOURCE: Figure regenerated from Palagiri and Pal (2024). CC BY-NC 4.0. 

The choice between ESMI and SMI reflects a fundamental tension in drought monitoring: 
whether to prioritize fidelity to the observed climate (ESMI) or continuity with established 
parametric frameworks (SMI). ESMI’s empirical approach ensures that “extreme” classifications 
correspond to genuinely rare historical conditions, making impact probabilities more 
interpretable from observed precedent. However, as mentioned above, this approach cannot 
extrapolate to conditions more extreme than those captured in the historical record, potentially 
underrepresenting risk in rapidly changing climates with short observational record. 

On the other hand, SMI’s parametric approach allows theoretical extension into 
unobserved tail regions, which may be valuable for planning scenarios and risk assessment when 
extrapolation is necessary. However, the validity of such extrapolation depends critically on 
whether the mathematical distributional assumption holds in the tails, where data are sparse by 
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definition. Divergence between ESMI and SMI in extreme classifications serves as a diagnostic: 
concordance suggests that the parametric assumptions are reasonable, whereas systematic 
divergence indicates distributional inadequacy or nonstationarity that requires further 
investigation. 

For multiproduct integration across satellite and reanalysis datasets with heterogeneous 
error characteristics, ESMI offers greater flexibility and robustness. For operational systems 
prioritizing computational efficiency and continuity with established SPI/SPEI-based workflows, 
SMI may be preferred. Using both indices in parallel provides complementary perspectives and 
enhances diagnostic capability, particularly in data-sparse regions or under nonstationary 
conditions where distributional assumptions are uncertain. 

The integration of multivariable datasets could provide a robust framework for 
monitoring complex hydrological extremes, a capability demonstrated through the analysis of the 
severe July 2012 flash drought over central North America. Specifically, ESMI is found to offer 
a distinct advantage in characterizing drought stress when used alongside precipitation data from 
Climate Hazards Group InfraRed Precipitation with Stations data (CHIRPS) v3 and temperature 
data from Climate Hazards Center InfraRed Temperature with Stations (CHIRTS) (see Figure 6-
5(c)). While the precipitation deficits shown in Figure 6-5(b) highlight the meteorological 
forcing, with very low rainfall during the peak drought deficit in July, ESMI reveals the 
compounded severity of the drought, with index values in the central Great Plains dropping 
significantly to between -1.5 and -2.0, as well as beyond -2.0 in some regions (see Figure 6-5(a)). 
The temporal evolution of this event, detailed in Figure 6-5(c), confirms the statistical sensitivity 
of ESMI to rapid-onset flash conditions. Specifically, following a convergence of peak annual 
temperatures (Tmax) and a sharp reduction in precipitation (below 50 mm/month) in July, the 
ESMI z-score degraded rapidly from a near-neutral state (z-score of approximately -0.5) in early 
spring to a severe low of approximately -1.7. This response highlights the index’s ability, as well 
as the capabilities of CHIRPS and CHIRTS, to capture the synergistic effects of heatwaves, dry 
conditions, and rainfall reduction on soil water availability, which would be valuable for drought 
monitoring and forecasting. 
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FIGURE 6-5 Application of monthly (a) ESMI, (b) CHIRPS, and (c) CHIRTS datasets for the 
July 2012 drought over North America.  
NOTE: In (a), red color represents dry/drought conditions, blue color represents wet conditions. 
CHIRPS can be accessed on the CHC data server 
(https://data.chc.ucsb.edu/products/CHIRPS/v3.0), while CHIRTS can be downloaded via CHC 
data server (https://www.chc.ucsb.edu/data/chirts-era5). 
SOURCE: Tran et al. (unpublished manuscript) 2026.  

Moving beyond traditional top-down approaches (e.g., precipitation/ET-based metrics), it 
is important to prioritize soil moisture-derived indices (i.e., ESMI and SMI) for operational 
drought mapping. Soil moisture, in this case, can serve as the memory of the terrestrial water 
cycle, offering a more direct assessment of plant-available water than atmospheric proxies alone. 
This includes fuel moisture, a critical variable for fire management that responds to the same soil 
and vegetation water deficits captured by soil moisture indices and that drives wildfire risk in 
drought-affected landscapes. This shift is currently enabled by the maturation of satellite 
missions such as the ESA-CCI and NASA’s SMAP. Indeed, these missions provide the essential 
and valuable top-layer soil moisture inputs and long-term historical climatology required to 
calculate robust anomaly-based indices. Also, by leveraging these active and passive microwave 
datasets, false alarms and lags during water processes, commonly found in drought monitoring, 
can be reduced significantly to provide more accurate, physically based decision support for 
agricultural, water resources, and fire management applications. 

Looking toward the future, the development of drought monitoring and prediction can 
evolve from observation to prediction through the application of artificial intelligence/machine 
learning (AI/ML) (Oyounalsoud et al., 2024; AghaKouchak et al., 2022; Kikon and Deka, 2022). 
The next generation of disaster forecasting can rely on advanced deep learning architectures 
(e.g., Graph Neural Network, GNN) to model nonlinear climate interactions and predict drought 
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propagation on a global scale. Also, a prerequisite for training these advanced models is high-
quality, standardized global training data. To this end, the global-scale ESMI and SMI datasets 
currently being developed by Tran et al. (in preparation, 2026) will serve as a foundational 
ground-truth layer. By utilizing this upcoming global record, researchers can train ML models to 
recognize complex teleconnections and soil moisture memory patterns, ultimately enabling the 
operational forecasting of drought onset weeks or even months in advance. 

OPPORTUNITIES TO LEVERAGE AI/ML IN DROUGHT SCIENCE 

Artificial intelligence and machine learning methods offer exciting opportunities for 
advancing drought science and the process of drought assessment. However, as with any 
emerging technology, its role should be carefully defined and tested with extensive validation. 
While AI/ML may fit into numerous components of the drought assessment pipeline, there are 
four historical and emerging arenas that contextualize its opportunity well. These include 
assessment automation, state variable prediction, forecasting, and data synthesis.  

ML has been used to create automated drought mapping applications that attempt to 
mirror the decisions and processes of national assessment systems. For example, Brust and 
others (2021) use historical representations of drought (as defined by the USDM) along with 
meteorological/remotely sensed information to train ML models with the goal of generating 
automated USDM-style maps. Importantly, this approach can be applied to real-time prediction 
as well as to forecasts with up to 12-month lead times. While useful, these models, and the 
USDM itself, should not be interpreted as estimating an objective ground truth for drought. This 
is because the USDM (and therefore the predictions of models trained on the USDM) represent a 
human-generated synthesis of information that seeks to best represent drought at a given point in 
time given the information available and evolving monitoring practices. As new data products 
become available, different analysts contribute, and/or impact information changes, different 
representations of the same conditions could emerge with any single realization being equally 
plausible and/or defensible. Therefore, an ML approach such as this would be expected to 
reproduce how drought has historically been assessed, but not necessarily how drought should be 
assessed given perfect information and synthesis approaches. This distinction is especially 
important under the context of nonstationarity, where past classifications may encode 
assumptions about baselines, impacts, or vulnerabilities that no longer hold.  

A more physically focused application of AI/ML is to improve the estimation and 
prediction of drought-relevant state variables, such as soil moisture, streamflow, snowpack, 
vegetation stress, groundwater, and evaporative demand. In many cases, these are the variables, 
states, and fluxes that decision-makers care about directly, yet they are sparsely observed, 
extremely heterogeneous in space and time, and difficult to model in real time. This is an 
emerging application of these models; however, ML has been shown to dramatically improve 
predictions of streamflow (Nearing et al., 2020; Arsenault et al., 2023; Nearing et al., 2024) by 
leveraging flexible methods to ingest diverse information and datasets such as process-model 
simulations, in situ observations, remote sensing, meteorological forcing, soils, terrain, and 
vegetation information. By estimating hydrological states more directly, AI/ML can reduce 
reliance on meteorological indices as imperfect proxies for agricultural, ecological, or 
hydrological drought conditions. In this role, AI/ML can strengthen drought assessment by 
improving the underlying information available to analysts rather than simply automating the 
final classification. 
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Another AI/ML application showing great promise is in drought forecasting and early 
warning. Recent studies demonstrate that ML models can skillfully predict hydrologic drought 
conditions and streamflow deficits at subseasonal-to-seasonal timescales (Hammond et al., 
2025). This application is particularly useful for drought practitioners and watershed managers as 
it allows for more proactive approaches for managing drought. At the same time, forecasting 
systems trained on historical data inherit assumptions embedded in the training period, including 
historical relationships among climate variables, impacts, and drought classifications. As 
nonstationarity intensifies, AI/ML drought forecasting systems may therefore require continual 
retraining, explicit treatment of shifting hydroclimatologies, and careful evaluation under 
conditions outside the range of the historical record. AI/ML forecasting systems should therefore 
be viewed as evolving decision-support tools whose performance and interpretation depend 
strongly on the stability, representativeness, and transparency of the data and assumptions on 
which they are trained. 

AI/ML may also support convergence-of-evidence approaches, although this application 
requires caution and careful governance. For example, AI/ML and Large Language Models, or 
LLMs, could help organize diverse datasets, identify converging/conflicting signals among 
indicators, summarize impact reports, flag regions where classifications are particularly sensitive 
to reference periods, and document how different lines of evidence contributed to an assessment. 
These tools may be particularly useful in operational settings where analysts must quickly 
synthesize large volumes of spatial data, model output, field reports, and impact information 
under time constraints. With appropriate caution and careful formulation, hybrid approaches 
leveraging both human-expert knowledge and AI/ML data synthesis/reporting could make 
convergence-of-evidence assessments more consistent, transparent, and reproducible. However, 
these tools should not replace expert judgment, local expertise, Indigenous and TEK, or 
practitioner experience. Their value may be greatest when they help analysts see more evidence, 
understand uncertainty, and document reasoning more clearly while preserving the contextual 
knowledge that remains essential to drought assessment.  

Special care is advised, particularly during the ongoing period of rapid AI/ML innovation 
and as the use of AI/ML is adopted more widely, to ensure methodological transparency, 
reproducibility, and an avoidance of bias. In particular, AI/ML can produce results absent 
understanding, which could undermine scientific advances while also perpetuating inequalities 
and unfairly affect people if not wielded carefully (e.g., Ferrara, 2024; González-Sendino et al., 
2024; Cuesta, 2026; Jarrahi et al., 2026). Good governance and sustainable and ethical use of 
AI/ML are important in ensuring an overall net benefit to society (Gaffney et al., 2025). 
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7 
Drought Impacts, Impact Data, and Nonstationarity 

This chapter focuses on drought impacts, explicitly defined as an indicator of the 
potentially harmful outcomes of drought. Drought impacts are highly variable between systems 
(e.g., ecological vs. hydrological) and communities (e.g., Indigenous peoples vs. municipal water 
users), and the current infrastructure for collecting, reporting, and assessing drought impacts 
similarly varies across regions, sectors, and drought types. Nonetheless, drought impacts are an 
essential element of drought assessment and are affected by nonstationarity both in the 
manifestation of the hazard itself and in societal and ecological changes shaped by dynamic 
vulnerabilities and adaptation decisions.  

DROUGHT IMPACTS 

Drought impacts are different from indicators and indices in important ways. Drought 
indicators are raw variables or parameters that describe a hydrometeorological state such as 
precipitation, temperature, soil moisture, streamflow, or groundwater level. By comparison, in 
environmental contexts, an impact is the direct or indirect effect that a hazard or disaster has on a 
particular system, place, or people and culture (Lindell, 2013). This can include damage or 
destruction to property, livelihoods, and environments, and it can reflect a reduction in the 
capacity for people—individuals, families, and communities—to maintain their standard of 
living and mental or physical health (Lackstrom et al., 2014). In drought, an impact extends 
beyond the social world to include effects on the health of landscapes, species, and ecosystem 
services. Impacts reflect the susceptibility to or actual harm from drought to a specific system 
and can be modulated by its onset, severity, duration, and mitigation efforts. An impact, then, is 
an expression of exposure combined with the adaptive capacity of an individual, group, or 
system to mitigate drought that results in harm to the system of interest (Lackstrom et al., 2013). 
An indicator of drought on a river system, for example, might include reduced river flows, while 
an impact to a river system might be fish kills or municipal water restrictions that result from 
reduced river flows. A system of structures, networks, and regulations (e.g., dam releases or 
recreation closures), however, might intervene in a drought to reduce damage to riparian areas, 
support fish and other species, and insulate downstream agriculture and tourism industries from 
economic losses. Impacts, then, are an important indicator of harm within the complex 
interaction of the hazard, exposure, and adaptive capacity of a system when affected by drought. 
For this report, the committee has adopted the following definition for drought impacts: 

Drought impacts are the direct and indirect effects of a drought, resulting from the 
combination of a geophysical condition and human or nonhuman system 
vulnerability.  
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For further clarity, Figure 7-1 provides examples of indicators, indices, and impacts for 
different drought types. Following this framework, unusually dry soil or low stream levels are 
not, by themselves, drought impacts, but instead are indicators of potential drought conditions. In 
these situations, indices would be statistical representations of the drought severity and/or rarity 
such as the Soil Moisture Volatility Index, or SMVI (Osman et al., 2024) or a streamflow 
percentile. Impacts in these cases would be, for example, the deleterious effect of dry soils on 
crop yields or fish kills caused by low stream levels. 

 

FIGURE 7-1 Examples of drought indicators, indices, and impacts for different drought types.  
 
Drought impacts also serve other functions. Impacts inform drought products like the 

U.S. Drought Monitor (USDM) and have been used for decades to calibrate and validate 
numerical and physical drought models, including the Palmer Drought Severity Index. In this 
way, drought impacts can act as user knowledge as an expert heuristic to benchmark geophysical 
and numerical drought indices. Through a combination of scientific and on-the-ground 
observations, impacts can be combined to reflect a snapshot of a current or ongoing drought, 
which may help communities understand the environmental and societal effects of a drought 
(Lackstrom et al., 2017). Importantly, many governmental and policy entities use impacts as a 
trigger to determine what resources are needed and for whom (e.g., pasture damage triggering 
open haying in state-owned lands or deer disease and kills triggering a reduction in hunting tags 
made available). Impacts may likewise point to gaps in observation and monitoring systems that 
might otherwise permit individuals, groups, and organizations or agencies to employ mitigation 
strategies to enable future adaptive capacity.  

Conclusion 7-1: Impacts are complicated manifestations of drought, but they are 
nonetheless critical to the entire drought assessment process. 
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Drought Impacts: Stakeholder Perspectives 

For those who have lived in a particular place for generations and have developed a deep 
relationship with it, drought impacts are more than indicators in a hazard cycle. Impacts can 
reflect the overall health of peoples’ relationship with their ecosystem, including misalignments 
between them. Perception of impact magnitude can also signify people’s calibration to long-term 
experience of “normal,” which can manifest with descriptors like “worst I’ve ever seen.” This is 
certainly true for Tribal peoples whose identity and culture are tied to place. But it can also be 
true for agricultural producers who depend upon the orderly coming and going of seasons for 
their livelihoods. Water managers, ecologists, and natural resource managers may be more able 
than Tribes and agricultural producers to set aside drought impacts when they go home at the end 
of the workday, but drought nonetheless affects them. 

Tribes 

For Tribes, Native Hawaiians, and Alaskan Natives, drought impacts may be best 
understood in the context of an approach to the environment embodied not by traditional 
Western scientific practices but by knowledge systems like Traditional Ecological Knowledge, 
or TEK, which is characterized by a comprehensive and integrative approach to human and 
natural systems. Indigenous peoples who have inhabited regions of the United States for 
centuries, for example, have developed long-term observations of past social-ecological 
interactions and often reveal important insights into changes in species diversity, ecological 
processes, land management outcomes, and public health. Importantly, although characterized in 
traditional scientific narratives as subjective, TEK holds significant value in its deep-time 
perspective, which as many studies have detailed, “may be leveraged to define baseline 
conditions, establish restoration targets, track global change impacts, and serve as an early 
warning system of large-scale ecological state transitions” (Souther et al., 2023). Incorporating 
TEK and related perspectives may allow drought assessment frameworks to become more useful 
and usable to Tribes and Native communities, integrating them into their lived experiences with 
drought. Such frameworks may likewise expand timelines for early drought detection and 
reshape the nature of impacts that are collected to include more indirect impacts (e.g., mental or 
public health) or impacts that are difficult to measure (e.g., community relationships with the 
ecosystem). The National Integrated Drought Information System (NIDIS) Tribal Drought 
Engagement Strategy 2021–2025 (Bamford et al., 2020) documents collaborative work between 
NIDIS and Tribes in the Missouri River Basin and Midwest in support of enhanced and inclusive 
drought early warning. 

Agricultural Producers 

When drought limits water availability, crops suffer from reduced plant growth, yields, 
and crop quality. Rainfed agriculture is affected through reduced precipitation. Irrigated 
agriculture is affected if drought reduces snowpack, streamflow, or groundwater recharge, all of 
which can prevent replenishment of stored water supplies. In rangeland livestock systems, 
drought reduces summer forage availability, as well as yields of the irrigated hay crops that are 
often required to feed livestock over the winter months when forage resources are not available 
due to harsh weather conditions. These drought impacts reduce farm/ranch income, which in turn 
can affect the broader economy in rural, agriculture-dependent communities through reduced 
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harvest and processing activities and reduced spending by directly affected farm/ranch 
households.  

A dry year creates uncertainty for agricultural producers. A row crop farmer wonders 
whether crop sales will be enough to cover the operating loan they received from the bank at the 
start of the growing season. A rancher wonders whether their livestock will gain enough weight 
grazing on rangelands with reduced grass availability. They also wonder whether the lower 
yields on their alfalfa and other hay crops will lead to a feed deficit for their livestock over the 
harsh winter months; and if so, how far they will have to travel (and pay) to purchase 
replacement hay. These impacts can cascade to increased food prices, possibly resulting in 
increased food insecurity locally and nationally. 

If the drought is severe, the farmer wonders whether the negative impacts of drought will 
be enough to trigger federal financial assistance to help them manage their losses. The livestock 
producer wonders if they need to sell cows whose genetics they may have spent years refining, 
even though rebuilding the herd in the future will be expensive. In the Western United States 
especially, these agricultural producers also observe the drier grass and feel the dust around 
them, which increases their stress around heightened wildfire risk. An agricultural producer may 
be able to weather a drought year, but two or three such years will begin to wear on their 
financial reserves and their mental health (Yazd et al., 2019; Linder et al., 2025). Such strain on 
producers can have indirect impacts, such as negative mental health outcomes (OBrien et al., 
2014), especially for those in rural areas. 

Water Resource Managers 

Water managers at municipal utilities and other public water supply systems are 
responsible for supply, treatment, and distribution of water to their customers. The built 
infrastructure facilities that they operate (reservoirs, canals, drinking water, and wastewater 
treatment) allow them to manage a certain level of variability in year-to-year water supply 
availability and customer water needs. When drought lasts longer or is more severe than the built 
infrastructure was designed for, drought impacts begin to emerge. Water managers may need to 
impose frequent water use restrictions that inconvenience their customers or consider cost 
decisions such as leasing agricultural water for short-term response. In more extreme cases, 
communities may experience shortfalls that threaten human health. Reduced streamflow may 
increase water temperature, creating challenges for nuclear and thermal power plants that rely on 
water to cool plant reactors. Reduced streamflow can also lead to water quality impairment in 
wastewater treatment systems that rely on high dilution. Drought may also harden the soil, 
preventing infiltration and leading to greater runoff and flood risk. 

Natural Resource Managers 

Reductions in water flow and volume in rivers, streams, and lakes can lead to habitat 
fragmentation and biodiversity loss. Wetlands can diminish in size, reducing habitat for 
numerous aquatic species, amphibians, and migratory birds. Normal migration patterns of 
aquatic and terrestrial species can be disrupted. Water quality is also often compromised by 
drought. Decreases in water flow and volume can lead to higher water temperatures and 
increases in algal production. Pollution present in water bodies is also less easily diluted when 
water flows and volume are low (Mosley, 2015). Especially during prolonged periods of drought, 
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threats to natural systems from drought can be exacerbated by increased extractions for 
agricultural and municipal water uses. 

Conservation policies to protect plant and animal species have generally been designed 
for a stable climate, yet climate change is shifting habitat and growing conditions. Protected 
areas may no longer support the plant and animal species for which they were established. Plants 
may shift their range, and animal species that have historically been protected may move to new 
areas that lack legal protections, in search of water or more desirable climate conditions. Wildlife 
may find their migration patterns disrupted in time or space, whether by drying wetlands, 
wildfire, or shifting timing in food source availability. Further, wildlife and natural resource 
managers can find ecosystem restoration more challenging when historical conditions are no 
longer attainable due to climate change. Ecosystem transformation has emerged in recent 
decades to support healthy and productive ecosystems in the face of significant climate and 
environmental change (Jackson, 2021). Natural resource managers are confronted with myriad 
decisions in this process, many under deep uncertainty and resource limitations (Crausbay et al., 
2022). From these significant challenges have risen multiple, effective frameworks for guiding 
natural resource management decisions toward ecological transformation. One of the most 
prominent is the resist-accept-direct (RAD) framework (Schuurman et al., 2020), which 
characterizes decisions on a spectrum between the categories of resisting change, accepting 
change, and directing change.  

RISK FRAMEWORK FOR IMPACTS 

Drought impacts, by their very nature, are partly determined by humans and human 
actions. Returning to the risk-informed drought assessment framework introduced in Chapter 1, 
the risk of a drought impact can be framed as an interaction among the drought hazard and the 
system’s exposure and adaptive capacity. The drought hazard is a physical meteorological or 
hydrological process described in previous report chapters, and drought is often characterized 
with indicators and indices. Agricultural, water resource, cultural and social, and economic or 
market systems exposure and adaptive capacity are human constructs, and are largely determined 
by decisions in policy, planning, and engineering. For example, the same meteorological 
conditions (i.e., the hazard) could elicit a significant drought impact for an undersized or 
outdated water supply system compared to an adequately sized system (i.e., the exposure or 
adaptive capacity). In this case, the relationship between a geophysical indicator, like 
precipitation anomalies, and a drought impact will be very different between the two water 
systems because of the systems’ different exposures and adaptive capacities. For ecological 
systems, exposure and adaptive capacity can be complex mixes of human and nonhuman 
constructs that can be determined by decisions in policy, planning, and management, but are also 
determined by nonhuman factors such as biodiversity, ecological synergies, and species-level 
disturbance and stress resilience (Crausbay et al., 2022). It is therefore critical that advances in 
drought impact reporting and data collection account for the inherent dependence of impacts on 
exposure and adaptive capacity from both human and nonhuman causes. 

Conclusion 7-2: System exposure and adaptive capacity are important parts of the risk of 
drought impacts, and changes in either can affect the likelihood and/or severity of a 
drought impact. Therefore, along with drought impact data, drought assessment should 

https://nap.nationalacademies.org/catalog/29217?s=z1120


Improving Future U.S. Drought Assessment

Copyright National Academy of Sciences. All rights reserved.

7-6 IMPROVING FUTURE U.S. DROUGHT ASSESSMENT 

PREPUBLICATION COPY—Uncorrected Proofs 

regularly collect and report information on changes in a system’s drought exposure 
and/or adaptive capacity. 

Risk-informed drought decision-making relies on drought impact information to 
understand current conditions but also relies on documented drought hazard-impact relationships 
to predict potential future impacts for both emergency management and long-term planning 
applications. The risk of a drought impact can change with an increase or decrease in a system’s 
exposure and/or adaptive capacity, irrespective of any changes in the drought hazard (examples 
include growing human demand for water resources, ecological shifts that increase disturbance 
impacts, and others described in Ashraf et al., 2021; Hadley et al., 2021; Rodíguez-Flores et al., 
2023; Coder et al., 2025). Therefore, drought assessment frameworks need to be proactive in 
updating system-specific attributes of exposure and adaptive capacity so that they can properly 
assess, forewarn, and communicate the potential of a drought impact corresponding with a 
particular drought hazard. For example, if a water supply reservoir increases its storage capacity 
through expansion or dredging, it may increase its adaptive capacity to drought and therefore 
decrease the risk of a water supply drought impact. This information on changes in system 
exposure and/or adaptative capacity are equally important to document and communicate as 
changes in a drought hazard itself. Local and state governments and agencies can address this 
challenge of estimating drought impact risk via changes in exposure and/or adaptive capacity 
through regular and robust data collection including public and commercial water use, water 
resource health assessments, and ecosystem drought resilience assessments, as well as through 
planning such as regional water supply planning, hazard mitigation planning, and stress-test and 
tabletop drought exercises. 

Conclusion 7-3: Assessment of drought impacts requires information on drought 
conditions as well as the status and adaptive capacity of affected systems to inform 
operational drought response and long-term planning, but mechanisms for collecting and 
using such data do not exist consistently across the United States. State government 
agencies (e.g., natural resource, agriculture, and environmental protection agencies) in 
collaboration with local governments may be best positioned to undertake collection of 
data and planning that are relevant to drought exposure (e.g., water use, stream gauge, 
and low flow measurements) and adaptive capacity across systems (e.g., through water 
supply and hazard mitigation plans) and use of that information to reduce drought 
impact risk (e.g., tabletop exercises of existing drought plans). 

DROUGHT IMPACT DATA, COLLECTION, AND REPORTING 

Drought impact information is widely used for local- and state-level drought assessment, 
including triggering specific mitigative actions. For example, the Missouri Drought Mitigation 
and Response Plan uses drought indicators and indices to determine the state’s drought phase and 
to scope potential mitigative actions; however, the plan uses drought impacts to determine which 
mitigative actions should be enacted (Missouri DNR, 2023). Drought impact data are also used 
to establish relationships with geophysical indicators such as precipitation anomalies and indices 
like the Palmer Drought Severity Index. Strong and reliable relationships between drought 
indicators and impacts are necessary to effectively predict, forewarn, and assess drought impacts 
in a systematic and scientifically robust way. The connection between physical drought 
indicators and their societal and ecological consequences is neither automatic nor uniform across 
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regions and sectors. Traditional drought monitoring has focused primarily on physical anomalies, 
with limited systematic documentation of impacts. This gap impedes calibration of monitoring 
systems to real-world relevance and obscures understanding of which physical conditions 
translate into which types and magnitudes of consequences (Enenkel et al., 2020). 

Many peer-reviewed studies over the past few decades (see, e.g., Bachmair et al., 2015; 
Stagge et al., 2015; Parsons et al., 2019; Kchouk et al., 2022) have worked to establish 
relationships between drought indicators and impacts with varying levels of success. However, 
innovation in drought impact prediction and assessment with more easily measurable and 
quantifying indicators has been impeded by the continued lack of systematic and holistic drought 
impact data collection and cultivation. Advances in artificial intelligence (AI) and machine 
learning (ML) and participatory design in recent years have greatly improved the collection, 
useability, and actionability of drought impact data and the incorporation of expert knowledge. 
Large language models (LLMs), in particular, have shown promising benefits in more 
exhaustively collecting and synthesizing drought impact information (Shang et al., 2025; Wang 
et al., 2025), which could help fill in significant impact information gaps to improve all phases of 
drought assessment. However, continued work is needed by the entire drought impact 
community to expand and standardize impact collection so that drought assessment activities are 
grounded in accurate and representative drought impact information. 

Drought Impact Data  

Drought impact data are invaluable for all parts of drought assessment and are necessary 
to understand and predict relationships between geophysical indicators and social, economic, and 
environmental repercussions of drought. However, the diversity and complexity of drought 
impacts, even within one geographic region, have impeded the development of a systematic 
framework by which impacts can be easily and consistently integrated in drought assessment. 
Nevertheless, impact data have been an important component of drought assessment in the 
United States for decades. Drought impact information is collected by state, local, and Tribal 
scientists and officials through regular contact with individuals and groups representing public 
and private sectors that are affected by drought.  

The diversity of drought impact reporting capacity, responsibility, and interest between 
state, Tribal, and federal entities has created a complex patchwork of drought impact reporting 
pipelines, which has resulted in some states or sectors having more efficient and effective 
drought impact reporting than others. The myriad drought impacts are reported to different 
organizations, including University Extension and state departments and agencies. Some local-
level federal offices such as the Natural Resource Conservation Service (NRCS) and Farm 
Service Agency (FSA) have collected drought impact information; however, this effort has 
largely been the individual offices’ decision without task from federal U.S. Department of 
Agriculture (USDA). Each of these organizations have different ways of collecting, reporting, 
and using the impact information, often with varying degrees of documentation and protocol. 
Some entities have developed systems to facilitate effective drought impact data collection, 
including web-based tools for individuals and organizations to report drought impacts. For 
example, Montana developed a statewide drought impact reporting system to streamline the 
impact data collection process and to better inform drought decision-making. The National 
Drought Mitigation Center (NDMC) has similarly developed a nationwide tool for drought 
impact and condition reporting, the Condition Monitoring Observer Reports on drought (CMOR, 
Smith et al., 2021) tool. While drought impact data largely remain much more inconsistent and 
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disorganized, CMOR and state-level impact data collection services have improved impact 
information flow into drought assessment in recent years. Similarly, citizen science initiatives, 
such as the Community Collaborative Rain, Hail, and Snow (CoCoRaHS) network have grown 
self-reported drought impact systems that have greatly benefited drought monitoring and post-
event assessment (Lackstrom et al., 2017) 

Agricultural impacts of drought arguably have the most refined and systematic impact 
data collection frameworks in the United States, largely facilitated by the USDA. Agricultural 
impacts, such as disrupted or delayed field work, stunted crop growth, elevated irrigation 
demands, poor pasture conditions, and decreased yields, are reported by agriculture special 
interest organizations such as state farm bureaus and crop associations. Weekly crop and soil 
condition and progress have been regularly reported during growing seasons for several decades, 
in a reliable and accessible format that permits relatively easy drought assessment and scientific 
research. Equally reliable annual reports of indemnity payments by federal government programs 
have similarly facilitated advancements in the understanding of the socioeconomic impacts of 
agricultural drought on high-value crops and production systems across the United States.  

Impacts to water resources and other hydrological data collection and cultivation are 
often available for use in drought assessment. Drought impacts to hydrology and water resources 
are tracked and data collected by federal, state, Tribal, and local governments as well as by 
semiprivate or private water management groups, and private citizens. For example, drought 
impacts to public supply water reservoir levels may be reported by the Army Corps of Engineers, 
one of many state agencies, or local municipalities, depending on the ownership and 
management of the water body. In these cases, the regular stream stage or reservoir level data 
collected and reported by federal or state governments must be married to the stage or level at 
which an impact may occur (such as reduced water intake capacity for potable water supply) to 
predict, forewarn, or assess the hydrological drought impact. The U.S. Geological Survey 
(USGS) and National Oceanic and Atmospheric Administration (NOAA), in collaboration with 
state agencies and local governments, have taken great strides in standardizing this important 
surface water resource impact information to help guide management decisions and actions; 
however, more work and coordination are needed to improve the reliability and actionability of 
hydrological drought impact information. Furthermore, human-induced changes in water demand 
or supply in surface water systems can reduce the predictability of water supply impacts from 
drought, and therefore the indicator-impact relationships must be regularly updated.  

The inconsistent relationships between geophysical variables and hydrological or water 
resource drought impacts are even more complex for groundwater systems. Both unconfined and 
confined aquifer systems can be affected by drought through reduced recharge and increased 
water demand and dewatering. However, groundwater monitoring, modeling, and projection are 
challenged by a significant lack of measurements and geologic characterization coupled with 
rapid changes in water demand. The underlying geology largely determines the groundwater 
recharge rates following significant drought, and this information is difficult to obtain at the 
spatial scales needed for accurate water supply planning in groundwater-dependent regions. 
Furthermore, the longer timescales of groundwater drought response and recovery relative to the 
more rapid responses for agricultural and surface water responses and recovery can challenge 
traditional drought assessment systems and indicators. Recent and continued advances in large-
scale groundwater resource monitoring via remote sensing, combined with more efficient AI-
assisted modeling and advanced physics-based modeling, have the potential to greatly expand 
the ability to assess groundwater resources and their response to drought. It is important for 
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drought assessment frameworks to develop the flexibility to incorporate the growing wealth of 
groundwater information as these innovations continue.  

Private industries can also be an important source of drought impact information. 
Examples include reports from energy and power generation companies affected by reductions in 
power production from surface water-cooled power plants, transportation and logistics 
companies affected by reduced maritime traffic due to restrictively low river levels, and 
insurance and reinsurance companies affected by increased damage claims from crop loss or fire 
damages.  

Ecological impact data collection is arguably the least well developed in the United 
States. This is partly due to the relatively recent acknowledgment of ecological drought as an 
important form of drought that is separate from agricultural drought, the complexity and varied 
timescales of ecological response to and recovery from drought, and the relatively indirect 
economic and social impacts and mitigation of ecological drought. Natural resource impacts, 
including to aquatic and terrestrial ecology, are reported by scientists and natural resource 
managers, as well as by recreation and outdoor enthusiasts. Ecosystem health and species 
collections are two examples of critical ecological drought impact data and are often collected by 
federal agencies such as the U.S. Forest Service and National Park Service, various state 
agencies, Tribal experts, local government units (e.g., forest preserves), university and nonprofit 
organization scientists, and private citizens. These data are critical for post-event drought 
assessment and scientific research on ecosystem drought vulnerability, as well as to inform 
ecosystem management and adaptation decisions from local to federal scales. One of the 
strengths of ecological drought information is the long legacy of species data collection across 
the United States, in some cases dating back centuries (Bellew and Boudreau, 2025). These 
records, while sometimes inconsistent, allow scientists to establish drought-ecosystem 
relationships that can transcend the multidecadal internal variability of the climate system, and 
establish a robust record of long-term change in ecological composition and health (Rocha-
Ortega et al., 2021). Additionally, ecological information, such as tree rings and fire scars, 
provide useful information for regional drought risk assessment that spans farther into the past 
than any direct weather observations. However, there remain significant gaps in actionable 
ecological drought impact data. Remote sensing has helped reduce this information gap by 
providing virtually real-time indications of ecosystem response to environmental conditions; 
however, more work is needed to better establish reliable triggers and thresholds directly 
corresponding to drought impacts across different ecosystems and to support effective ecological 
transformation. These research and data needs are arguably greatest in the nation’s most 
heterogeneous ecosystems: urban areas. Drought can have significant impacts on urban ecology, 
including reducing ecosystem services of green infrastructure such as tree cooling potential. The 
plethora of microscale environments and inconsistent human intervention in urban areas limit the 
potential usability of traditional remote sensing tools for ecological drought impact information 
collection. One advantage of urban environments is the high density of potential reporting 
sources. Advancements in citizen science ecological monitoring and reporting, in particular, have 
helped fill gaps in urban ecological drought monitoring, and these citizen reports have been used 
in recent urban drought assessments (e.g., Lackstrom et al., 2017; Brown and Williams, 2019).  

Other Approaches to Collecting Impact Data 

Recent initiatives have begun to address this deficit of impact data through systematic 
impact documentation. The European Drought Impact Report Inventory, containing nearly 5,000 
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impact reports from 33 countries, reveals the same prioritization of agricultural and public water 
supply impact reports, which dominate documented drought consequences (Stahl et al., 2016). 
The National Drought Mitigation Center’s Drought Impact Reporter has similarly collected 
impact information from traditional and social media, government and private sector statements, 
citizen science initiatives and other sources, and provides these reports in a consistent and easily 
accessible format (Smith et al., 2014). Global assessments using geocoded disaster databases 
demonstrate that correlations between physical drought indicators and reported impacts vary by 
region and impact type, with hazard metrics derived from land reanalysis showing stronger 
relationships in some contexts than others (Kageyama and Sawada, 2022). 

Emerging methods for automated extraction of impact information from social and news 
media offer potential for near-real-time impact monitoring at unprecedented spatial and temporal 
resolution (Shang et al., 2024). The Social Drought dataset, comprising over 1.5 million social 
media posts aligned with expert-verified news articles and U.S. Drought Monitor classifications, 
demonstrates proof of concept for integrating conventional meteorological data with 
unconventional social media signals to provide holistic understanding of drought impacts. 
However, significant challenges related to data quality, representativeness, algorithmic bias, and 
interpretation remain before such approaches can be operationally integrated (Shang et al., 
2024). While recent advances have been made in the collection of drought impacts from social 
and traditional media, including through crowd-sourcing, there has been relatively little 
advancement in the ability to process, interpret, and communicate these huge datasets to support 
effective drought decision-making.  

The operational value of impact data extends beyond validation of physical monitoring 
systems. When drought severity classifications can be explicitly linked to impact thresholds, 
decision-makers can establish consistent triggers for interventions, allocate resources based on 
demonstrated need, and communicate risk in terms that resonate with affected populations (Stahl 
et al., 2016). The drought classification scheme presented in Table 6-1, while defined on a 
standardized statistical scale, gains operational meaning through calibration against observed 
impacts in specific sectors and regions. 

Conclusion 7-4: The growing wealth of drought impact information presents an 
opportunity to improve drought assessment at national, state, and local levels, especially 
as innovations and AI and other technology and science continue to be developed. 

Recommendation 7-1: NIDIS should work with decision-makers, scientists, and the 
broader drought community to develop a set of best practices by which drought 
impacts data can be consistently and effectively used for all aspects of drought 
assessment, especially for state drought plans and other policy and action plans. 

Drought Impact Data Collection and Use 

Drought impacts are used both for internal state and local government decision-making 
and to inform nationwide drought monitoring and mitigation efforts. State agencies and 
organizations, including state climate offices, collect drought impact information through regular 
and sometimes mandated contact with local governments and agencies as well as private citizens. 
The information may be regularly collected irrespective of drought conditions or may only be 
collected and communicated when drought is recognized by the state. Many states have 
integrated drought impact collection and data into their drought preparedness and mitigation 
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plans, and these plans have linked specific policy or regulatory actions to impacts. Similarly, 
local governments and decision-makers often look to drought impacts to inform mitigative 
actions, including water conservation measures and burn bans.  

Drought impact data are also used by private industries and can sometimes significantly 
affect economic markets. This is especially the case with agricultural drought impact data, 
including crop progress and yield information that are regularly collected and reported by the 
USDA. Agricultural drought impacts are also critical for traditional (i.e., not parametric) 
insurance programs offered by state and federal governments and by private insurers. Because 
drought often reduces on-farm income, these programs are vital for agricultural production and 
profitability during and following drought years. 

U.S. Drought Monitor  

The U.S. Drought Monitor incorporates objective drought indices and indicators based on 
geophysical data as well as drought impacts information. The drought indices and indicators are 
based on historical data that have been converted into a percentile format that is directly relatable 
to the USDM Dx categories and are available every week nationwide; they are the primary tool 
used to determine the Dx status. However, the drought impacts data are not provided on a 
consistent weekly basis for all states and do not have the required historical record for 
conversion into a percentile format; consequently, they cannot be consistently incorporated in the 
same way drought indices and indicators are and must be evaluated based on local expert 
knowledge.  

USDM authors use drought impact reports two ways. The first is to highlight areas that 
need to be examined in more detail with objective indicators. This typically happens when an 
area is not yet in a drought or abnormally dry status but is experiencing stress as indicated by the 
impact information, likely due to developing flash drought (for flash drought, impacts frequently 
lead the indicators). The second way is to refine a Dx status when the objective drought indices 
and indicators yield different signals (i.e., for different timescales [e.g., long-term vs. short-
term], different sectors [e.g., agricultural vs. hydrological], or different products [e.g., soil 
moisture derived from in situ observations, remote sensing, and/or models]). 

The key to the USDM methodology is the convergence-of-evidence approach. Ideally, 
the decision to assign a Dx status is dependent on the various objective drought indices and 
indicators “converging” to a particular drought state. This is also true for drought impacts 
information. In most cases, the impacts that are being experienced should be consistent with 
what the indices and indicators are saying (the exception being flash drought as noted above).  

Impacts information is being collected and summarized by NDMC and CMOR, but 
better, more comprehensive, and standardized impacts reporting is needed: impacts information 
across a spectrum (e.g., when it is dry, when it is wet, and in between) and context (e.g., does it 
always look this dry in July, or is it an anomaly?). 

Conclusion 7-5: The current infrastructure for collecting and communicating drought 
impacts is inadequate and impact data are not collected evenly across drought impact 
types (e.g., less actionable impact information for ecological drought), which has created 
uneven emphasis for drought assessment and response on some systems (e.g., 
agriculture) over other systems (e.g., wetlands) that are impacted by drought. 

Recommendation 7-2: NIDIS should facilitate the development or improvement of 
systems for systematic collection, reporting, and integration of drought impacts 
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consistently across sectors, regions, and interests, for multiple uses, including 
drought assessment, adaptation, and other decision-making. In this work, NIDIS 
should collaborate with the U.S. Department of Agriculture (agriculture and forest), 
Department of Interior (coastal, ecological, water resources), Department of 
Homeland Security (drought response/resilience, national security), Bureau of Land 
Management (fire, rangeland), Health and Human Services (public health), 
Environmental Protection Agency (water resources, air and water quality), and 
Tribal communities, as well as the broader drought community. 

INCORPORATING IMPACT DATA INTO DROUGHT ASSESSMENT 

Impact data are already incorporated in most aspects of drought assessment. However, 
the process by which this is done is inconsistent across states, regions, sectors, and drought 
events. Even within the U.S. Drought Monitor, impact data are not provided consistently in time 
or space, which forces the author to determine if and how they will use the patchwork of drought 
impact reports and data available. Furthermore, the current disorganized system of drought 
impact data cultivation impedes scientific understanding of relationships between drought 
indicators and impacts and effective prediction, early warning, and communication of those 
impacts. Therefore, proper incorporation of impact data into drought assessment requires 
expansion and improvement of systematic drought impact reporting across systems, regions, and 
interests. The required attributes of such a drought impact reporting system include (1) sufficient 
impact report frequency and spatial resolution for prediction, early warning, monitoring, and 
(ideally) impact mitigation; (2) sufficient timescales and periods of record to establish robust and 
reliable relationships between drought indicators and impacts; (3) dedicated and well-resourced 
groups of reporters and data collectors across the country; and (4) an entity or entities that can 
lead the facilitation of a nationwide drought impact data system. It is expected that the specific 
details of these four attributes will differ between drought types (e.g., surface water resources vs. 
forest ecology); however, all four attributes are necessary for successful incorporation of drought 
impact data into assessment (see Figure 7-2).  
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FIGURE 7-2 Attributes of a system that can properly incorporate impact data into drought 
assessment.  

The USDA’s National Agricultural Statistics Service (NASS) provides a good example 
of this type of impact reporting system. NASS is in ongoing contact with USDA local and 
regional offices, Extension, state agriculture agencies, and individual farmers and producers, and 
they use this engagement to regularly collect information on crop and livestock progress, 
condition, and production. This system has most of the necessary attributes for drought impact 
data reporting and incorporation, namely that crop conditions and yields are reported at sufficient 
time intervals for both drought monitoring and post-event assessment; the impacts are recorded 
at either county or state level (which is often sufficient for agricultural drought assessment); and 
there is a long record of impact data stretching back decades in most places. The data are also 
easily available and accessible for all aspects of drought assessment. These attributes are present 
because USDA has been able to develop and sustain relationships with individuals and groups 
who are reporting and collecting impact information, and because USDA has had support to 
establish and maintain this impact data collection infrastructure.  

While the USDA NASS data and reporting system is far from perfect, it is an example of 
a successful means of systematically and consistently collecting and cultivating impact data for 
drought assessment and can serve as a general model with which to develop similar drought 
impact reporting systems for other sectors and drought types. Another example of interagency 
collaboration toward a broader goal of hazard mitigation is the National Interagency 
Coordination Center (NICC),1 which coordinates resources and support for wildland fire across 

 
1 https://www.nifc.gov/nicc  
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the United States. Whether ecological impacts, water resource impacts, or nonagricultural 
economic impacts, effective drought impact reporting and data systems must have each of the 
four attributes listed: timescale, spatial scale, reporters and collectors, and system facilitators (see 
Figure 7-2). Following this blueprint, drought impact collection, reporting, and data cultivation 
can be more easily standardized and compared across drought events and geographic regions and 
can more easily facilitate science research advancements in drought prediction, early warning, 
and monitoring.  

Conclusion 7-6: Current drought impact reporting systems do not capture consistent or 
comprehensive drought impact information across time, geography, or drought types, 
which limits the usefulness of impact data to drought assessment and decision-making. 

Nonstationarity 

Drought impacts are strongly determined by the drought hazard and the exposure and 
adaptive capacity of the system of interest. All three of these components of drought impact risk 
can experience nonstationarity in both time and space. Therefore, drought assessment that 
explicitly uses impact data must account for nonstationarity in the geophysical hazard and or 
indicator used to characterize drought, and any potential nonstationarity in the exposure or 
adaptive capacity of the system of interest. Nonstationarity or changes in human practices that 
alter either a system’s exposure or adaptive capacity change the drought-impact relationship and 
therefore the underlying risk of a drought impact, which is one aspect of anthropogenic drought 
(AghaKouchak et al., 2021). Similarly, drought can cause long-term changes in ecosystem 
structure and function, which themselves affect the exposure and adaptive capacity of the 
ecosystem (Müller and Bahn, 2022). Changes in the drought hazard or a system’s exposure or 
adaptive capacity can also elicit new or newly discovered drought impacts, such as vector-borne 
diseases like Dengue (Lowe et al., 2021) and West Nile virus (Erazo et al., 2024), which have 
been linked to drought and hydroclimatic variability. 

Just as emerging or newly discovered drought impacts can be an effect of nonstationarity, 
so, too, can changes in the characteristics of more familiar impacts, such as impacts to 
agricultural production and electricity generation. For example, based on observed 
nonstationarity in agricultural loss data, some analyses have recommended that federal crop 
insurance programs adopt shorter loss histories for setting premiums while using longer time 
series to capture extreme events (Coble et al., 2011). Similarly, in its 2022 Integrated Resource 
Plan, the Pacific Gas and Electric Company (PG&E) moved from using a 30-year historical 
average hydroelectric generation conditions to a 15-year average for which the impacts of 
climate change are more apparent (PG&E, 2022). 

An ideal drought impact collection and reporting system should be flexible enough to 
respond to new or newly realized impacts and emerging threats.  

Conclusion 7-7: Changes in human and nonhuman systems create nonstationarity in 
drought impacts and can change the impact-indicator relationship. 

Conclusion 7-8: Drought impact collection and reporting systems need flexibility to 
respond to new or newly realized impacts and emerging threats. 
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8 
Framework for Incorporating Nonstationarity into Drought 

Assessment 

VISION 

Given the challenges raised by nonstationarity that have been discussed in the preceding 
chapters, drought assessment should increasingly be designed around a two-pronged drought 
analysis framework that delineates and addresses the specific needs of (1) short-term operational 
assessments for activities like emergency management and (2) long-term planning assessments 
for activities like adaptation, depending on the application. A nonstationary drought analysis 
framework should start from the decisions it is designed to support, not purely from the statistical 
machinery.  

At the shortest horizons, key decisions include insurance payouts, contract triggers (e.g., 
of parametric insurance contracts), regulatory oversight, state- and local-level policy decisions, 
and damage compensation based on drought severity categories. For these 
operational/emergency management applications, the priority is stability, transparency, and 
regulatory and stakeholder acceptance of the indices used to make decisions.  

A sensible vision for this short-term operational drought assessment is to rely on 
contemporary baseline periods on the order of 30 years (± 10 years depending on the type of 
drought assessment, systems of interest, and decision frameworks), to keep the reference 
climatology aligned with contemporary conditions, but to avoid overly complex time-varying 
parameterizations that require much longer data records. (Figure 8-1 shows a conceptual 
illustration of baseline choice in drought assessment; in this figure, the blue line indicates 
constant mean). In practice, this means using well-established indicators (e.g., Standardized 
Precipitation Index [SPI] or Standardized Precipitation Evapotranspiration Index [SPEI]) 
calibrated on a moving or periodically updated baseline, with careful documentation of how 
baselines are selected and refreshed so that terms of use remain clear and reproducible for all 
parties. Given the relatively short baseline period in this framework, the contemporary baseline 
could reasonably be treated as stationary (blue line in Figure 8-1). This approach aligns with the 
so-called updated stationary analysis (Luke et al., 2017), in which the latter portion (e.g., ~30 
years) of a nonstationary time series is modeled under a stationary assumption. Furthermore, 
using a shorter baseline can improve responsiveness to evolving climate conditions, but it also 
increases sampling uncertainty and can reduce the stability of percentile-based thresholds, 
underscoring the need to balance responsiveness with robustness when selecting the baseline 
length. 

At the other end of the spectrum are long-term planning decisions in water resources 
management, environmental restoration, critical infrastructure decisions, ecosystem 
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conservation, and climate adaptation more generally. These long-term planning decisions must 
consider how drought hazard may evolve over years to many future decades. Here, the vision 
shifts toward explicitly nonstationary probability models that allow distribution parameters to 
change over time and with physical covariates. Baselines need to be longer, ideally 60 years or 
more (75 ± 25 years), and should integrate observational records, reanalyses, and climate model 
output to capture a wide range of variability and trend behavior (red line indicating changing 
mean in Figure 8-1). While the baseline is typically derived from the historical record, it may 
also incorporate future predictions and projections depending on the purpose and design of the 
modeling framework (see the long-term reference period in Figure 8-1).  

Long records, including paleoclimatic records, matter here for two reasons. First, long-
horizon decisions are exposed to low-frequency climate variability and regime shifts (e.g., due to 
climate change, multidecadal ocean–atmosphere variability, land-cover change, slow 
groundwater and ecosystem responses, and other factors) that cannot be characterized reliably 
with short baselines. Second, robust estimation of tail risk and return levels for rare, high-impact 
droughts requires enough data to constrain extremes and avoid overfitting trends to short-term 
fluctuations. As a result, drought assessment to inform long-term planning should use the full 
available record and explicitly account for nonstationarity across the entire period, rather than a 
regular resetting of the reference frame to a recent window. In other words, the goal is not simply 
to update a baseline, but to model how the drought distribution has changed and may continue to 
change, conditional on physically meaningful drivers. For example, planners might use 
nonstationary frequency analysis of a standardized drought index where the distribution 
parameters (e.g., location, scale) evolve with global temperature, regional circulation indices, or 
greenhouse gas concentrations, then propagate these evolving distributions into design criteria 
for reservoirs, groundwater management rules, and environmental flow requirements (Ragno et 
al., 2019; Katz et al., 2013; Renard et al., 2006). 

Adopting a nonstationary framework is required to meet the challenge of climate change 
and natural variability, 1) based on the high-confidence knowledge that temperatures will 
continue to increase as long as greenhouse gases continue to be added to the atmosphere and 
2) given that the same human-caused climate change will in some cases force changes in 
precipitation, both in regional monotonic drying or wetting trends and in altering variability 
patterns on interannual to multidecadal timescales (IPCC, 2021). This report recognizes the need 
for increased climate research to support drought assessment and adaptation to drought (see 
Conclusion 3-5), and it is already clear that both human-forced change and internal climate 
system processes will change drought risk in nonstationary ways over decadal and longer 
timescales. Even in cases where uncertainty exists regarding the cause of observed decadal to 
multidecadal precipitation change (e.g., in the headwaters of the Colorado River and Rio Grande 
[e.g., Seager et al., 2023, Kuo et al., 2025; Klavens et al., 2025; Todd et al., 2025]), the 
paleoclimate record makes it clear that multidecadal droughts can persist for decades to centuries 
(Gangopadhyay et al., 2022; Williams et al., 2022a), and likely even longer (e.g., Todd et al., 
2025). This knowledge can be critical for adaptation efforts, for example, in ensuring sustainable 
water use or ensuring that communities are safe from catastrophic wildfire impacts. 

Adopting this nonstationary framework has downstream implications for the economic 
evaluation methods on which long-term decisions rely. Federal and state agencies use cost-
benefit analysis built on stationary climate assumptions: discount rates applied to benefit streams 
assumed to follow historical hydroclimate distributions, and infrastructure performance 
evaluated against a fixed reference climate. Under nonstationarity, however, these methods 
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systematically underestimate the benefit of building flexibility into adaptation decisions and the 
costs of switching from one adaptation pathway to another when conditions evolve differently 
than expected (Haasnoot et al., 2020). Frameworks that explicitly evaluate sequences of 
investment options, rather than single static investments against a stationary baseline, are 
increasingly used in adaptation planning internationally, but are not yet standard in U.S. federal 
agency practice. A drought assessment framework designed for long-term planning is incomplete 
without paired updates to the economic evaluation methods used to act on it. 

Practical Considerations Associated with this Vision  

Building on the two-pronged approach toward drought assessment based on application 
and timescale described above, this section discusses practical considerations and choices that 
must be made when implementing the framework, including the use of additional covariates and 
variables, and persistence of trends. A framework for incorporating nonstationary considerations 
into drought assessment needs to have flexibility for application across a wide range of settings 
with different drought drivers and manifestations. Drought assessment, particularly for long-term 
planning, should also accurately capture current understandings of future trends.  

Additional covariates. While temporal nonstationarity is often modeled as a function of 
time, other physics-based nonstationary covariates (e.g., land use and land cover (LULC); local 
water demand; temperature) can also be considered (i.e., modeling changes in drought severity or 
frequency as a function of changes in LULC or temperature). 

Additional variables. Any drought-relevant variable (e.g., precipitation, snowpack status, 
soil moisture, groundwater, evapotranspiration) or drought indicator can be used within this 
framework (y-axis in Figure 8-1). 

Trend persistence. When modeling future droughts by extrapolating a nonstationary trend 
inferred from historical observations, the modeler should explicitly consider whether that trend is 
expected to persist. This is often a strong assumption and should be evaluated using future 
climate model predictions and projections as well as theory and observational evidence (e.g., 
whether the inferred trend can physically continue to increase, given constraints on atmospheric 
moisture supply, land-surface feedbacks, or groundwater depletion). From a practical viewpoint, 
the future can be represented either with a stationary assumption (e.g., a constant mean; dotted 
blue line in Figure 8-1) or with an explicitly nonstationary specification (e.g., a changing mean; 
dotted red line in Figure 8-1). 

Applying This Vision 

The committee recommends adopting a decision-first, two-pronged drought assessment 
framework that explicitly links baseline choice and statistical assumptions, and methods, to the 
decision context for both short-term operational drought assessments used for emergency 
management, and longer-term assessments designed to support long-term planning.  

For short-term operational assessments aimed at predicting subseasonal-to-seasonal 
changes in drought conditions (prediction and early warning), characterizing current drought 
conditions (monitoring), analyzing the characteristics of a recent drought event (post-event 
assessment), or assessing potential changes in regional to local drought characteristics under the 
current climate (projection), the community should standardize an updated stationary approach 
based on contemporary baselines (e.g., 30 years ± 10 years, depending on the type of drought 
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assessment, systems of interest, and decision frameworks), with clear rules for baseline 
refreshing, documentation, versioning, and reproducibility.  

For long-term planning drought assessments designed for multiyear expectations of 
drought conditions and impacts (prediction and early warning), for analysis of recent drought 
events in the context of a region’s or location’s long-term drought history (post-event 
assessment), and for long-term planning and drought impact mitigation (projection), the 
framework should emphasize explicitly nonstationary models that use the full available 
observational record (including the paleoclimatic record), and model-based 
predictions/projections and allow statistical parameters to evolve with time and/or physically 
meaningful covariates (e.g., temperature, circulation indices, water demand, LULC).  

Because appropriate methods and baselines are decision dependent, this framework 
should be co-developed and maintained by a consortium spanning (1) the research community 
(to advance methods, data, including paleoclimatic data, diagnostics, uncertainty quantification, 
and open-source reference implementations); (2) operational agencies and practitioners (e.g., 
water agencies, drought monitoring systems, infrastructure owners) who can define decision 
requirements and operational constraints; and (3) standards and regulatory stakeholders (e.g., 
professional societies, guidance-setting bodies, insurance regulators) to ensure transparency, 
stability, and acceptance for high-stakes applications.  

Box 8-1 describes additional considerations for an improved national drought assessment 
framework. 

BOX 8-1 
Considerations for a National Drought Assessment Framework 

Examples of useful components of a more application-tailored drought assessment framework: 
Decision-specific guidance: shared guidance specifying baseline lengths, update 

frequency, documentation standards, and reporting requirements for short-term and long-term 
drought assessment, specific to the application at hand. 

Reference implementations: open-source, modular toolkit implementing both tracks 
(updated-stationary and explicitly nonstationary), with consistent outputs (e.g., return levels, 
exceedance probabilities, category thresholds) and standardized uncertainty reporting. 

Benchmarks and stress tests: benchmark datasets and stress tests across hydroclimatic 
regimes to evaluate sensitivity to baseline length, covariate choices, and assumptions about 
trend persistence (i.e., stationary vs. nonstationary). 

Governance and change management: operationalize governance for updates (i.e., who 
updates baselines, how changes are communicated, and how legacy decisions remain 
comparable), aligned with end-user needs and regulatory constraints. 

Impact data infrastructure: comprehensive drought impact data system by systematically 
collecting, standardizing, and sharing impact data (e.g., crop losses, well failures, supply 
disruptions, ecosystem threshold exceedances, and inflation-adjusted economic losses). This 
system would support impact-based studies, enable decision-specific nonstationary drought 
models, and strengthen the validation of indicator-based assessments. 

 
Because this framework is explicitly decision focused, federal and state agencies 

assessing changes in drought should adopt it as a common guideline and then tailor it to their 
specific mandates and decision horizons (e.g., short-term operations vs. long-term planning). 
This includes selecting the drought-relevant variables and indicators that match the application 
(e.g., agricultural drought metrics vs. meteorological drought indicators, or hydrologic variables 
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such as streamflow and groundwater), so the resulting products, including maps for different 
sectors, drought types, and time horizons, are fit for purpose rather than one-size-fits-all. 

Conclusion 8-1: A framework for incorporating nonstationarity in drought assessment to 
inform decision-making should be designed around a two-pronged drought analysis 
framework that integrates (1) short-term operational/emergency management 
assessments and (2) long-term planning assessments, depending on the application. 

Conclusion 8-2: For drought assessments used for short-term operational decision-
making, an updated stationary approach based on contemporary baselines (e.g., 30 years 
± 10 years, depending on the type of drought assessment, systems of interest, and 
decision frameworks) is appropriate, assuming it is implemented with clear rules for 
baseline refreshing, documentation, versioning, and reproducibility.  

Conclusion 8-3: Drought assessments designed to support long-term planning (including 
post-event assessment, and projection) should be based on explicitly nonstationary 
models that use the full available observational record including paleoclimatic 
information (when available and relevant) and model-based predictions/projections. The 
assessment framework should allow statistical parameters to evolve with time and/or 
physically meaningful covariates (e.g., temperature, circulation indices, water demand, 
land use land cover). This framework for modeling evolving statistical parameters can be 
implemented using either traditional statistical approaches or emerging artificial 
intelligence and machine learning methods for representing nonstationarity. 

Conclusion 8-4: Developing a shared approach to drought assessment under 
nonstationarity requires the engagement of a wide range of stakeholders, including from 
(1) the research community to advance methods, diagnostics, dynamical understanding, 
uncertainty quantification, and open reference implementations; (2) operational agencies 
and practitioners (e.g., water agencies, farmers, ranchers, forest and rangeland 
managers, wildfire managers, drought monitoring systems, and infrastructure owners) 
who can define decision requirements and operational constraints; and (3) standards and 
regulatory stakeholders (e.g., professional societies, guidance-setting bodies, and 
insurance regulators) to ensure transparency, stability, and acceptance for high-stakes 
applications. 

Conclusion 8-5: An improved framework for drought assessment should include 
approaches that are increasingly tailored to specific conditions and decision contexts, as 
well as agency- and user-specific applications. 

Recommendation 8-1: To support the development of a common drought 
assessment framework, NOAA/NIDIS should facilitate the establishment of a 
consortium that includes representatives from the research community, operational 
agencies and practitioners, and standards and regulatory stakeholders. 

Recommendation 8-2: NOAA/NIDIS, in collaboration with other agencies such as 
USDA, should develop a common drought assessment framework that integrates 
approaches for both short-term operational and long-term planning applications. In 
this framework, short-term operational assessments should be based on 
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contemporary baselines, with clear rules for baseline refreshing, documentation, 
versioning, and reproducibility; and long-term planning assessments should be 
based on nonstationary models that use the full available observational record 
(including the paleoclimatic record) together with model-based predictions and 
projections, and that allow distribution parameters to evolve over time and/or with 
physically meaningful covariates. 

Recommendation 8-3: NOAA/NIDIS should facilitate development, with a 
consortium of key drought sector representatives, of a set of application-specific 
guidelines, specifying baseline lengths, update frequency, documentation standards, 
and reporting requirements for short-term and long-term drought analysis, with 
complementary guidelines tailored to specific applications or sectors. 

Recommendation 8-4: The drought assessment community should invest in research 
and development to strengthen convergence-of-evidence approaches by introducing 
more transparent, structured, and reproducible frameworks for selecting the 
baseline period and integrating multiple indicators. These efforts should aim to 
formalize how the baseline period is selected and how indicators are combined, 
weighted, and interpreted, based on expert judgment and domain-specific 
knowledge. 

 

FIGURE 8-1 Conceptual illustration of baseline choice in drought assessment.  
NOTE: The blue line represents an updated-stationary approach using a contemporary baseline 
with a constant mean, while the red line represents an explicitly nonstationary framework with a 
changing mean (and potentially other distribution parameters). The light blue and red shading 
represent uncertainty bounds from multi-model future projections. The y-axis denotes a generic 
drought-relevant variable or index, and the baseline length reflects the decision context (short-
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term applications vs. long-term planning). Because of changes in the mean and/or variability 
over time (red line), a drought that was previously considered moderate (D1 on the U.S. Drought 
Monitor [USDM] scale) may become a more extreme event (e.g., D3) when evaluated relative to 
a shorter contemporary period (blue line). Changes in drought-related variables can be examined 
as a function of time or other variables (e.g., temperature, land use and land cover [LULC]). 

IMPLEMENTATION 

A core element of the proposed vision is a two-pronged, decision-first framework that 
links operational drought monitoring with long-term planning in a consistent way. For 
operational monitoring, assessment, and emergency drought response, the framework provides 
contemporary drought information anchored to a shorter, decision-relevant baseline, typically on 
the order of 30 years (± 10 years; see Figure 8-1). These indicators can drive triggers for relief 
programs, water use restrictions, and early warning alerts, and they should be produced at 
relatively high spatial and temporal resolution across diverse geographic regions and sectors. In 
parallel, the same underlying variables and indices are analyzed within an explicitly 
nonstationary context using longer baselines and physically meaningful covariates to produce 
evolving severity thresholds, return period estimates, and scenario-based projections for 
planning. The intent is a coherent system in which the indices used by emergency managers and 
the indices used by planners are mathematically consistent but interpreted differently depending 
on the decision horizon, baseline choice, and assumptions about nonstationarity (e.g., constant 
mean vs. changing mean, stationary vs. evolving parameters). This structure supports 
comparability across space and time, while still allowing tailored, decision-specific 
implementation.  

Types of decisions and actions that need to be made. The framework should explicitly 
map drought metrics to the actions they are meant to support. At shorter horizons, key decisions 
include activation of drought declarations, allocation rules and shortage sharing, water use 
restrictions, emergency supply logistics, agricultural relief eligibility, and parametric triggers for 
insurance payouts, damage compensation, and disaster assistance. In these contexts, the priority 
is stability, transparency, and operational reproducibility, so that triggers are defensible and 
consistent across jurisdictions and over time. At longer horizons, decisions include reservoir 
design and operating rules, groundwater sustainability plans, environmental flow requirements, 
ecosystem and watershed restoration, critical infrastructure design and retrofit, interbasin transfer 
planning, and investment prioritization across portfolios of drought risk reduction measures and 
adaptations. These decisions are exposed to multidecadal climate variability, trend behavior, and 
potentially deep uncertainty, so they require explicit treatment of nonstationarity and careful use 
of the full available record. Deep uncertainty refers to when future conditions are highly 
uncertain and stakeholders cannot confidently assign probabilities to different outcomes or agree 
on the best model, assumptions, or values to use in decision-making. 

Application types, short-term vs. long-term. Short-term applications generally operate on 
seasonal to interannual horizons and are dominated by the need for actionable thresholds, clear 
triggers, and regulatory or contractual acceptance (e.g., drought categories used for relief 
eligibility, SPI or SPEI thresholds used in parametric instruments). A practical implementation is 
an updated-stationary approach, that is, using well-established indicators calibrated on a moving 
or periodically updated baseline, with strong version control and documentation so that outcomes 
remain traceable and reproducible. Long-term applications operate on decadal horizons and 
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require explicit modeling of changing probabilities and evolving tails of risk distributions. Here, 
the framework shifts toward nonstationary probability models where distribution parameters may 
evolve with time and/or physical covariates (e.g., temperature, circulation indices, water demand, 
LULC), and where projections can be incorporated to assess plausible futures. This application 
approach should support scenario-based planning and robust decision-making, rather than 
relying on a single best-estimate extrapolation of historical trends. 

Periods of record. Because baseline choice is decision dependent, the framework should 
formalize guidance on periods of record and how they are used. For operational triggers and 
near-term assessment, a contemporary baseline of ~30 years (± 10 years) is typically appropriate 
to keep the reference climatology aligned with current conditions, while avoiding overly 
complex time-varying parameterizations that require much longer records. Within this approach, 
the baseline can be treated as stationary or may include a trend, depending on the application and 
index design, but the key requirement is that the selection and update rules are explicit and 
auditable. For planning and design, longer records are essential. Baselines should be 60 years or 
more (e.g., 75 ± 25 years) where feasible, and should integrate observations, reanalyses, and 
climate model output to capture a wide range of variability, trend behavior, and physically 
plausible futures (see Figure 8-1). In this approach, the recommendation is to consider the full 
available record in an explicitly nonstationary framework, rather than relying only on a recent 
window, because long-horizon decisions are sensitive to low-frequency variability, regime-like 
behavior, and tail risk that shorter baselines cannot constrain reliably. 

Practical Considerations. In implementation, nonstationarity does not need to be 
represented only as a function of time. Where appropriate, the framework can also incorporate 
physics-based covariates (e.g., land use and land cover; temperature, climatic/oceanic circulation 
patterns); that is, it can model changes in drought severity or frequency as a function of evolving 
LULC or warming rather than time alone. The chosen baseline then serves two complementary 
purposes, enabling evaluation of future droughts relative to contemporary conditions while still 
allowing comparisons against longer-term baselines needed for planning. The approach is also 
flexible with respect to what is modeled, since any drought-relevant variable (e.g., precipitation, 
soil moisture, groundwater, evapotranspiration) or drought indicator can be used within the same 
structure (y-axis in Figure 8-1). Finally, when future drought behavior is inferred by extending a 
historical nonstationary trend, the modeler should explicitly assess whether the trend is expected 
to persist, recognizing that this is often a strong assumption that should be tested using 
predictions, projections, and/or physical evidence (e.g., whether continued increases are 
physically plausible given constraints on atmospheric moisture supply, land-surface feedbacks, 
or groundwater depletion). From a practical standpoint, the future can be represented either with 
a stationary assumption (e.g., a constant mean; dotted blue line in Figure 8-1) or with an 
explicitly nonstationary specification (e.g., a changing mean; dotted red line in Figure 8-1). 

Decision Framework  

The proposed nonstationary drought framework is designed to expand evolving drought 
hazard information and the user-centric decision structures that are already in use, rather than 
replacing those structures. In practice, many public agencies and private actors operate with rule-
based, threshold-driven protocols, where crossing a specified level of an index or metric 
activates a discrete action (e.g., drought declarations, conservation stages, contingency supplies, 
relief payments). For these applications, the framework supports systematic recalibration of 
triggers so that threshold meaning remains aligned with changing conditions, while the 
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underlying governance and operating logic stays intact. In other words, users keep the same 
trigger architecture and familiar categories, but the reference used to interpret “severe” or 
“extreme” is updated in a controlled, documented way based on nonstationary evidence. 

Other users rely on probabilistic and economics-based decision methods, where decisions 
are guided by quantified risk, trade-offs, and performance under uncertainty (e.g., risk-based 
design, adaptive pathways, robust decision-making, portfolio optimization, cost–benefit 
analysis). The literature on robust decision-making under deep uncertainty also describes 
opportunities for application of approaches such as multiple scenario development and resilience 
thinking in natural resource management (Polasky et al., 2011; Benson and Garmestani, 2011), 
including ways to improve deliberations among decision-makers in situations where probabilities 
are poorly characterized and about which stakeholders disagree (Lempert, 2003). For these 
contexts, the framework provides time-evolving probability distributions and risk metrics (e.g., 
changing exceedance probabilities, shifting return levels, scenario-conditioned severity–
frequency relationships) that can be ingested directly by existing planning and financial tools. 
For example, a water utility can stress-test candidate strategies across multiple plausible 
nonstationary drought trajectories, including futures with accelerated drying or increased 
interannual variability. Insurers and reinsurers can evaluate how nonstationary severity–
frequency assumptions affect pricing, reserves, and portfolio solvency, and can compare results 
across alternative views of trend persistence and uncertainty. Across both classes of decision-
making, the goal is not to prescribe a single “best” decision rule. Instead, it is to deliver decision-
ready drought information that is consistent, transparent about assumptions, and usable across a 
spectrum of applications, from operational triggers to multi-objective planning under deep 
uncertainty. 

Impact-Based Drought Assessment 

A decision-centered nonstationary drought framework should ideally treat impacts as 
first-class information, not merely as outcomes to be explained after the fact. Where impact data 
are available, they can be used to define drought risk in the most decision-relevant way: by 
modeling how the probability and severity of real-world consequences evolve over time and 
under changing climate and human conditions. In this approach, drought is not characterized 
solely by a hydroclimatic index (e.g., SPI, SPEI), but by an impact metric that directly matters to 
users (e.g., inflation-adjusted crop revenue loss, acreage fallowed, well failures, hydropower 
deficits, municipal shortage events, ecosystem stress indicators). A nonstationary model can then 
be built around the evolving distribution of those impacts, with parameters allowed to change 
through time and/or with physically and socioeconomically meaningful covariates (e.g., 
temperature, demand, land use, irrigation technology, groundwater depth). This reframes drought 
analysis from “How is the indicator changing?” to “How is the likelihood of harmful outcomes 
changing, and why?” 

Agriculture provides a clear example. Many regions have multidecadal records of crop 
yields, planted area, and market value that can be converted to real (inflation-adjusted) economic 
outcomes. If these data are sufficiently consistent, one can model drought-related losses directly, 
rather than relying on a proxy indicator. For instance, a nonstationary impact model could 
estimate how the probability of yield losses exceeding a critical threshold evolves with rising 
temperatures, shifting precipitation regimes, and changes in irrigated area, while also accounting 
for adaptation (e.g., adopting more drought- or heat-resistant crop varieties or crops, irrigation 
expansion, improved efficiency). Similar impact-centered analyses are possible for other sectors: 
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hydropower generation shortfalls (e.g., energy deficits relative to differing demand scenarios), 
municipal supply restrictions (e.g., frequency of mandatory conservation stages), groundwater 
outcomes (e.g., well failure rates or depth-to-water thresholds), or ecosystem impacts (e.g., 
frequency of critically low environmental flows or habitat suitability exceedances). In each case, 
the outputs are immediately interpretable as evolving risk to a service, asset, or community 
outcome. 

The primary challenge is that reliable, standardized, long-term impact data are often 
unavailable, fragmented across institutions, or inconsistent due to changes in reporting practices, 
economic conditions, infrastructure, and policy. Impacts are also shaped by exposure and 
vulnerability, which can change rapidly (e.g., shifting cropping patterns, population growth, new 
pumping regulations), making attribution and nonstationary inference difficult without careful 
metadata and covariate information. As a result, impact-based drought monitoring and 
assessment remain challenging in many regions, and operational systems often revert to hazard-
based indicators because they are easier to produce consistently. Closing this gap will require 
deliberate investment in impact data infrastructure, including consistent reporting standards, 
open and interoperable databases, and sustained partnerships with sectoral agencies and 
stakeholders so that impact metrics can be used alongside hydroclimatic indicators to support 
robust, equitable, decision-relevant drought risk management. 

National Assessment 

Every part of the United States (all 50 states and U.S. territories) is at some risk of 
drought and aridification in the future; thus, nationwide long-term drought assessment is needed 
to build drought resilience across the country. 

Conclusion 8-6: The entire United States is at risk of drought and aridification in the 
future, and this risk should be assessed at regular intervals in recognition that the 
understanding of nonstationarity (both climatic and otherwise) and drought dynamics 
changes in time. This regular assessment should focus on providing stakeholders with the 
information they need to increase resilience to future drought and aridification. 

Recommendation 8-5: NOAA and its partners should carry out regular national 
drought assessment that facilitates long-term (seasons to decades) planning for all 
regions in the United States, whether they are currently experiencing drought or 
not. These long-term assessments should take into both natural and human-driven 
forms of nonstationarity, including natural and human-forced climate change, and 
should be designed to enhance resilience to possible future drought. 

CHALLENGES AND UNANSWERED QUESTIONS 

Implementing this vision requires closing gaps in data, indicators, impact understanding, 
decision tools, institutional practice, and governance, and it also raises a set of unresolved 
scientific, institutional, and ethical questions that must be addressed explicitly. A recurring 
theme is that nonstationary drought frameworks are decision dependent and cannot be developed 
in silos. Different agencies and users (private or government) should work with modeling teams 
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to co-develop decision-specific frameworks that are transparent, defensible, and fit for purpose 
across regions and sectors. 

Data Gaps and Consistency Challenges  

The lack of long, homogeneous, and well-documented records of drought-relevant 
variables across many regions remains as a foundational gap. Robust nonstationary modeling 
often requires consistent time series of precipitation, temperature, evapotranspiration, soil 
moisture, groundwater, and streamflow, yet many observational records are short, fragmented, or 
affected by changes in instruments, station density, land use, and data processing practices. In 
addition, inconsistencies between observational datasets and reanalyses remain a practical 
barrier, particularly when drought characterization depends on derived variables (e.g., potential 
evapotranspiration, or PET) and when uncertainty estimates are not routinely provided or are 
difficult to interpret. There is also limited availability of merged, drought-tailored products that 
explicitly quantify uncertainty, document inhomogeneities, and provide consistent spatial 
coverage at decision-relevant scales. (See Chapter 5 for a detailed assessment of these data issues 
and Chapter 7 for information on drought impact data.) 

Unanswered questions include: What constitutes a “sufficiently homogeneous” record for 
nonstationary drought inference in a given region? How should analysts reconcile conflicts 
between observational products and reanalyses, particularly when those differences are 
comparable to the inferred trend signal? How should uncertainty from measurement, 
interpolation, and reanalysis assimilation be propagated into drought categories and triggers? 

Indicator Gaps, Including Operational Nonstationary Products  

Most widely used operational drought indices still assume fixed historical baselines and 
stationary thresholds. There is no broadly adopted, standardized family of nonstationary drought 
indicators with clear guidance for calibration, updating, interpretation, and uncertainty 
communication. This gap is particularly acute for applications that require regulatory or 
contractual defensibility, where indices must be stable, auditable, and reproducible over time. 
(See Chapter 6 for a detailed discussion of drought indicators.)  

A specific and high-priority gap is the absence of an operational aridity index (and related 
operational products) designed to explicitly reveal nonstationarity and trends. Closely related is 
the lack of routinely produced products that show how the character of drought is changing due 
to trends, including changes in duration, frequency, intensity, onset/intensification rates, 
seasonality, and multiyear persistence, and doing so consistently for both historical conditions 
and future projections. Such products would move beyond static snapshots and provide decision-
makers with an interpretable view of how drought hazard is evolving, while still preserving 
transparency and avoiding false precision. 

Unanswered questions include: Which indicators can be made operational while still 
capturing nonstationary behavior in a statistically defensible way? How should nonstationary 
indicators be “versioned” so that results remain comparable across time as baselines are updated? 
What is the best practice for expressing uncertainty and deep uncertainty in a way that is 
meaningful for operational thresholds? 
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Modeling and Methodological Gaps, Including Complexity vs. Robustness  

Scientifically, there is no consensus on how complex nonstationary models must be in 
order to materially improve decisions, or how to balance flexibility against transparency and 
robustness. Different regions will face different dominant drivers of nonstationarity, different 
levels of data availability, and different sensitivities to covariate selection. As a result, a single 
national or global modeling template is unlikely to work everywhere. Another persistent 
challenge is deep uncertainty, both in future climate projections and in how human systems 
evolve (e.g., population, demand, groundwater development, land management). Translating 
these uncertainties into drought-relevant metrics that avoid false precision yet still support 
concrete choices remains a major research gap. Similarly, trend persistence assumptions are 
often implicit. When analysts fit nonstationary trends to historical data, the core question 
becomes whether those trends should be assumed to continue, stabilize, or reverse in the future, 
and on what physical basis. 

Unanswered questions include: When does added nonstationary complexity 
demonstrably improve decisions relative to simpler updated-stationary approaches? What 
diagnostics should be required to justify model complexity, especially for high-stakes 
applications? How should analysts select covariates in a way that is physically interpretable and 
avoids overfitting? What constitutes sufficient evidence that an inferred historical trend is 
physically plausible to extrapolate? 

Decision-Tool and Workflow Gaps  

Many existing decision tools are built around stationary concepts, including fixed return 
periods, fixed drought categories, and thresholds derived from a single historical reference 
period. Tools often do not allow practitioners to explore how triggers, categories, and return 
periods shift under alternative baseline choices, covariate assumptions, or scenario-based futures. 
There is also a lack of modular, open, reproducible toolchains that connect the full workflow 
from inputs (observations, reanalyses, projections) to outputs (indices, thresholds, return levels, 
uncertainty, and decision-relevant summaries), with clear documentation of assumptions. 

Unanswered questions include: What minimum functionality should decision-support 
tools provide to enable baseline sensitivity analysis and scenario testing? How should outputs be 
aggregated and disaggregated across scales without losing decision relevance (e.g., local 
irrigation district vs. multistate basin)? How should model outputs be translated into actionable 
policies when different sectors require different risk tolerances? What are the key 
communication or data literacy challenges associated with these decision-support tools? 

Institutional and Governance Gaps, Including Planning Documents  

Institutionally, decision processes and regulatory frameworks are still anchored to 
stationary concepts. Moving toward nonstationary triggers and evolving baselines will require 
changes in statutes, regulations, agency guidance, and contract language, alongside new norms 
for transparency and accountability. Governance is also underdeveloped: Who owns the baseline 
update process? How are updates communicated to avoid confusion and loss of trust? How are 
versions archived and audited? What constitutes acceptable change management when thresholds 
impact payouts, restrictions, or allocations? A major planning gap is that most state drought 
plans do not include future drought assessment, and while some hazard mitigation plans do, there 
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is no consistent framework for embedding nonstationary drought risk and climate projections 
into long-term planning and preparedness. Future risk is often treated as optional, ad hoc, or 
relegated to appendixes rather than integrated into decision workflows and investment planning. 

Unanswered questions include: What governance model ensures consistency across 
agencies while allowing decision-specific tailoring? How should planning documents 
incorporate future assessments in a way that is neither speculative nor dismissive? What are the 
standards for “acceptable” use of climate predictions and projections in operational planning and 
in legally or financially consequential decisions? 

Ethical and Distributional Gaps  

 An important issue that deserves further study is how distributional impacts may arise 
when baselines and thresholds shift. For example, changes in drought indices, reference periods, 
or trigger thresholds could affect relief eligibility, insurance payouts, water restrictions, or 
enforcement in different ways across communities, farmers, and sectors. Understanding these 
effects can help ensure that alternative baseline choices and model structures are evaluated 
transparently and that potential implications for vulnerable groups are considered in the design 
and communication of drought assessment methods. 

Unanswered questions include: Who bears the burden of changing baselines (e.g., 
communities that become “less eligible” for relief because thresholds evolve)? How should 
vulnerability and risk disparity criteria be operationalized in the design of triggers and 
benchmarks? What safeguards ensure that technical updates do not erode trust or create 
systematic inequities? 

Co-Development, Communication, and Sustained Funding Gaps  

Nonstationary drought science will only translate into resilience gains if it is co-
developed with users and embedded in real decision environments. Yet many efforts remain 
research prototypes without pathways to operational adoption, sustained maintenance, or 
regulatory acceptance. Risk communication is another gap: stakeholders need to understand 
changing baselines, evolving probabilities, and trade-offs between decision framings, but 
baseline data literacy is unknown, and the field lacks widely tested communication strategies and 
visualization standards for nonstationary concepts. This points to a clear call to action. For 
researchers, priorities include building open, reproducible nonstationary drought toolkits; 
developing comparative assessments that show when added complexity improves decisions; 
identifying social science research and communication strategies; and conducting co-developed 
case studies in which baseline choices and model structures are evaluated with real decision-
makers. For funding agencies, there is a need for programs that explicitly link methodological 
advances with testbed applications in agencies, utilities, and the private sector, and that support 
long-term, multidisciplinary collaborations rather than isolated, short-duration projects. While an 
agency such as the National Oceanic and Atmospheric Administration (NOAA) is often viewed 
as the primary federal entity for drought monitoring and prediction, other agencies may need to 
develop decision-specific frameworks tailored to their missions and operational requirements. 
For example, the U.S. Department of Agriculture (USDA) may require sector-specific drought 
metrics and triggers for agricultural programs in addition to the U.S. Drought Monitor, while the 
U.S. Geological Survey (USGS) and the U.S. Department of the Interior Bureau of Reclamation 
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(USBR) may prioritize approaches optimized for hydrologic drought assessment (e.g., 
streamflow, groundwater, and related impacts).  

Unanswered questions include: What sustained institutional home should maintain 
operational nonstationary indicators and their documentation? What incentives and structures 
best support co-development across academia, agencies, and private actors? How can 
communication materials be tested and validated to avoid misinterpretation and false 
confidence?  

Limited Drought Impact Data for Impact-Based Nonstationary Analysis 

A key gap for decision-centered nonstationary drought analysis is the limited availability 
of consistent, long-term drought impact data. In principle, impacts (e.g., crop yield and inflation-
adjusted revenue losses, well failures, drying of ponds that provide water for cattle, supply 
disruptions, ecosystem threshold exceedances) provide the most direct basis for estimating how 
drought risk is changing. In practice, impact datasets are often fragmented across agencies, 
inconsistently defined over time, sparse at decision-relevant spatial scales, and rarely 
accompanied by metadata needed to separate changes in hazard from changes in exposure and 
vulnerability (note that elements of risk, including exposure, vulnerability, and adaptive capacity, 
may change at different rates across sectors and impact types, and some drought impacts may be 
less sensitive to changes in adaptive capacity than others). This limitation constrains both 
impact-based decision support, scenario planning, and validation of indicator-based 
nonstationary frameworks. It also leaves important questions unanswered, including: Which 
impact metrics should be tracked consistently across sectors and jurisdictions? What standards 
and governance are needed to ensure stable reporting and reproducibility? How should impacts 
be normalized (e.g., inflation adjustment, exposure normalization, unequal resource allocation) 
to support robust nonstationary inference? Without targeted investment in impact data 
infrastructure and co-developed reporting protocols, nonstationary drought assessment will 
remain dominated by hazard proxies rather than outcomes that directly matter most to users. (See 
Chapter 7 for a detailed discussion of drought impacts and impact data.) 

Unanswered questions include: What minimum set of standardized drought impact 
metrics should be tracked nationally and locally (e.g., crop losses, well failures, service 
interruptions, ecosystem threshold exceedances) to enable impact-based modeling? What 
reporting standards and governance structures are needed to ensure consistency across agencies 
and over time? How should impact data be normalized (e.g., inflation-adjusted dollars, exposure-
adjusted losses, vulnerability indices) so that nonstationary inference reflects changing hazard 
rather than changes in accounting or development patterns? How can impact datasets be 
integrated with drought indicators to support hybrid models that are both operationally feasible 
and decision relevant? What impact-focused decision support tools exist or are needed? 

Addressing this gap will require intentional investment in impact data infrastructure, 
including harmonized definitions, sustained monitoring programs, open data pipelines, and co-
developed protocols with sectoral agencies (e.g., USDA for agriculture; USGS, USBR, and state 
water agencies for hydrologic impacts; utilities for service reliability; and resource agencies for 
ecological outcomes). Without such investment, the field will remain constrained to hazard-
centric proxies and will struggle to develop truly decision-centered nonstationary drought 
frameworks that quantify evolving risk in terms that directly matter to users. 
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SUMMARY 

To make nonstationary drought science actionable, the committee recommends a 
decision-centered approach that aligns analytical choices with the decisions the analysis is meant 
to inform. The core strategy is a two-pronged framework that supports both near-term, 
operational needs and longer-term planning. For short-horizon, contract-like applications (e.g., 
parametric triggers, insurance payouts), the emphasis should be on an updated stationary 
approach using contemporary baselines (e.g., 30 years ± 10 years) with disciplined refresh rules 
and transparent versioning so triggers remain stable, auditable, and reproducible. For long-
horizon planning (e.g., infrastructure design, restoration, ecosystem management), the emphasis 
should shift to explicitly nonstationary models that leverage the full available record (including 
the paleoclimatic record) and allow drought-relevant distributions to evolve with time and/or 
physically meaningful covariates (e.g., temperature, circulation indices, water demand, LULC). 
Because these choices are inherently application dependent, development and maintenance 
should occur through sustained co-development among researchers, operational agencies and 
practitioners, and standards and regulatory stakeholders to ensure technical rigor, operational 
feasibility, and institutional acceptance.  

A functional operational framework for drought assessment that incorporates 
nonstationarity must accommodate critical considerations regarding decision-specific guidance, 
reference implementations, benchmarks and stress tests, governance and change management, 
and impact data infrastructure (see Box 8-1). This framework provides approaches to 
incorporating nonstationarity into drought assessment; it is intended to enhance existing and 
future drought assessment approaches, rather than replace them. To be useful and used, such a 
framework must be adapted by agencies and organizations assessing changes in drought products 
by selecting appropriate drought data, metrics, and baselines appropriate to their applications, to 
produce decision-driven drought assessments and products that are fit for purpose rather than 
one-size-fits-all. 
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9  
Framework in Action 

The goal of this final chapter is to illustrate the recommended two-pronged framework 
for drought assessment in a nonstationary world using tangible examples, and in doing so, to 
provide an informative conclusion to this report. It is important to recognize that a strong 
foundation for drought assessment in the United States already exists and that this foundation has 
many valuable attributes to build upon. The National Oceanic and Atmospheric Administration’s 
(NOAA) National Integrated Drought Information System (NIDIS) program is designed to 
coordinate drought monitoring, forecasting, early warning, planning, and information sharing 
with a broad spectrum of federal, Tribal and Native, state, university, and local partners across 
the country. NIDIS and the partnerships it has built over time are a great foundation for a 
national drought assessment capability that more comprehensively and accurately reflects 
nonstationarity and can illuminate future drought’s complex impacts and outcomes. Importantly, 
to help readers understand what an expanded drought assessment framework that incorporates 
nonstationarity can do using the recommended framework, this chapter presents two examples of 
real, operational drought situations and one example of the long-term planning perspective and 
discusses the implications of all three. To be clear, these examples are intended to be illustrative 
only. The committee recommends that NIDIS and their partners design and implement an 
improved drought assessment enterprise that takes nonstationarity into account (see 
recommendations 8-1, 8-2, and 8-3) and benefits from this report. 

Each of the drought examples presented here, and indeed all U.S. droughts of the twenty-
first century, illustrate the growing challenges of assessing future drought due to nonstationarity 
across different systems, from the behavior of the climate system to the societal influences that 
together help shape a growing number of droughts. In the discussion that follows, this chapter 
presents drought examples to illustrate both the goals and strategies of the recommended two-
pronged framework for assessing droughts in this world of nonstationarity. This discussion does 
not represent a comprehensive drought assessment, nor does it imply similar outcomes and 
conclusions for drought assessment in different geographic regions, systems, and decision 
frameworks. The broader implications of this proposed framework transcend these examples, 
and implementation of this framework should be necessarily co-developed with regional 
practitioners and local drought experts who are best positioned to tailor the framework, and 
related methods, reference periods, and indicators to system-specific conditions and decision 
needs. 

SHORT-TERM OPERATIONAL DROUGHT ASSESSMENT 

The short-term, operational component of the proposed framework is intended to improve 
drought monitoring, early warning, and near-term post-event analysis under nonstationary 
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conditions. Its primary purpose is to support decisions that depend on an accurate depiction of 
current drought severity and risk in the context of a contemporary climate and hydrologic 
conditions, with consideration of the specific sectors and/or systems being affected. These 
decisions include drought declarations, emergency relief, water restrictions, insurance, and 
disaster relief programs triggered by drought assessment. This component of the framework is 
intended to provide clear communication to affected sectors regarding the expected rarity of any 
given event in order to describe their contemporary risk profile accurately as part of a larger 
convergence-of-evidence approach to drought monitoring and assessment. For these 
applications, the central challenge is how to describe drought not with respect to conditions from 
the distant past, but rather how anomalous they are relative to the present climate. Flash droughts 
are one example of a short-term phenomenon for which timely prediction/detection is imperative 
to planning and management of water resources and food security. 

In this framework, short-term operational drought assessment relies on multiple lines of 
evidence that include quantitative drought indicators, drought impact reports, and local 
knowledge and experience. The first of these, drought indicators, are derived using an updated 
stationary approach with contemporary reference periods (described in detail in Chapter 8), 
generally on the order of 30 years, with flexibility to support system-specific considerations. The 
purpose of this shorter, contemporary baseline is to keep the reference climatology aligned with 
present conditions and contemporary risk while acknowledging the challenges and nuances 
associated with using drought indicators within a convergence-of-evidence approach for 
operational assessment frameworks. The updated stationary approach welcomes use of 
traditional drought indicators and indices (discussed in Chapter 6), either tailored to specific 
sectors or used in a more general form, and simply requires periodic updates of the reference 
periods used. This differs from the use of a full period of record as the reference period, which 
may appear to improve statistical sampling and parameterization via an increase in sample size, 
but may do so by violating assumptions of stationarity, blending past and present climate 
regimes in ways that distort true contemporary recurrence, risk, and severity.  

An example snapshot of drought assessment in the Mid-South region (Mid-Mississippi to 
Ohio Valley) of the United States illustrates this framework in a short-term operational drought 
assessment context. The Mid-South, similar to the Southeast United States in Case Study 3 (see 
Chapter 2), has experienced increasing winter and spring precipitation during the twentieth 
century and first quarter of the twenty-first century (Marvel et al., 2023). However, this region 
was affected by a multimonth period of well-below average precipitation that spanned most of 
meteorological winter (December–February) in 2025–2026. Figure 9-1 shows a single drought 
index in this region in mid-March 2026 using the 90-day Standardized Precipitation Index (SPI) 
as an indicator. To demonstrate the implications of the proposed drought assessment framework, 
the SPI maps represent drought severity using two different baselines: (1) the contemporary 
baseline using the most recent 30-year period, 1997–2026, and (2) the full record baseline using 
the entire period of record, 1979–2026. The 90-day SPI values are categorized to match the U.S. 
Drought Monitor (USDM) categories, and map colors match those of the USDM maps.  
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FIGURE 9-1 Maps of 90-day Standardized Precipitation Index (SPI) on March 18, 2026, 
showing SPI-based drought categories across the Mid-South United States.  
NOTE: The left map shows 90-day SPI calculated using a contemporary baseline from 1997 to 
2026. The center map shows 90-day SPI calculated using the full-record baseline from 1979 to 
2026. The right map shows the difference between the two maps. SPI was calculated using 
precipitation from gridMet gridded meteorological fields.  
SOURCE: Committee generated, using Montana Climate Office’s https://d3drought.org data 
dashboard and https://data2.climate.umt.edu/gridmet/derived/conus_drought/ data archive.  

Using the full period of record as a baseline (as is commonplace in many drought 
assessment systems) shows much of southeast Missouri, western Kentucky, northeast Arkansas, 
and western Tennessee as experiencing “severe” (D2) to “extreme” (D3) precipitation anomalies 
(representing meteorological drought, and in this discussion, “SPI/SPEI-based drought 
categories”), with only ~10 counties in the region showing significant areal extents of 90-day 
SPI values corresponding with “exceptional” (D4) drought categories. In comparison, using the 
contemporary reference period SPI values shows most of the region in extreme (D3) to 
exceptional (D4) drought categories, with >30 counties in the region showing 90-day SPI values 
corresponding with exceptional (D4) drought. The differences in drought severity between these 
maps are attributable to secular trend of increasing winter precipitation in this region. These 
changes in the regional hydroclimate of the Mid-South United States have decreased the 
probability of observing winter season precipitation deficits comparable to those occurring 
during the full period shown in Figure 9-1 and therefore decreased the overall risk of wintertime 
meteorological drought. Consequently, the statistical likelihood, and therefore risk, of the winter 
drought of 2025–2026 in this region is lower in today’s climate (i.e., the last 30 years) than it is 
relative to the region’s historical climate (i.e., the full historical record). This difference results in 
a more severe drought classification in the current (1997–2026) climate relative to the full 1979–
2026 period of record.  

The framework proposed in this report recommends the use of a contemporary baseline, 
such as the most recent 30-year period, to assess hydrometeorological drought indicators such as 
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90-day SPI for short-term operational applications and decisions. In the case of the Mid-South 
U.S. drought presented in Figure 9-1, and for most regions of the United States, decisions of 
drought declarations, state- and local-level coordination, emergency relief, water restrictions, and 
disaster relief programs risk being delayed if they are informed by drought indicators that use the 
full period of record. Such short-term decisions should be grounded in the most accurate and up-
to-date assessment of drought risk (see Chapter 4). For example, the State of Missouri, according 
to its Drought Mitigation and Response Plan (Missouri DNR, 2023), could consider an “Alert 
Phase” or “Conservation Phase” for the southeast part of Missouri based on the full record 90-
day SPI maps, but could consider a more severe “Drought Emergency Phase” for the region 
based on the contemporary baseline. These different phases correspond to different levels of state 
response, resource allocation, and agency prioritization for water conservation and drought 
mitigation in Missouri as well as in many other states with similar drought planning guidelines. 
Based on this example, this framework succeeds in describing drought with respect to its severity 
and risk relative to contemporary management systems (e.g., climate, economic/market, 
agronomic) and provides a robust tool for assessing drought in a region of the United States that 
has experienced change in drought severity and rarity. It should be noted that the proposed 
framework, in this case, is applied to one line of evidence for drought assessment: 90-day SPI. 
Operational drought assessment often uses a convergence-of-evidence approach for decision 
support, which melds multiple lines of evidence, including hydrometeorological indices like SPI, 
impact reports, and local knowledge. The proposed framework illustrated here with 90-day SPI 
is intended to augment the data used in the convergence-of-evidence approach for short-term 
drought assessment, not replace the approach itself. 

 

 

FIGURE 9-2 Maps of 90-day Standardized Precipitation Evapotranspiration Index (SPEI) on 
March 18, 2026, showing SPEI-based drought categories across Nebraska.  
NOTE: The left map shows 90-day SPEI calculated using a contemporary baseline from 1997 to 
2026. The center map shows 90-day SPEI calculated using the full-record baseline from 1979 to 
2026. The right map shows the difference between the two maps. SPEI was calculated using 
precipitation and reference evapotranspiration (ETo) from gridMet gridded meteorological fields.  
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SOURCE: Committee generated, using Montana Climate Office’s https://d3drought.org data 
dashboard and https://data2.climate.umt.edu/gridmet/derived/conus_drought/ data archive. 

Consider now the Standardized Precipitation Evapotranspiration Index (SPEI), which 
includes both reference evapotranspiration (ETo) and precipitation (P) in its formulation, over 
Nebraska for the same period (see Figure 9-2). Here, the contemporary versus full period-of-
record effect contrasts with the wetting trends shown in Figure 9-1. Over Nebraska, increasing 
temperatures have contributed to increases in atmospheric evaporative demand (as estimated via 
ETo), representing a trend toward overall drier conditions. The result of the framework in this 
case is that the more contemporary 30-year record shows considerably less severe drought 
categories compared to using the full period of record, implying that what used to be 
exceptionally dry conditions now occur more often in the contemporary period. For example, the 
full period-of-record perspective suggests that more than 20 counties in Nebraska are 
experiencing a significant amount of D4 drought conditions as described by 90-day SPEI. In 
contrast, the contemporary 30-year reference period only shows a limited area of one county (in 
South Dakota) with D4 drought conditions. The lesser extent and severity of drought conditions 
in Nebraska based on the contemporary reference period reflects the warming trend the state has 
experienced in winter and spring (Bathke et al., 2025), and the associated increased frequency of 
negative water balance during this time of the year. In the case of Nebraska presented in Figure 
9-2, decisions of drought declarations, state- and local-level coordination, emergency relief, 
water restrictions, and disaster relief programs risk being overprescribed or exhausted if they are 
informed by drought indicators that use the full period of record, which overestimate drought 
rarity (and therefore severity) in Nebraska’s contemporary climate. For example, the State of 
Nebraska Drought Mitigation and Response Plan (State of Nebraska, 2000) calls for myriad state 
and local responses to drought, including the establishment of a hotline system for locating 
economical livestock feedstock sources. These actions require state- and local-level resources, 
often reallocated from other regulatory and/or scientific missions. Based on this example, this 
framework succeeds in describing drought, based on 90-day SPEI, with respect to its severity 
and risk relative to contemporary systems (e.g., climate, economic/market, agronomic), and can 
help state agencies and municipal managers and leaders allocate resources and financial support 
akin to the level of severity and rarity of a drought relative to current climate and experience. 
However, systems with longer memory or slower response times, such as many ecological 
systems or long-lived vegetation communities, may require longer reference periods to 
adequately represent drought-induced stress. 

The framework proposed here applies to indicators with the objective of producing more 
accurate reflections of the statistical rarity and severity of a drought from the perspective of the 
indicator itself. However, a change in the reference period used to compute an indicator does not 
necessarily change the severity of the impacts that may result from drought. Using the example 
from Nebraska in Figure 9-2 and the current state of the Nebraska Drought Mitigation and 
Response Plan, the state of Nebraska may delay local response and resource allocation if they 
use a 90-day SPEI with a contemporary baseline because it shows less severe drought than the 
same indicator using a full period of record baseline. However, the baseline by which the 
indicator is computed has no effect on the tangible impacts of the drought. In this example, and 
without agricultural, ecological, and/or hydrological adaptation to changing climate and 
environmental conditions, stakeholders in Nebraska could experience an impact that is more 
severe than the drought severity depicted by the 90-day SPEI, and by extension, one that is more 
severe than the corresponding response by the state. This hypothetical situation exemplifies the 
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need for drought adaptation practices to evolve alongside the rate of climate and environmental 
change driving drought nonstationarity. Critically, this is where the second prong of the proposed 
framework, long-term planning using explicitly nonstationary assessments, becomes important. 
While the short-term component is designed to characterize contemporary drought rarity and 
support operational response, the long-term component is intended to help stakeholders 
understand how drought risk, water availability, and associated impacts may evolve in the future, 
thereby informing adaptation, infrastructure planning, and long-term resilience strategies, as 
discussed in the “Long-term Drought Planning” section below.  

The examples presented in Figures 9-1 and 9-2 provide contrasting examples of how the 
framework presented in this report can cause contemporary reflections of drought that are both 
more severe or less severe depending on the region, metric, season and timescale, despite 
reflecting the same exact on-the-ground hydrologic conditions. However, both achieve the same 
goal of more accurately portraying present-day drought risk for systems responding to ~30-year 
variations in climate, and both could be considered important contributions to the larger 
convergence-of-evidence approach for short-term operational drought assessment. Under this 
framework, drought classifications are based on how rare conditions are relative to a reference 
period, rather than on absolute values alone, consistent with current USDM-style approaches. As 
climate conditions change, values that were once rare may become more common and therefore 
be classified as less extreme, even if their real-world impacts remain serious or are getting worse. 
For example, a soil moisture condition that would previously have been classified as D4 
(exceptional drought) may, over time, be classified as D3 as it becomes more frequent. This can 
create a disconnect, where stakeholders experience severe conditions but see a lower drought 
category. The intent is not to downplay impacts, but to distinguish between a shifting baseline 
climate and drought as an unusual departure from that baseline. Similarly, wildfire or water-
supply impacts may worsen even as a drought category becomes less extreme relative to a 
contemporary baseline. For example, if low fuel moisture, high vapor pressure deficits, or 
reduced reservoir inflows become more common, a future D3 event may still correspond to fire 
danger or water-supply stress that previously would have been associated with D4 conditions. 
This does not necessarily mean the drought assessment is incorrect; rather, it reflects that many 
impacts, such as wildfire danger or water-supply shortages, are driven by absolute environmental 
thresholds and system vulnerabilities that may worsen even as the underlying conditions become 
more common relative to the contemporary climate. This further highlights the tension between 
drought as an anomalous condition and impacts that are triggered by absolute thresholds, 
meaning that drought categories and impact severity should not always be expected to align 
directly. 

If historically extreme conditions become common, labeling them as “exceptional” 
droughts indefinitely would imply a constant state of emergency, which is not sustainable for 
assessment or response. In these cases, the issue extends beyond drought classification and 
disaster mitigation to broader structural change and the need for adaptation, making clear 
communication of this distinction critical. The next section demonstrates how the second prong 
of the framework focuses on, and supports, long-term planning applications.  

LONG-TERM DROUGHT PLANNING 

The long-term planning component of the proposed new drought assessment framework 
is explicitly aimed at accounting for nonstationarity in order to understand and communicate 
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contemporary drought risk as it relates to expectations of future conditions. Decisions informed 
by long-term planning assessments include hazard mitigation planning, water supply planning, 
energy and water infrastructure development planning, and other forms of adaptation. These 
decisions play a critical role in a region’s economic, environmental, and societal sustainability, 
and as such should properly incorporate drought nonstationarity information.  

Analytical Approach 

Droughts are a regular occurrence in the United States, yet the last 25 years have been 
exceptional in this country’s history when it comes to drought, with the longest drought—
officially a multidecadal megadrought—showing no signs of ending. The example of this 
Southwestern megadrought (see Box 2-2) illustrates a long-term planning application of the 
proposed drought assessment framework.  

Figure 9-3 illustrates one component of drought conditions for June 2021 (as described 
using the 30-day SPEI) evaluated relative to both contemporary and future climates using 
explicit nonstationary methods. Importantly, this example is intended to serve as a 
methodological illustration showing how a single SPEI-based drought indicator may be re-
evaluated within a nonstationary framework. It is not intended to represent a complete drought 
assessment or to replace an integrated, multi-indicator approach. In this figure, the observed 30-
day deficit (P-ETo) is held constant across all panels; only the probability distribution used to 
evaluate the event changes. Following Stagge et al. (2015), a generalized extreme value (GEV) 
distribution is fit in two ways to compute SPEI. First, a contemporary baseline is estimated using 
L-moments from the 1992–2021 gridMET dataset (Abatzoglou, 2013), analogous to how 
operational SPEI would typically be computed today. Second, an explicit nonstationary GEV is 
estimated using Generalized Additive Models for Location Scale and Shape (GAMLSS) 
maximum likelihood methods (Rigby and Stasinopoulos, 2005), with a linear trend in the 
location parameter, a log-linear trend in the scale parameter, and a constant shape parameter. 
This nonstationary model is computed on a continuous 1979–2100 time series formed by 
combining gridMET data (1979–2014) with bias-corrected NEX-GDDP-CMIP6 projections 
from the EC-Earth3 model under SSP3-7.0 (Thrasher et al., 2022). EC-Earth3 under SSP3-7.0 
was selected as a plausible elevated-forcing scenario because EC-Earth3 is included in Mahony 
et al.’s (2022) 8-model CMIP6 subset for North America (constrained to the IPCC AR6 [IPCC, 
2021] likely range of equilibrium climate sensitivity), exhibits lower precipitation bias than the 
ensemble mean, and is one of only four ensemble members with grid resolution sufficient to 
resolve Western Cordillera topography and elevation-dependent warming (Mahony et al., 2022). 
NEX-GDDP-CMIP6 ETo is based on Hrozencik and others (2024).  

The projected climate data is bias-corrected using cell-wise Quantile Delta Mapping 
(QDM; Cannon et al., 2015) relative to the gridMET reference period, applied separately to 
precipitation (using multiplicative correction) and reference evapotranspiration (using additive 
correction). The top row of Figure 9-3 shows the SPEI cast into U.S. Drought Monitor drought 
categories (see Table 6-1) for the same June 2021 event, evaluated relative to the contemporary 
GEV and the nonstationary GEV distributions projected for 2050 and 2100. Stippling indicates 
grid cells where likelihood-ratio testing rejects the stationary null hypothesis at p < 0.05. The 
bottom row expresses the climate-change signal more directly using the frequency multiplier, 
representing how many times more (or less) likely the same physical deficit becomes under 
future climate conditions. These results are shown both as a distribution across the Contiguous 
United States (CONUS) and as spatial maps for 2050 and 2100.  
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FIGURE 9-3 Thirty-day SPEI for the period ending June 30, 2021, evaluated against 
contemporary and future GEV distributions under SSP3-7.0 (EC-Earth3) using the GAMLSS 
approach.  
NOTE: Top row: Left, U.S. Drought Monitor (USDM) categories for the observed June 2021 
deficit (P – ETo) evaluated against a contemporary GEV distribution (1992–2021); middle, the 
same event evaluated using a nonstationary GAMLSS GEV framework for 2050; and right, the 
same event evaluated for 2100 using the same GAMLSS framework. Stippling indicates grid 
cells with significant likelihood-ratio trends (p < 0.05). The same physical event becomes 
progressively less extreme as the underlying distributions shift toward drier conditions. Bottom 
row: Left, distribution across CONUS grid cells of the frequency multiplier, defined as the ratio 
of cumulative distribution function (CDF) values (CDFfuture/CDFcontemporary) for 2050 (light 
shading) and 2100 (solid shading); middle and right, spatial distributions of the frequency 
multiplier for 2050 and 2100, respectively. Red shading indicates locations where this event is 
expected to become more likely under future climate conditions, while blue shading indicates 
locations where this event is expected to become less likely.  

The framework proposed here recommends leveraging a longer period of record that 
incorporates both estimates of historical conditions as well as future projections of those 
conditions to assess how the rarity of current drought(s) is expected to change into the future; for 
example and due to climate warming, many droughts will become more severe and less rare. 
This exercise is intended to support long-term planning applications and decisions. In the case of 
drought conditions presented in Figure 9-3, classification of contemporary drought status under 
future projections using the GAMLSS approach indicates that moisture deficits of this severity 
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are expected to become much more likely by mid-century. These results are consistent with 
projected increases in temperature and atmospheric evaporative demand under climate change. 
Ultimately, future droughts are likely to get worse, and plans and preparations need to be made 
for those future droughts, not for the droughts that are happening now. In contrast, the use of a 
longer baseline that incorporates historical and future periods, following the framework proposed 
in this report, permits assessment of drought and impact risk relative to contemporary systems 
(e.g., climate, economic/market, agronomic) in the context of recent past and potential future 
trends, among other forms of nonstationarity. 

Water management agencies across the West routinely update drought mitigation and 
water resource plans that shape policy, regulation, infrastructure investment, and economic 
development over years to decades (e.g., the Southern Nevada Water Authority 2026 Water 
Resource Plan1). These planning activities depend on realistic estimates of future water supply, 
demand, and drought risk. As illustrated in Figure 9-3, drought assessments anchored only to the 
historical reference period may systematically underestimate the future likelihood and severity of 
drought conditions relevant to long-term planning decisions. The framework proposed here 
instead recommends that long-term planning assessments incorporate both historical and 
projected future climate information within an explicitly nonstationary framework, allowing 
drought risk estimates to better reflect evolving hydroclimatic conditions and the increasing 
likelihood of severe drought under climate change. 

Scenario Planning  

In some decision contexts, the best available modeled projections for long-term 
assessment may not be accepted as valid by the relevant decision-makers for any number of 
reasons. There may be significant scientific uncertainty around the projections for a particular 
location. Decision-makers and their constituents may lack trust in the models used to generate 
climate projections. Perhaps the costs of making changes in behavior or infrastructure—or the 
impacts of alternative courses of action—are sufficiently large that stakeholders are obliged to 
stress-test candidate strategies in “what if” exercises before taking action. For any of these 
reasons, long-term assessment may take place through some form of scenario planning and 
robust decision-making. 

Scenario planning is a method for imagining possible futures, prompting decision-makers 
to consider strategies they might otherwise ignore (Schoemaker 1995). It is useful in situations 
where decision-makers do not agree on the possible states of the future, the likelihood each will 
occur, or how to value the impacts of different possible outcomes. While scenario planning may 
take different forms and purposes depending on the application, a standard objective is to 
identify robust strategies that perform reasonably well across a large range of plausible futures 
(Lempert et al. 2003). 

Scenario planning could take the form of a water agency seeking to stress-test candidate 
strategies for action. In 2012, the United States Bureau of Reclamation started employing a form 
of scenario planning in the Colorado River Basin called Decision Making under Deep 
Uncertainty (DMDU). Their application of DMDU recognizes that uncertainty about future 
water conditions must be factored into their planning approaches. Rather than settling on a single 
set of long-term planning assumptions, their approach asks questions that recognize the 
importance of vulnerability, robustness, and adaptation. A sample question under a DMDU 

 
1 https://www.snwa.com/assets/pdf/water-resource-plan-2026.pdf, accessed June 11, 2026 
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approach would be to ask what actions should be taken now to allow for adaptation in the future, 
with current and future system vulnerabilities in mind (Smith et al. 2017). A DMDU approach 
requires simulating how the system behaves under many plausible futures. Information needs 
thus include simulated data from a suite of climate and hydrologic simulation models, sometimes 
augmented by paleoclimatic drought information, plus assumptions about water demand and 
institutional operating rules, and alternative management strategies and policies.  

Scenario-based planning often takes the form of a short workshop in which stakeholders 
are invited to consider how they would react to alternative futures. Figure 9-4 illustrates two 
scenarios recently presented to rural communities in the Intermountain West: warmer and drier 
(Future Scenario 1) or warmer and wetter (Future Scenario 2) (Keller et al. 2025). Several 
important realities underpin this scenario planning example. First, temperatures over the past 100 
years have increased significantly across the entire region. Second, future precipitation 
projections for the region exhibit significant variability across the region. And finally, 
stakeholders can envision and articulate strategies for adapting to a warmer future even in the 
absence of precise climate projections. Information needs for a scenario planning workshop may 
be more modest than for the DMDU approach, simply requiring temperature and precipitation 
projections along with qualitative estimates of the scientific confidence associated with both the 
temperature and precipitation projections. 

 

FIGURE 9-4 Scenario planning example from the Intermountain West.  
NOTE: Parched scenario represents warmer-than-present temperatures and drier-than-present 
conditions. Damp scenario represents warmer-than-present temperatures and wetter-than-present 
conditions. 
SOURCE: Keller et al. (2025). CC BY 4.0. 
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IMPLICATIONS OF THE FRAMEWORK FOR DROUGHT ASSESSMENT AND 
POLICY 

Under the proposed approach, and consistent with USDM-style assessments, drought 
categories are tied to the contemporary rarity of an anomaly (e.g., D4 vs. D1, often interpreted as 
severity), rather than to the absolute value of an indicator alone. This distinction is important 
because if drought were defined solely by absolute thresholds, climatologically dry regions 
would be classified as being in drought most of the time, while wetter regions might rarely be 
classified as such, regardless of whether conditions were anomalous for that system. 

As a result, if a condition that has historically caused drought impacts, such as a 
volumetric water content of 0.08 m3/m3, becomes more common over time, the framework is 
designed to reflect that shift by assigning this condition a less extreme drought category than it 
would have received under an older baseline. In this sense, a condition that was once classified 
as D4 may later be classified as D3, not necessarily because the absolute condition is less 
consequential in historical outcomes (e.g., historically observed crop yields and electricity 
generation) and historical management practices (e.g., irrigation routines, available forage for 
livestock), but because it is no longer as rare as it was relative to the contemporary climate. This 
raises a real and important practical implication: producers may reasonably experience similar 
impacts under a drought event if practices do not evolve alongside environmental change, even if 
the event is less anomalous statistically. This is where adaptation is needed to resolve impacts, 
rather than continued disaster relief. 

The purpose for incorporating nonstationarity into drought assessment is not to diminish 
the importance of absolute conditions, but to distinguish between changes in background climate 
and drought as an anomalous departure from that background. If very low soil moisture becomes 
common, then continuing to classify it as exceptional drought would imply a perpetual drought 
emergency, which is not a workable basis for drought assessment or for decision-making. In that 
context, the issue extends beyond drought and disaster response to broader structural change, the 
need for adaptation, and reconsideration or updating of the policies and thresholds used to trigger 
drought response actions. As droughts occur, one important goal is to provide geographically 
specific assessments of what is ahead for each new and ongoing drought. In addition, no part of 
the United States is free of future drought risk, even though it is apparent that some regions are 
more drought prone than others, particularly given nonstationarity. For this reason, another 
important goal of the nation’s long-term drought assessment capability needs to be a regular 
assessment of geographically specific future drought risks across the entire country (all 50 states 
and U.S. territories). Given nonstationarity, it is important to not wait for droughts to occur in the 
future, but rather to proactively understand what droughts may occur, and to support decisions 
that may need to be made, for example, in order to develop adaptation strategies. This is the 
intent of the second prong of the framework, to explicitly quantify future changes to drought 
dynamics and promote action to better prepare this nation for the future. No part of the United 
States should be assumed to be free of future drought risk. 

CONCLUSION 

This report recommends an improved framework for assessing drought under 
nonstationarity in the United States. The intent of this final chapter is to further motivate the 
need to take nonstationarity into account by sharing examples illustrating why nonstationarity 
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matters. The recommended framework, components of which are summarized in Figure 9-5, and 
described in greater detail in Chapter 8, is designed to be driven by decision-makers in society 
and the decisions that they need to make regarding drought, on both short-term operational and 
long-term planning timescales. NIDIS and their partners are the ones who need to articulate the 
specific decision drivers and details of how the framework should be designed and implemented. 
Examples of decision drivers are given in Figure 9-5, with the overarching goal that an improved 
framework for drought assessment under uncertainty will lead to greater resilience to drought in 
the United States, both short-term and long-term. 

 

FIGURE 9-5 Elements of the proposed two-pronged assessment framework. 
NOTE: This schematic highlights key components to be provided by the recommended 
assessment consortium, example decision drivers, and examples of the innovations that would 
yield improved drought assessments. 

This report weaves together an understanding of how the drivers and nature of drought 
are changing in the United States, and how drought assessment needs to change to meet the 
challenge of nonstationarity, especially in the form of a changing climate. This challenge will 
require a range of research, including on how the climate varied in the past, how the climate 
system works, and how climate will change in the future, and also on how scientific 
information—drought assessments included—can best inform decision-making under 
uncertainty. Special attention must also focus on observing systems, in situ, paleoclimatic, and 
space-borne, that are essential to the drought assessment enterprise; continuity and completeness 
of these vital systems must be assured. Existing drought indicators and indices, many of which 
are invaluable and already widely used, depend on observing systems, and the creation of new 
innovative indicators and indices will no doubt require new observing capabilities. The use of 
local knowledge and drought impact data can be expanded to make drought assessments more 
useful and effective. With careful development, artificial intelligence/machine learning (AI/ML) 
approaches have the potential to advance drought assessment through assessment automation, 
state variable prediction, collection and synthesis of drought impact information, and modeling 
of drought parameters. 

Key to improved drought assessment will be the successful participation of all the 
partners essential to effective decision-making, as well as a high level of transparency in terms of 
how all elements of drought assessment are implemented. This includes making assessment 
methodologies as transparent and reproducible as possible and also ensuring effective 
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governance and change management as assessment protocols improve. Improvement requires 
benchmarks and stress-testing that are also structured and transparent to all users of drought 
assessments. Efforts to avoid potential biases associated with AI/ML approaches are warranted. 
Understanding assessment uncertainty is critical to making effective decisions, whether they 
relate to predictions or projections of future climate, connecting drought to impacts, or any other 
aspect of the assessment endeavor. 

As stressed throughout this report, the NIDIS, National Drought Mitigation Center, and 
broader U.S. drought community have established an excellent foundation on which to build an 
improved operational drought assessment framework that takes nonstationarity into account. The 
nature of drought is changing in the United States, and so too must the ability of the U.S. to 
thrive in the face of increasingly complex and severe drought risks. 
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Appendix B 
Report Conclusions and Recommendations 

1 Introduction 

Conclusion 1-1: An enhanced framework for drought assessment under nonstationarity 
should consider and address the differing needs and components of drought assessment for both 
operational/emergency management and long-term planning applications. 

2 Defining Drought Monitoring and Assessment 

Conclusion 2-1: Drought definitions should encompass both reduced water supply and 
increased water demand. 

3 Drivers of Drought in a Changing Climate 

Conclusion 3-1: Drought assessment methodologies should incorporate both water supply 
and evaporative demand, as well as precipitation phase (snow versus rain). 

Conclusion 3-2: Further research is needed to constrain regional projections of 
precipitation in the United States. 

Conclusion 3-3: Drought assessment should aim to incorporate near-real-time 
information, as well as shorter timescale metrics, in order to better identify emerging flash 
droughts. 

Conclusion 3-4: There is high confidence that climate warming, by itself, is likely to 
continue worsening trends in drought severity, frequency, duration, and possible onset speed, 
except where and/or when offset by sufficient increases in precipitation. 

Conclusion 3-5: Further understanding of the physical and biological drivers of drought 
and how they may change as the climate warms, including assessing Earth System Model 
prediction and projection skill, is an urgent research need that underpins effective drought 
assessment. 

4 Nonstationarity, Aridification, and Drought 

Conclusion 4-1: Nonstationarity challenges drought classification and assessment 
because drought is conventionally defined using static thresholds relative to a baseline climate; if 
different baselines are used, or if the climate evolves relative to a fixed baseline (as with 
aridification), the same physical conditions can be classified differently or missed entirely. 

Conclusion 4-2: Across parts of the United States, the climatological reference period 
used in operational drought classification no longer matches the observed hydroclimate, with 
consequences for the character, frequency, and severity of drought. 
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Conclusion 4-3: A stand-alone aridification product that tracks the local climatological 
water balance does not currently exist but is needed to help distinguish transient anomalies from 
secular climate trends in both the research and water planning communities. 

Conclusion 4-4: Nonstationarity erodes the utility of drought classification for emergency 
management while simultaneously increasing the maladaptation costs of drought assessment 
regimes that encode static climate assumptions. 

Conclusion 4-5: The decision costs of drought nonstationarity are large and an 
assessment framework resilient to nonstationarity must serve both operational needs (i.e., 
reflecting true current conditions) and planning needs (i.e., the drivers and timescales of baseline 
changes), or be transparent about which aim it is serving. 

Recommendation 4-1: NOAA, NSF, NASA, and other science partners involved in the 
national drought assessment enterprise should prioritize scientific research into drought 
dynamics and aridification, including how climate variability and change influence the 
frequency, severity, duration, onset, intensification, and other aspects of drought needed to 
support relevant decision-making. The research should also prioritize improving approaches used 
to assess drought and aridification risks seasons to decades into the future. 

Conclusion 4-6: Baseline selection is not a neutral methodological choice; instead, it is a 
design choice for drought-related decision-making and should be treated as such. 

Conclusion 4-7: Because baseline choice materially affects drought classification and the 
decisions it informs, drought monitoring products and decision-support tools should 
communicate the baseline used, its limitations under nonstationarity, and the implications for 
interpretation. 

Conclusion 4-8: Existing nonstationary drought indices represent an important 
methodological advance but also face limitations, including too narrow a focus on 
meteorological variables and limited engagement with the broader impacts of drought. 

5 Drought Assessment Data Sources and Nonstationarity 

Conclusion 5-1: Effective drought assessment under nonstationarity requires both long-
term observational records and contemporary high-resolution datasets. In situ observations like 
precipitation and streamflow may span over a century whereas more recent Earth observations 
are available only for a few decades. To better leverage multiple data sources for drought 
assessment under anthropogenic climate change, dynamic reference periods can be used that are 
regularly updated while maintaining parallel long-term baselines that preserve historical context. 

Recommendation 5-1: Federal agencies (such as USGS, NOAA/NWS, USDA, USCRN) 
operating in situ hydrological networks (streamflow, COOP, SCAN, SNOTEL, USCRN, and 
state‑operated hydrological and mesonet networks) should prioritize continuity of long-term 
datasets with strategic placement across diverse soil types, crop covers, topographic settings, 
climatic zones, and ecosystem types to capture the heterogeneity of drought response and 
strengthen standardized data archiving, quality control protocols, and open-access frameworks to 
facilitate seamless integration with satellite and model-based products. 

Conclusion 5-2: Many Earth-observing missions are approaching or have exceeded their 
designed operational lifespans (e.g., Aqua and SMAP) and several flagship missions are rapidly 
running out of energy. Gaps between missions (e.g., GRACE and GRACE Follow-On) create 
discontinuities in time series that undermine trend analysis, degrade baseline characterizations 
and assimilation in land models, and introduce inconsistencies in drought assessment and 
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classification. Sustaining these critical Earth observations is essential for accurate and timely 
drought assessment. 

Recommendation 5-2: To ensure continuity and support proactive planning, NASA and 
USGS, in coordination with NOAA, should develop explicit mission succession strategies with 
multidecadal funding commitments to preserve critical Earth observation records, thereby 
avoiding gaps in records essential for drought detection and assessment. This includes 
incorporating explicit prelaunch cross-calibration protocols with predecessor systems, 
overlapping periods enabling robust inter-sensor comparison, and prioritizing long-term 
homogeneity essential for detecting climate signals under nonstationarity. 

Conclusion 5-3: Land models and reanalysis systems provide spatially continuous, 
temporally consistent estimates of drought-relevant variables, but inconsistencies in long-term 
trends and anomaly magnitudes across different models complicate their integration in 
operational monitoring and, more critically, undermine confidence in distinguishing climate-
driven changes from model structural artifacts under nonstationarity. 

Recommendation 5-3: To improve model-based drought product interoperability and 
compatibility, NOAA and NASA, in collaboration with the broader hydrological modeling 
community, should establish guidance on standardized modeling output specifications and model 
multiproduct integration and validation methods. Additionally, to strengthen attribution of 
observed drought changes to climatic drivers, NOAA and NASA should support intercomparison 
studies quantifying model-to-model uncertainty under diverse climatic and land surface 
conditions. 

6 Drought Indicators, Indices, and Nonstationarity 

Conclusion 6-1: Reference periods under the context of nonstationarity should be treated 
as adaptable parameters, updated or reevaluated as conditions change and/or flexible to apply to 
specific systems and decision framework, rather than fixed climatologies assumed to remain 
valid over time. 

Recommendation 6-1: NOAA, USDA, USGS, affiliated regional climate centers, and 
national drought assessment partners such as the National Drought Mitigation Center (NDMC) 
should develop flexible methods to examine drought information with different reference periods 
in consultation with drought data providers, practitioners, and end users. This could include 
producing multiple datasets concurrently using different reference periods (e.g., the last 30 years, 
the most recent climate normal period, and the full period of record) or enabling dynamic 
generation of drought indices using user-defined reference periods. In doing so, methods should 
balance flexibility for system-specific applications with the need for consistent, transparent, 
reproducible, and comparable assessments of drought conditions across space and time. 

Conclusion 6-2: Strengthening standardization around analytical methods, reference 
period design, and metadata transparency is a necessary step toward more consistent, 
reproducible, and risk-aligned drought assessment in a nonstationary climate. 

Conclusion 6-3: Transparent documentation of analytical methods, reference periods, and 
uncertainty is essential for ensuring that drought metrics are interpretable, comparable, and 
appropriately applied as climate conditions evolve. 

Recommendation 6-2: NOAA, USDA, USGS, and affiliated regional climate centers, in 
coordination with academic and practitioner communities, should develop and adopt shared 
standards for documenting and publishing metadata associated with drought metrics, including 
methods, reference periods, and uncertainty. 
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Conclusion 6-4: Efforts within the drought assessment community should continue to 
explore transparent and reproducible approaches to drought assessment while recognizing that 
expert judgment, local expertise, Indigenous and Traditional Ecological Knowledge, and other 
ways of knowing provide critical perspectives not fully captured by purely quantitative 
approaches. 

Conclusion 6-5: Reference periods that align with risk profiles of specific systems are 
needed to inform shared drought assessment and decision-making. Such reference periods should 
be developed with engagement of all affected communities. 

Recommendation 6-3: NOAA, USDA, and USGS, in collaboration with state and federal 
agencies (including the USDA Climate Hubs and NCEI’s Regional Climate Centers), should 
convene key communities affected by drought to identify reference periods that align with risk 
profiles of specific systems, to better inform decision-making for each system. 

7 Drought Impacts, Impact Data, and Nonstationarity 

Conclusion 7-1: Impacts are complicated manifestations of drought, but they are 
nonetheless critical to the entire drought assessment process. 

Conclusion 7-2: System exposure and adaptive capacity are important parts of the risk of 
drought impacts, and changes in either can affect the likelihood and/or severity of a drought 
impact. Therefore, along with drought impact data, drought assessment should regularly collect 
and report information on changes in a system’s drought exposure and/or adaptive capacity. 

Conclusion 7-3: Assessment of drought impacts requires information on drought 
conditions as well as the status and adaptive capacity of affected systems to inform operational 
drought response and long-term planning, but mechanisms for collecting and using such data do 
not exist consistently across the United States. State government agencies (e.g., natural resource, 
agriculture, and environmental protection agencies) in collaboration with local governments may 
be best positioned to undertake collection of data and planning that are relevant to drought 
exposure (e.g., water use, stream gauge, and low flow measurements) and adaptive capacity 
across systems (e.g., through water supply and hazard mitigation plans) and use of that 
information to reduce drought impact risk (e.g., tabletop exercises of existing drought plans). 

Conclusion 7-4: The growing wealth of drought impact information presents an 
opportunity to improve drought assessment at national, state, and local levels, especially as 
innovations and AI and other technology and science continue to be developed. 

Recommendation 7-1: NIDIS should work with decision-makers, scientists, and the 
broader drought community to develop a set of best practices by which drought impacts data can 
be consistently and effectively used for all aspects of drought assessment, especially for state 
drought plans and other policy and action plans. 

Conclusion 7-5: The current infrastructure for collecting and communicating drought 
impacts is inadequate and impact data are not collected evenly across drought impact types (e.g., 
less actionable impact information for ecological drought), which has created uneven emphasis 
for drought assessment and response on some systems (e.g., agriculture) over other systems (e.g., 
wetlands) that are impacted by drought. 

Recommendation 7-2: NIDIS should facilitate the development or improvement of 
systems for systematic collection, reporting, and integration of drought impacts consistently 
across sectors, regions, and interests, for multiple uses, including drought assessment, adaptation, 
and other decision-making. In this work, NIDIS should collaborate with the U.S. Department of 
Agriculture (agriculture and forest), Department of Interior (coastal, ecological, water resources), 
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Department of Homeland Security (drought response/resilience, national security), Bureau of 
Land Management (fire, rangeland), Health and Human Services (public health), Environmental 
Protection Agency (water resources, air and water quality), and Tribal communities, as well as 
the broader drought community. 

Conclusion 7-6: Current drought impact reporting systems do not capture consistent or 
comprehensive drought impact information across time, geography, or drought types, which 
limits the usefulness of impact data to drought assessment and decision-making. 

Conclusion 7-7: Changes in human and nonhuman systems create nonstationarity in 
drought impacts and can change the impact-indicator relationship. 

Conclusion 7-8: Drought impact collection and reporting systems need flexibility to 
respond to new or newly realized impacts and emerging threats. 

8 Framework for Incorporating Nonstationarity into Drought Assessment 

Conclusion 8-1: A framework for incorporating nonstationarity in drought assessment to 
inform decision-making should be designed around a two-pronged drought analysis framework 
that integrates (1) short-term operational/emergency management assessments and (2) long-term 
planning assessments, depending on the application. 

Conclusion 8-2: For drought assessments used for short-term operational decision-
making, an updated stationary approach based on contemporary baselines (e.g., 30 years ± 10 
years, depending on the type of drought assessment, systems of interest, and decision 
frameworks) is appropriate, assuming it is implemented with clear rules for baseline refreshing, 
documentation, versioning, and reproducibility. 

Conclusion 8-3: Drought assessments designed to support long-term planning (including 
post-event assessment, and projection) should be based on explicitly nonstationary models that 
use the full available observational record including paleoclimatic information (when available 
and relevant) and model-based predictions/projections. The assessment framework should allow 
statistical parameters to evolve with time and/or physically meaningful covariates (e.g., 
temperature, circulation indices, water demand, land use land cover). This framework for 
modeling evolving statistical parameters can be implemented using either traditional statistical 
approaches or emerging artificial intelligence and machine learning methods for representing 
nonstationarity. 

Conclusion 8-4: Developing a shared approach to drought assessment under 
nonstationarity requires the engagement of a wide range of stakeholders, including from (1) the 
research community to advance methods, diagnostics, dynamical understanding, uncertainty 
quantification, and open reference implementations; (2) operational agencies and practitioners 
(e.g., water agencies, farmers, ranchers, forest and rangeland managers, wildfire managers, 
drought monitoring systems, and infrastructure owners) who can define decision requirements 
and operational constraints; and (3) standards and regulatory stakeholders (e.g., professional 
societies, guidance-setting bodies, and insurance regulators) to ensure transparency, stability, and 
acceptance for high-stakes applications. 

Conclusion 8-5: An improved framework for drought assessment should include 
approaches that are increasingly tailored to specific conditions and decision contexts, as well as 
agency- and user-specific applications. 

Recommendation 8-1: To support the development of a common drought assessment 
framework, NOAA/NIDIS should facilitate the establishment of a consortium that includes 
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representatives from the research community, operational agencies and practitioners, and 
standards and regulatory stakeholders. 

Recommendation 8-2: NOAA/NIDIS, in collaboration with other agencies such as 
USDA, should develop a common drought assessment framework that integrates approaches for 
both short-term operational and long-term planning applications. In this framework, short-term 
operational assessments should be based on contemporary baselines, with clear rules for baseline 
refreshing, documentation, versioning, and reproducibility; and long-term planning assessments 
should be based on nonstationary models that use the full available observational record 
(including the paleoclimatic record) together with model-based predictions and projections, and 
that allow distribution parameters to evolve over time and/or with physically meaningful 
covariates. 

Recommendation 8-3: NOAA/NIDIS should facilitate development, with a consortium of 
key drought sector representatives, of a set of application-specific guidelines, specifying baseline 
lengths, update frequency, documentation standards, and reporting requirements for short-term 
and long-term drought analysis, with complementary guidelines tailored to specific applications 
or sectors. 

Recommendation 8-4: The drought assessment community should invest in research and 
development to strengthen convergence-of-evidence approaches by introducing more 
transparent, structured, and reproducible frameworks for selecting the baseline period and 
integrating multiple indicators. These efforts should aim to formalize how the baseline period is 
selected and how indicators are combined, weighted, and interpreted, based on expert judgment 
and domain-specific knowledge. 

Conclusion 8-6: The entire United States is at risk of drought and aridification in the 
future, and this risk should be assessed at regular intervals in recognition that the understanding 
of nonstationarity (both climatic and otherwise) and drought dynamics changes in time. This 
regular assessment should focus on providing stakeholders with the information they need to 
increase resilience to future drought and aridification. 

Recommendation 8-5: NOAA and its partners should carry out regular national drought 
assessment that facilitates long-term (seasons to decades) planning for all regions in the United 
States, whether they are currently experiencing drought or not. These long-term assessments 
should take into both natural and human-driven forms of nonstationarity, including natural and 
human-forced climate change, and should be designed to enhance resilience to possible future 
drought. 
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Appendix C 
Code used for Generating Selected Graphics 

Public sharing of methods and code used for analysis and modeling enhances the 
transparency and reproducibility of such analysis, including for drought assessment. Consistent 
with calls in this report for such methodological transparency, the committee is sharing code 
used to produce selected data-driven, committee-generated graphics in this report. 

This code is available through a public repository maintained by the National Academies 
for this study. The link to this repository is available on the National Academies Press page for 
this report. 
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