
Drought Demise Attribution Over CONUS
Jiexia Wu1 and Paul A. Dirmeyer1,2

1Department of Atmospheric, Oceanic, and Earth Sciences, George Mason University, Fairfax, VA, USA, 2Center for
Ocean‐Land‐Atmosphere Studies, Fairfax, VA, USA

Abstract Compared with drought onset, the quantification and attribution of drought demise are not
well studied. Meteorological droughts usually terminate more rapidly than they initiate, making it hard to
define a transition period leading to drought demise with monthly data. In this study, methods of
quantifying and attributing drought demise are applied to the Modern‐Era Retrospective Analysis for
Research and Applications version 2 (MERRA‐2) using modified Standardized Precipitation Index
representing meteorological drought calculated at pentad intervals to resolve subseasonal demise events.
Methodologies to attribute three specific causes of drought demise in nine climate regional divisions over
conterminous U.S. (CONUS) are developed. The three phenomenological causes are tropical cyclones,
atmospheric rivers, and changes in land atmospheric feedback. Atmospheric river is themost common of the
factors for drought demise, over most of the regions in the eastern, and central U.S. tropical cyclones are
important causes over the Southwest, the South in fall, and the Southeast in summer. Evolving land
atmospheric feedback is a factor mainly over the central and southwestern United States. These attributions
estimated may not be representative of the long‐term climatologies of drought demise due to the short
duration of MERRA‐2. A representativeness test is conducted for estimating the three impacts on drought
demise using subsamples from a large ensemble of climate model simulation including several centuries of
data. Thirty to forty years is not long enough to be representative of local long‐term statistics for the
attribution of the causes of demise of extreme events like drought but may be adequate at regional scales.

1. Introduction

Droughts are significant environmental disasters that affect agricultural production, regional economies,
and society at large (Clark et al., 2002; Marsh, 2007). In the United States since 1980, there have been 25
drought events with an average loss of about 9.5 billion dollars for each event (NIDIS, 2018). Recent obser-
vational and modeling studies indicate that an increasing number of drought events are probably related to
global climate change (Dai, 2013) and the costs of drought may continue to increase. For example, the 2012
drought in the United States caused about $30 billion in losses to agriculture (Rippey, 2015). According to the
U.S. drought monitor (http://droughtmonitor.unl.edu/), 40% of the continental United States had experi-
enced severe to exceptional drought during 2012. Because of the diverse impacts on ecosystems, agriculture,
river transport, water supply, and demand, it is difficult to quantify droughts rigorously and consistently
(Heim, 2002).

According to the target of their impacts and time‐scales, droughts have typically been classified into four
categories: meteorological, agricultural, hydrological, and socioeconomic (Dracup et al., 1980; Mishra &
Singh, 2010; Wilhite & Glantz, 1985). Recently, a fifth type of drought has been defined: ecological drought
(Crausbay et al., 2017). Among these types of drought, there is an order of occurrence. Meteorological
drought is caused by lower than normal precipitation over an extended period, and it is the origin of other
types of drought. This can trigger agricultural drought, the water shortage in plant‐accessible near‐surface
soil, and how the water deficit impacts crop growth (Mishra & Singh, 2010). As the dryness continues and
lateral subsurface water transport slows, the levels of rivers, reservoirs, and lakes decrease (hydrological
drought). These three drought types impact different aspects of human activities including industry and
domestic water usage, often with political consequences (socioeconomic drought). Ecological drought
emphasizes the impact of drought on the natural environment including plant growth, occurrence of wild-
fires, and wildlife extinction (Crausbay et al., 2017).

Many studies have been conducted to understand the evolution and causes of drought onset (Cook et al.,
1988; Fernando et al., 2016; Gommes & Petrassi, 1994; Hoerling & Kumar, 2003; Mo, 2011; Pu et al., 2016;
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Seager et al., 2009; Seager et al., 2014; Wood et al., 2015). The main causes of drought onset vary (Mo, 2011;
Schubert et al., 2009). Remote oceanic anomalies can alter atmospheric circulations also causing drought.
For example, the 1998–2002 drought in the United States, southern Europe, and Southwest Asia were related
to cold ocean temperatures in the eastern tropical Pacific and warm temperatures in the western tropical
Pacific (Hoerling & Kumar, 2003). Locally, higher than normal surface temperature and high evapotran-
spiration (ET) paired with a period of reduced precipitation may accelerate drought (Sun et al., 2015).

Compared with drought onset, drought demise has been much less studied (Seneviratne et al., 2006) and is
more difficult to estimate because of two main reasons: First, meteorological droughts often terminate
rapidly, over the course of days or weeks. Therefore, it is hard to define a transition period leading to drought
demise from customary monthly mean data. Drought onset necessarily lasts over an extended period as it
results from the accumulated absence of precipitation. Except for flash drought that have a very rapid onset
(Christian et al., 2019; Otkin et al., 2019), most droughts build over an extended period, as they result from
the accumulated absence of precipitation. In this study, we only study typical droughts with durations longer
than 3 months. This period is typically 5–6 months over western United States and can be longer over wet
regions in the East (Mo, 2011). Flash drought may occur as fast as termination and daily or pentad based data
are needed, but they are not widely used in typical drought events. However, the transition period leading to
a drought demise is usually within subseasonal time scales, often lasting less than 2 months (Mo, 2011).
Secondly, droughts can terminate for a wide variety of reasons. They can include remote, regional, or local
effects, as well as internal atmospheric variability (Xie & Zhang, 2017), which is the unpredictable “noise”
arising from nonlinear atmospheric dynamics. We list here three of the major potential causes that operate
on subseasonal time scales and discuss how each may contribute to drought demise:

1.1. Land‐Falling Tropical Cyclones

TCs are characterized by high winds, coastal storm surge, and extremely intense precipitation that can
extend far inland after a TC makes landfall and weakens. TC‐related extreme precipitation frequently con-
tributes to drought demise, and the impacts have been discussed using both observed and model data (Kam
et al., 2013; Lam et al., 2012; Maxwell et al., 2012; Maxwell et al., 2013; Maxwell et al., 2017; Misra & Bastola,
2016). In the Northeast United States, two thirds of the extremes in precipitation during the hurricane season
have been related to TCs (Barlow, 2011), and the affected region from one TC often spans several hundred
kilometers. Over the Southeast United States, TCs provide up to 10% of total rainfall amount during the TC
season (Knight & Davis, 2007). Therefore, land‐falling TCs may play a significant role in drought demise
over CONUS, especially in the Southeast United States.

1.2. Atmospheric Rivers

An atmospheric river (AR) is characterized as a plume structure of strong horizontal atmospheric moisture
transport with a low‐level jet stream, often in advance of a cold front associated with an extratropical cyclone
(Ralph et al., 2018). The rate of water mass carried by a typical AR is about twice the flow of the Amazon
River. They are recognized as a major reason for extreme precipitation and floods, particularly over the
West Coast of the United States (Ralph & Dettinger, 2012). When ARs originating over the Pacific Ocean
reach the mountains along the West Coast, the moist air flows upward and creates conditions that favor
intense precipitation. In California, about 20–50% of annual precipitation and streamflow is related to
ARs (Rutz & Steenburgh, 2012). Due to their intensity and the persistence, ARs can provide beneficial alle-
viation of droughts (Dettinger, 2013).

ARs also exist over the central and eastern United States and are characterized by moisture flows that come
mainly from the south and southeast, originating from the Atlantic, Gulf of Mexico, and the Caribbean
(Brubaker et al., 2001; Dirmeyer & Brubaker, 1999; Dirmeyer & Kinter, 2009). From 1963 to 1998, about
one third of rainfall over the Mississippi basin in warm seasons originated from local evaporation, while
20% of the rainfall was from the moisture evaporating from Gulf of Mexico and Caribbean (Brubaker
et al., 2001). Although less dramatic than the “Pineapple Express” of the U.S. West Coast, ARs over the east-
ern United States are also a major source of precipitation (Dirmeyer & Kinter, 2009) and a potential contri-
butor to drought demise.
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1.3. Land‐Atmosphere Feedback

Land atmospheric feedback (LAF) can affect the severity and duration of extreme precipitation events (Hao
et al., 2018). However, there is a contradiction in the role of LAF on extremes. On one hand, dry soil produces
lower ET, which causes less atmospheric water vapor to be available for precipitation. In dry conditions,
near‐surface temperatures can increase. This positive feedback mechanism can exacerbate and extend
drought (Durre et al., 2000; Fischer et al., 2007; Koster et al., 2009; Mueller & Seneviratne, 2012). Drought
demise may occur when this positive LAF is interrupted. On the other hand, over dry soils particularly in
dry climates, the high sensible heat fluxes provide buoyant energy that can develop deeper boundary layers
and may trigger convection (Eltahir, 1998; Findell & Eltahir, 2003; Roundy et al., 2013; Tawfik & Dirmeyer,
2014). Therefore, in the right conditions, a negative LAF may also increase the chance of rainfall and trigger
drought demise.

These three factors are proximate, that is, quantifiable at the location where drought demise occurs. This
makes them more direct to diagnose and easier to attribute than remote drivers of drought demise and
are thus the starting point for the proposed framework. Previous studies have assessed only single factors
of drought demise (Fernando et al., 2016; Ralph & Dettinger, 2012). However, there is a lack of research that
compares multiple causes of drought demise. To better understand the major causes of drought demise over
the United States, we propose a framework to quantify its period and attribute major potential causes for the
demise of each drought. We focus on meteorological over the conterminous U.S. (CONUS) based on preci-
pitation that is available from either observations or model simulations. The study area in this study includes
southern Canada, northern Mexico, and part of Caribbean as well as continental United States

We develop and test attribution methodologies using two data sets: the Modern‐Era Retrospective Analysis
for Research and Applications version 2 (MERRA‐2; Gelaro et al., 2017) and the Community Earth System
Model, Large Ensemble Project (CESM‐LE; Kay et al., 2015). Observations and reanalyses constrained by the
assimilation of observations are considered better representations of real conditions but suffer a shortage of
data length (Chapman et al., 2015). Thirty to forty is a common period for establishing weather climatolo-
gies, anomalies, and extremes from observations and reanalysis. Results from such short durations of data
may not represent the climatology of such extreme conditions and their attributions. However, such a short
duration of observational data might be suboptimal to represent the climatology of such extreme conditions
and to determine their attributions, For this reason, a representativeness test is applied using data from the
CESM‐LE data set spanning centuries of contemporary climate conditions to determine if the typical data
length of observations or reanalysis is adequate to reflect the characteristics of the long‐term climatology
of drought demise in a relatively stable climate situation. The purposes of the study are (1) to quantify objec-
tively the periods of drought demise, (2) to develop a framework for the attribution of different causes of
drought demise, and (3) to evaluate the representativeness of short datasets like those typical of the observa-
tional record to long‐term estimation of demise statistics. The data sets used to derive droughts and attribute
causes of demise are described in section 2. The methods used to identify drought demise, the transition per-
iod leading to drought demise, and the attributions of different causes are given in section 3. The attributions
of the causes in climate model simulations and the representativeness of short segments of the large model
data record are examined in section 4. Conclusions are given in section 5.

2. Data Sets
2.1. Reanalysis and Observed Data

Observationally based assimilated precipitation from theMERRA‐2 reanalysis for 1980 to 2015 (Gelaro et al.,
2017) is used to identify the transition period leading to meteorological. Five additional observed precipita-
tion data sets are also used to define the meteorological drought and compared with MERRA‐2 results to
determine the confidence of MERRA‐2‐based drought demise simulations. They are the Global
Precipitation Climatology (GPCP), the Climate Prediction Center Unified Precipitation Analysis (CPC
Unified), the Multi‐Source Weighted‐Ensemble Precipitation (MSWEP), and two versions of the Water
and Global Change Forcing Data methodology applied to ERA‐Interim data using the bias target Climatic
Research Unit (WFDEI‐CRU) and the German Weather Service Global Precipitation Climatology Centre
WFDEI‐GPCC. Table 1 summarizes the details of the six precipitation data sets and provides references
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for each. Below we briefly describe each, as well as the data set used for
observed TCs in the vicinity of CONUS.
2.1.1. GPCP
The GPCP One‐Degree Daily (1DD) data Version 1.2 are produced by
combining the information from the Threshold‐Matched Precipitation
Index (TMPI) from 40°N to 40°S; elsewhere, the Television and Infrared
Observation Satellite Operational Vertical Sounder (TOVS; Susskind
et al., 1997) precipitation data and infrared brightness temperature (IR
Tb) are used. The data are available from 1996 to present with spatial reso-
lution of 1°.
2.1.2. CPC Unified
The CPC Unified Gauge‐Based Analysis of precipitation merges global
daily gauge observations and satellite products. About 16,000 quality con-
trolled precipitation stations collected by the National Oceanic and
Atmospheric Administration (NOAA) CPC are used, and an optimal
interpolation analysis has been applied to the gauged precipitation
(Chen et al., 2008). The grid resolution of the data is 0.5°, and the time per-

iod used in this study is from 1979 to 2016.
2.1.3. MSWEP
The MSWEP daily global precipitation dataset is produced by weighted averaging from seven precipitation
datasets including gauge‐based CPC Unified, GPCC, satellite products CPC morphing method (CMORPH),
Global Satellite Mapping of Precipitation Moving Vector with Kalman filter (GSMaP‐MVK), and Near Real‐
Time 3‐hourly TRMM Multi‐Satellite Precipitation Analysis (TMPA 3B42RT), and model reanalysis ERA‐
Interim and Japanese 55‐year Reanalysis (JRA‐55). It was developed to be used as a high‐quality forcing data
set for land surface models including hydrologic and ecological models. High correlations have been found
with other independent precipitation data sets such as the GPCP‐1DD data and FLUXNET tower stations
(Beck et al., 2017; Dirmeyer et al., 2018).
2.1.4. WFDEI
The WFDEI precipitation dataset is a product of EU Water and Global Change (WATCH) project (Harding
et al., 2011) based on a combination of observations and the European Centre for Medium‐range Weather
Forecasts (ECMWF) ERA‐Interim reanalysis. WFDEI‐CRU and WFDEI‐GPCC are the two daily products
with two sequential elevation correction and bias correction targets using CRU TS3.1 gridded observations
and GPCC (Harris et al., 2014).
2.1.5. MERRA‐2
National Aeronautics and Space Administration (NASA)'s Global Modeling and Assimilation Office
MERRA‐2 reanalysis dataset to replace the original MERRA, featuring improvements to the model parame-
terizations and the assimilation systems (Molod et al., 2015). One of the major advances of MERRA‐2 from
the first generation is that MERRA‐2 uses observational precipitation data over the land surface as was
merged successfully previously into the MERRA‐Land product. MERRA‐2 precipitation is better than preci-
pitation from MERRA and MERRA‐Land because it merges satellite and gauge precipitation data into the

analysis (Reichle et al., 2017). Soil moisture at top 10 cm from MERRA‐
2 is used to identify agricultural drought. The detection, tracking, and ana-
lysis of tropical cyclone (TC), AR, and LAF are also using MERRA‐2 data.
The data information, including the file names and DOIs of the variables
used are listed in Table 2:
2.1.6. HURDAT2
The second generation of the North Atlantic Hurricane Database
(HURDAT2) is used to identify the TCs that may affect drought demise
over CONUS during 1980 to 2015. HURDAT2 was compiled by the
National Hurricane Center (Landsea & Franklin, 2013). This analysis pro-
vides information on the best‐track positions, intensity, central pressure
(beginning in 1979), and storm size (beginning in 2004) for the Atlantic
and eastern North Pacific tropical and subtropical cyclones, with data pro-
vided every 6 hr.

Table 1
Daily Precipitation Data Sets Used to Derive Drought Indices

Product
Spatial

resolution
Time
period Source of data

GPCP 1° 1996–2015 Huffman et al. (2001)
CPC Unified 0.5° 1979–2016 Chen et al. (2008)
MSWEP 0.25° 1979–2015 Beck et al. (2017)
WFDEI‐CRU 0.5° 1980–2015 Weedon et al. (2014)
WFDEI‐GPCC 0.5° 1980–2015 Weedon et al. (2014)
MERRA‐2 0.625×0.5° 1980–2015 Ronald et al. (2017)

Abbreviations: CPC Unified: Climate Prediction Center Unified
Precipitation Analysis; GPCC: Global Precipitation Climatology Centre;
GPCP: Global Precipitation Climatology Project; MERRA‐2: Modern‐
Era Retrospective Analysis for Research and Applications version 2;
MSWEP: Multi‐Source Weighted‐Ensemble Precipitation; WFDEI‐CRU:
Water and Global Change Forcing Data methodology applied to ERA‐
Interim data using the bias target Climatic Research Unit.

Table 2
MERRA‐2 Data Used to Derive Drought Demise and Three Causes

File name DOIs Variables

tavg1_2d_lnd_Nx 10.5067/RKPHT8KC1Y1T Surface soil moisture
(SFMC)

Latent heat flux
(LHLAND)

Sensible heat flux
(SHLAND)

tavg1_2d_lfo_Nx 10.5067/L0T5GEG1NYFA Total precipitation
(PRECTOT)

Abbreviation: MERRA‐2: Modern‐Era Retrospective Analysis for
Research and Applications version 2.
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2.2. Model Simulation Data

To test the representativeness of 30‐ to 40‐year climatologies, CESM‐LE (Kay et al., 2015) output are used.
The CESM‐LE simulations are based on CESM1 with the Community Atmosphere Model Version 5.2
(Hurrell et al., 2013). The main components of the coupled model include atmosphere, ocean (Parallel
Ocean Program, version2 [POP 2]), land (Community Land Model, version 4 (CLM 4; Lawrence et al.,
2011)), and sea ice (Los Alamos Sea Ice Model (CICE; Kay et al., 2015).

The CESM‐LE includes 42 ensemble members (35 prepared by National Center for Atmospheric Research
(NCAR) and 7 prepared by the University of Toronto) with simulations spanning 1920 to 2100, and each
ensemble member shares the same external forcings. Because of the large ensemble size, many centuries
of contemporary climate estimates are available, leading to a more robust estimation of infrequent extreme
events such as drought and the factors that contribute to drought demise. However, we limit the data used in
two ways. First, for investigating the climatology of drought onset, demise, and transition times, precipita-
tion and moisture in the top 10 cm of the soil column from daily CESM‐LE output from 1980 to 2015
(1554 total years across 42 ensemble members) are used, to be consistent with the modern period of observa-
tions. For demise attribution, a finer temporal resolution than daily is required to identify the tracks of model
proxies of TCs. The 6‐hourly CESM‐LE data sets are used. Due to the limited length of the 6‐hourly CESM
data, the time period used to develop the methodology for the attribution of the causes is limited to 1990
to 2005 (672 years in total).

The original spatial resolution of CESM‐LE is 1.25°×0.9°, and the output has been regridded for this study to
a regular 1°×1° grid for separate comparison to observational data sets not presented here. Daily precipita-
tion is used to derive drought indices. Six‐hourly data of wind speed at 850 hPa, surface pressure, and tem-
perature at 300, 500, and 700 hPa are used for TC detection and tracking. Six‐hourly wind speed and
humidity between 1,000 and 300 hPa are averaged to daily to detect AR features.

3. Drought Demise Definition and Causes
3.1. Transition Period to Drought Demise

Transition periods of drought demise are defined focusing on local severity and local definitions of drought,
neglecting aspects of spatial extent often used to characterize major events of severe economic and ecologi-
cal impact. Among the few studies that have quantified drought termination, Bonsal et al. (2011) identified
drought demise for specific events based on spatial extent, when the affected area under severe drought falls
to less than 10%. Such an approach is not applicable for a local focus. Margulis et al. (2016) analyzed 2015
drought over Sierra Nevada (USA) using snowpack deficit and estimated drought recovery by applying
snow water equivalent to a Monte Carlo analysis (Margulis et al., 2016); Parry et al. (2016) defined the tran-
sition period locally from the time of driest conditions to the time that conditions cross back above normal.
Since the time between peak dry conditions and the precipitation events that break a drought may be
highly variable, the definition may include extensive periods of actual drought where no demise factors
are at work.

In this study, we focus on the events that break a drought near the time of return to near‐normal conditions
and attempt to identify and attribute the processes that cause its demise. Mo (2011) determined the transi-
tion period of drought demise by counting the number of positive monthly precipitation anomalies starting
6 months before full recovery. An approach that can be applied to higher frequency precipitation data using
robust metrics and appropriate aspects of these methods to enable characterization of causes of more rapid
drought demise is needed.

One of the most commonly used meteorological drought metrics is the Standardized Precipitation Index
(SPI; McKee et al., 1993), which uses local monthlymean precipitation data to indicate the probability of pre-
cipitation total for different time periods, typically from 3 months (SPI‐3, short term) to 48 months (SPI‐48,
long term), estimated at monthly intervals. While this works well for characterizing drought onset and dura-
tion, the transition period leading to drought demise is usually no more than one to two months (Mo, 2011).
To capture subseasonal drought demise transition periods, a finer temporal resolution data set is required. In
this study, we use precipitation totals at pentad (5‐day) intervals rather than monthly. For our application,
daily data are averaged to pentads (5‐day means); a 6‐pentad SPI (SPI‐6P) at pentad t is computed based on
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averaged precipitation anomalies from pentads t–5 to t, effectively 30 days, in amoving window every 5 days.
The spatial filter used here is bilinear interpolation.

Meteorological drought onset in this study is defined as a SPI‐6P value dropping lower than −0.8, and the
drought demise threshold is a SPI‐6P rising above −0.2, following Mo (2011). Only those events lasting at
least 18 pentads (approximately 3 months) are analyzed. Because pentad‐means of precipitation produce
noisier time series than monthly data, a new stepwise method is proposed to identify the transition period
leading to drought demise. As shown in the example in Figure 1, once the pentad of drought recovery
(t=68 in this case) is identified, the transition period leading to drought demise is defined by comparing
the drought indices at pentads t and t−1; if the SPI‐6P is lower at t−1 than at t, then we move one step back
and compare t−2 and t−1 until the driest time (td) is found (in this example td=62). If this pentad is also the
driest in the six surrounding pentads (3 pentads before td and 2 pentads after it), then the transition period is
defined as from td to t; if not, then the driest pentad (td) among the six surrounding pentads is selected and
the process is repeated (comparing td and td−1) until the lowest value is identified. This definition of a start-
ing point for demise is similar to the method of Parry et al. (2016) except this could be a local minimum and
not the driest conditions for the entire drought period (t=45 in this case).

3.2. Causes of Drought Demise

In this study, we diagnose and attribute the causes of drought demise by location and season over CONUS
based on contemporaneous collocated factors; three are examined in this study. To save computational
resources as described below, the 6‐hourly data used for TC identification and attribution are aggregated
to daily to estimate attribution of ARs and LAF without significant loss of accuracy. The specifics of drought
demise attribution for each of the three causes are described here.
3.2.1. TCs as Cause
The first potential cause of drought demise assessed is TCs. The drought demise periods at each 1° grid cell
are compared with the occurrence and proximity of TCs to establish if they are the likeliest source of preci-
pitation that end drought events. Previous work has shown that the simulated intensities and tracks of
cyclones are sensitive to the horizontal resolution of numerical models. For example, the diameters of the
TC eyes are typically 10–50 km, which requires a grid spacing considerably finer than 50 km (Fierro et al.,
2009; Manganello et al., 2012). To simulate and predict TCs well, a model with a horizontal spatial resolution
of less than 10 km is preferred (Manganello et al., 2012). Due to the limitation of the horizontal resolution of
MERRA‐2,which does produce TC‐like warm‐core circulation features with similar behavior, the thresholds
selected to declare a TC in the model are not as strong as those used for observations and other high resolu-
tion models simulations (Walsh et al., 2007). The criteria listed in Table 3 are used.

To identify the TC center, the local minimum of the surface pressure below 1,020 hPa with vorticity exceed-
ing the threshold is selected. A 5° × 5° box centered on the selected point is chosen to define the warm core
temperature anomaly, which is the temperature difference of the center point and the average of the rest of

Figure 1. An example demonstrating quantitative identification of a drought demise period.
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the grid points within the box. The maximum wind speed is the highest wind speed at 850hPa in the 5° × 5°
box. Elevated land areas with annual mean surface pressure lower than 900 hPa are not considered as TC
affected areas. Once a grid point meets all the criteria in Table 3, a 5° × 5° box centered on this point is
defined to determine if a TC center can be identified within the box at the next time step. After tracking
all possible TC events, only the TCs that last at least 2 days (eight 6‐hr intervals) while exceeding the
criteria in Table 3 are retained for analysis.

The frequencies of TCs per decade based on HURDAT2 and MERRA‐2 from 1980 to 2015 are shown in
Figure S1 in the supporting information. The spatial distributions of TC occurrences based on the two data
sets are quite similar. The active seasons for TC are summer and fall, and the affected areas are mainly over
the Southeast United States. The land‐falling TCs affecting occur about once per decade in summer and fall
in that area. The frequencies of land‐falling TC in the Atlantic are much higher than that in Pacific. The
land‐falling TCs from the Pacific only affect the western coastal areas of Mexico (Table 4).

Although the frequencies of TC based on our detection criteria are underestimated over the tropics, the gen-
eral pattern over the land is closer to HURDAT2 than over the ocean. Generally, the TC frequencies from
MERRA‐2 and HURDAT2 show a similar spatial pattern over land. To estimate the impact of TC on drought
demise, the following computations for MERRA‐2 are based on observational HURDAT2 data, which pro-
vide the locations of TC centers. The same TC detection and tracking method has been applied to CESM‐

LE for the representativeness test, discussed later.

After identifying all TC positions in each ensemble member of the
MERRA‐2, the established dates and locations of MERRA‐2 drought
demise are compared with the TC events. According to Barlow
(2011), 500 km is the average impact radius for a TC. Thus, MERRA‐
2‐based precipitation within a 5° radius from the center of the TC is
considered to be attributable to the TC. If during the demise period
a TC center is present within 5°, then TC will be identified as a con-
tributing cause to the drought demise.

The attribution of TCs and TC‐related precipitation to drought demise are
quantified in two ways. The first is the ratio of the number of drought
demises related to TCs to the total number of drought events r1.

r1 ¼ Nr of drought demise related to TC
Total Nr of drought events

(3:1)

This gives a count of the fraction of droughts whose demises are likely
influenced by TCs. Secondly, the ratio of total TC‐related precipitation
(SPI‐6P change) to the total precipitation deficit (SPI‐6P deficit) is
estimated:

r2 ¼ SPI−6P change related to TC
SPI−6P deficit

(3:2)

r2 shows the fractional contribution of TC related precipitation toward
drought demise totaled over all relevant events, whereas r1 weights all

Table 3
Detection Criteria for Tropical Cyclones From MERRA‐2.

Location
Minimum surface
pressure (hPa)

Vorticity
(s−1)

Warm core temperature
anomaly (K)

(T700+T500+T300)

Maximum
Wind speed at
850 hPa (m/s) Latitude

Duration
(days)

Initial 1020 2.5×10−5 >0 15 <30°N, ocean ≥2
Ocean 1020 2.5×10−5 >0 10 any
Land 1020 2.5×10−5 >0 10 any

Abbreviation: MERRA‐2: Modern‐Era Retrospective Analysis for Research and Applications version 2.

Table 4
The Most Important Factors for Drought Demise and Their Contributions
in MERRA‐2

Northwest West Southwest
West North
Central South

MAM AR AR AR AR AR
3.5% 1.0% 8.2% 4.3% 40.8%

JJA AR AR LA AR AR
1.5% 5.4% 1.2% 14.5% 18.9%

SON AR AR TC AR TC
4.7% 6.8% 7.1% 9.3% 30.2%

DJF AR AR AR AR AR
22.9% 18.4% 2.8% 4.1% 22.7%

East North
Central

Central Southeast Northeast U.S.

MAM AR AR AR AR AR
26.1% 19.3% 54.8% 46.0% 24.0%

JJA AR AR TC AR AR
57.6% 47.4% 33.8% 62.7% 21.0%

SON AR AR AR AR AR
42.7% 49.7% 39% 45.0% 23.7%

DJF AR AR AR AR AR
12.8% 46.7% 57.5% 43.7% 24.1%

Abbreviations: AR: atmospheric river; DJF: December‐January‐February;
JJA: June‐July‐August; MAM:March‐April‐May;MERRA‐2: Modern‐Era
Retrospective Analysis for Research and Applications version 2; SON:
September‐October‐November; TC: tropical cyclone.
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contributing TCs equally regardless of how much precipitation occurs. If
the precipitation of any pentad is identified as associated with a TC, this
pentad will no longer be considered in the following time steps.

3.2.2. ARs as Cause
The second potential cause to identify is ARs. The AR data are computed
based on MERRA‐2 by following the method of (Mundhenk et al., 2016).
ARs are identified by the magnitude of integrated water vapor transport,
which is calculated by vertically integrating the horizontal moisture trans-
port between 1,000 and 300 hPa. An anomalous integrated water vapor
transport of 250 kg · m−1 · s−1 is used as the threshold to detect AR fea-
tures. If a target feature contains more than 100 contiguous grid cells, this
feature will be considered as potential AR feature. The ratio of major axis
length to minor axis length historically used to detect AR features is at
least 1.6:1. Unlike TCs, the identified ARs are large‐scale features with
at least 100 contiguous grid cells at 1° resolution. The daily AR calcula-
tions are first compared with the model precipitation locally; the precipi-
tation is identified as AR‐related if there are positive precipitation
anomalies at the locations where an AR event occurs. In that case an
AR is considered as a potential cause for drought demise. The transition

period of drought demise is identified and compared to the dates with ARs that extend over land. The two
methods to calculate the ratios of ARs related drought demise to the total number of droughts are the same
as for TCs.

3.2.3. LAF as Cause
LAF regimes are identified according to the relationship between soil moisture and evaporative fraction
(EF), which is the ratio of latent heat to the sum of latent heat and sensible heat. Figure 2 shows the
idealized relationship between EF and soil moisture based on Koster et al. (2009). In Regime 1, surface
fluxes are strongly controlled by soil moisture. In this regime, soil moisture and EF are positively cor-
related (slope > 0) and LAF is in effect. For this regime, soil moisture is not sufficient to supply max-
imum ET (i.e., ET is lower than potential evapotranspiration [PET]). The direct dependency of ET on
soil moisture affects atmospheric moisture content and moist static energy, which can affect precipita-
tion as a further positive feedback. Thus, drought may be extended or amplified by positive feedback
between the atmosphere and dry soil. Regime 3 is the regime of energy control of surface fluxes. For
this regime, soil moisture is sufficient that ET can approach PET. Limitations from net radiation, rather
than water availability, determine evaporation rates. Here EF is not sensitive to soil moisture variations
and no positive feedback from the land surface is realized (slope ≅ 0). Regime 2 is a transitional regime
between soil moisture control and energy control where LAF strength could change with small soil
moisture variations.

In drought conditions, when the soil moisture is lower than the transition regime (soil moisture lower than
B1 in Figure 2), positive feedback can support dry conditions. However, if the soil moisture becomes higher
than the values in the transition regime (soil moisture higher than B2 in Figure 2), the positive feedback ends
and may facilitate drought demise. The actual relationship between EF and soil moisture, and the transition
points (B1 and B2), may also vary with other environmental conditions (Haghighi et al., 2018). For example,
PET may be lower in fall than in summer at the same location. Or, the same soil moisture level may be suffi-
cient to maximize EF in fall but not summer. In this case, summer is in Regime 1 or Regime 2, while fall is in
Regime 3. The positive relationship is removed due to the seasonal change of LAF, and it may relate to
drought demise. In this study, we consider only the existence of a mean annual cycle of the curve depicted
in Figure 2, from January to December as estimated from MERRA‐2. In Koster et al. (2009), four types of
LAF regimes are defined according to the relationship of soil moisture and EF. The fourth regime, which
is not discussed above, is for arid areas falling to the left of Regime 1 in Figure 2. In arid areas, soil moisture
can be too small to cause soil moisture variation and evaporation variation compared with other factors. In
this study this regime is included as part of Regime 1.

Based on the definitions of these three regimes, positive LAF (Regime 1) helps the drought conditions to con-
tinue when soil is dry. Drought demise could happen under two possible situations: (1) Soil moisture

Figure 2. Diagram relating evaporative fraction and soil moisture wherein
three regimes are defined based on Koster et al. (2009).
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increases beyond the transition regime, thus terminating the positive
feedback. (2) The transition regime at a location shifts with the progres-
sion of the seasons without an increase in soil moisture. For example,
the correlation between EF and soil moisture is positive at a particular
value of soil moisture at a location in summer but is near zero in the other
three seasons. In this case, the LAF sustaining drought may be removed
simply by the progression of the seasons (Dirmeyer et al., 2009). The steps
to estimate the impact of LAF on drought demise follow the schematic
presented in Figure 2 and are depicted in Figure 3:

1. Defining three LAF regimes

The LAF condition at each grid point for each month from January to
December are firstly classified into three regimes according to the rela-
tionship between EF and soil moisture based on daily data accumulated
from MERRA‐2.:

2. Regime 1: Soil moisture controlled regime. Figure 3a is an example
of Regime 1 for a grid cell at 90.5°W, 40°N for July. The relation-
ship between soil moisture and EF are defined based on daily
MERRA‐2 output in July from 1980 to 2015. This regime is defined
by a correlation between soil moisture and EF higher than 0.8, or
for arid areas when the soil moisture value at the 75th percentile
as defined locally for the month at that grid cell is less than the
soil moisture value defined over CONUS at the 10th percentile in
the same month. We select the 75th and 10th percentiles because
the spatial distribution of the arid areas is close to Koster et al.
(2009).

3. Regime 2: Transitional regime. These areas may be some combination
of soil moisture controlled and energy‐controlled. According to
Figure 2, there is a significant slope change in this regime, between
B1 and B2. Also, the correlation between soil moisture and EF
decreases as soil moisture increases in this regime. In this study, the
transitional regimes are defined as areas and months having a correla-
tion between soil moisture and EF lower than 0.8 but higher than 0.5.

4. Regime 3: Energy controlled regime. This regime is defined by a corre-
lation between soil moisture and EF less than 0.5, or for wet regions.
Wet regions are defined when and where the local soil moisture value
at the 25th percentile for the month at that grid cell is less than the soil
moisture value defined over CONUS at the 90th percentile in that
same month (predominant in Figure 3c).

5. Temporal and spatial filtering

This classification scheme is applied to each grid cell in each of the 12 months, defining a mean seaso-
nal cycle of regimes and transition points B1 and B2 (when they can be defined) for each location.
Because of the selection of thresholds in the first step, a jump from one type to another may occur tem-
porally and also vary spatially. Therefore, temporal and spatial filters are applied to the classification
(example in Figures 3d and 3e). A moving filter is applied to all the 12 months with a 3‐month window.
If the first and third months are in the same regime while the second month is not, then the second
month is reclassified. Spatially, if the eight connected neighbors of a grid cell are in the same regime
while the center grid is not, then LAF regime of the center grid cell is reclassified.

6. Defining B1 for Regime 2

In Figure 2, B1 is the transition point of Regimes 1 and 2. From B1, the positive correlation decreases as soil
moisture increases. Therefore, we consider that B1 is the soil moisture level that the positive feedback is
removed. To identify B1, we applied a segmented regression (Muggeo, 2003; Muggeo, 2008) to all grid cells

Figure 3. A flowchart of themethodology to estimate the impact of L‐A
interactions on drought demise. (a)‐(c)Examples of the three LAF regimes
based on the relationship between EF and SM; (d)‐(e) Thecoupling before
and after temporal and spatial filters; (f) Segmented regression with two
transitionpoints for regime 2; (g) Segmented regression with one transition
point for regime 2; (h)‐(i) twotypes of LAF impacts on drought demise.
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and months that are classified as Regime 2. The segmented regression analysis is conducted by using the
package “segmented” in R. As shown in Figure 2 the slope changes gradually around the transition points
(B1 and B2), In this study, we first apply a segmented regression with two transition points (B1 and B2 in
Figure 3f) to the data to define a transitional range of soil moisture where the LAF change from soil moisture
controlled to energy controlled regime. Within this transitional regime (from B1 to B2), the LAF gradually
changes from strong to weak or zero as soil moisture increases. The smaller soil moisture value of the two
identified transition points (B1) is used as the transition point out of the soil moisture controlled regime.

Due to the different relationships of EF and soil moisture and the initial values of soil moisture provided to
find the transition points, it may not always be possible to find two transition points. In that case, we apply
segmented regression with one transition point (Figure 3g). For those grid cells that fail to provide any tran-
sition point, indicating the relationship between EF and soil moisture does not fit the curve of the transitional
regime (Regime 2 in Figure 2), we reclassify them to the energy‐controlled regime (Regime 3 in Figure 2).

7. Defining Type A and Type B LAF changes during drought demise

The final step is to relate the LAF regimes and defined transition points to drought demise based on
MERRA‐2. There are two ways that LAF can be related to drought demise.

1. Type A: In this type of LAF‐related demise, the area is in a soil moisture controlled regime with positive
LAF (Regime 1 or Regime 2 with low soil moisture) during the drought period, suggesting the dry land
surface state is helping maintain drought conditions. The positive LAF terminates with sufficient
increase in soil moisture from precipitation (including from TCs or ARs) such that the transition point
(B1) is exceeded during the demise period (Figure 3h).

2. Type B: In this type of LAF‐related demise, a drought continues through one or more months when the
LAF is positive (Regime 1 or Regime 2 with low soil moisture). The drought terminates in a month in
which LAF transitions to Regime 3 not due to an increase in soil moisture but due to the evolving seaso-
nal cycle of LAF at that location. The evolution may be a shift downward in the transition threshold (B1
decreases; e.g., Figure 3i), or the complete loss of moisture control on EF, as is often the case in midlati-
tudes for winter.

This process has been applied to MERRA‐2, and the number of drought demise events showing Type A or
Type B LAF changes is divided by the total number of drought demise events to estimate their percentage
of occurrence.

Aflowchart summarizes the steps of this framework in Figure S2. A single drought demise eventmay be attri-
butable to one or more of the causes listed above. If none of the above correspond to a particular period of
drought demise, then we assume that the cause comes from other sources, such as changes in large‐scale cir-
culation driven by teleconnections to remote ocean temperature anomalies, precipitation associated with
atmospheric baroclinicity (e.g., midlatitude dynamics), or other sources of internal atmospheric variability,
which are beyond the scope of this investigation but are discussed briefly in section 5.

3.3. Representativeness Test

We have the general limitation that the time period of the observational record is rather short; 30 years is
commonly used to compute many climate normals, and 36 years of MERRA‐2 data are used here.
Representativeness of the contributions of the three main causes of drought demise is tested in subsamples
of the ensembles from CESM‐LE against statistics derived from the remaining ensemble members (an out‐
of‐sample test).

The 6‐hourly CESM‐LE data are from 1990 to 2005 (16 years), with 42 ensemble members in total. Here
two to nine of ensemble members having high time‐resolution output, spanning 32 to 144 years of data,
are selected from the total of 42 ensemble members, and a comparison of estimated statistics is conducted
between these subsamples and the remaining ensemble members. A Monte Carlo sampling method is
used to select ensemble members, and a comparison between the selected and remaining ensemble mem-
bers is applied on a grid cell by grid cell basis. If the absolute difference between the ratio of TC (or AR,
LAF)‐related drought demise based on the selected ensemble members and the ratio of all the ensemble
members is lower than 0.05, then we define that the ratio calculated based on the selected ensemble
members is representative of the long‐term data. If the ratio based on selected ensemble members is 0
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(i.e., no events found), then no further comparison is conducted. For
each grid cell, the sampling and comparison has been repeated 10,000
times. This results in oversampling for the case of two ensemble mem-
bers, because the total combinations for two ensemble members are

861 (242C ¼ 42!× 42−1ð Þ!
42−2ð Þ!×2! ¼ 861). For all other cases, the number of possible

combinations exceeds 10,000. If for one grid cell the comparison can be
conducted in more than 10% of the selections (i.e., attributable drought
demises exist), the percentage of comparisons showing representative-
ness (difference between −0.05 and 0.05) is calculated, giving a spatial
representation of relative representativeness that informs application
of this method to the observational record, specifically the recent
period typically covered by atmospheric reanalyzes and observational
data sets.

Note that there is an implicit assumption of climate stationarity in this
approach, as the time period of the historical simulations in CESM‐LE is
the same 16‐year period in each ensemble member (same atmospheric
composition, aerosols, etc.). Of course, the current climate is not station-
ary. However, for purposes of establishing the robustness of using records
of a few decades to estimate the likelihood of events that may cause
drought demise, this approach is reasonable. The nonstationarity of cli-
mate is an additional factor not considered in this study, but the conse-
quences are discussed in the conclusions.

4. Results
4.1. Drought Demise

Figure S3 presents the drought frequency over the United States from
MERRA‐2. From 1980 to 2015, no more than five drought events are

found over the United States in each season. Summer is the preferred season for drought in
California, about four cases during this period. About three to four drought cases are observed in the
southern United States in winter. Figure 4 shows the preferred seasons for meteorological drought
demise based on MERRA‐2 and the average of the five observed precipitation datasets. The values show
the fractions of drought demise that occur in each season; if equally distributed, the ratio of each season
is 0.25. Therefore, only ratios higher than 0.25 are shown. Additionally, only values >0.25 exceeding the
95% confidence level are shown for MERRA‐2 data, but there is no screening for the observed multi-
source precipitation data because the lengths of data sets combined for this estimate are not uniform
among products. Although the spatial distribution based on the averaged precipitation data is smoother,
the two estimates are similar. Using pentad precipitation data and SPI‐6P, spring is the preferred season
for drought onset over the central United States. Fall is the preferred season for meteorological drought
onset over the northern United States and also the western United States. Droughts in California and
parts of the southeastern United States are more likely to occur in summer. The preferred season of
drought onset over the Southwest United States and Mexico is winter.

As discussed previously, drought demises estimated from SPI‐6P preferably occur about one or two seasons
after onsets. Meteorological droughts over the central United States are more likely to end in summer, and
the preferred season for drought demise over the northern United States is winter. Drought recovery over the
Southwest United States is more likely to occur in spring.

To test if monthly data, most commonly used in previous drought demise studies, would be adequate to
capture these drought demise periods, we also compute the average transition period leading to meteorolo-
gical drought demise (Figure 5). Generally, the transition period is about 3–7 pentads from drought to recov-
ery over all the seasons, in the subseasonal time range. More than 50% of the United States shows that the
transition period leading to drought demise is less than 5 pentads, shorter than 1 month. Longer durations
(>5 pentads) are found along the western coast of United States in spring and the Southwest United States in

Figure 4. Preferred seasons for drought demise in MERRA‐2 and the aver-
age of five observations.
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summer. The transition periods are longer than 5 pentads in the Southeast
United States in summer. Generally, the transition periods are less than
one month (6 pentads) and of course are not likely to align with the start
of the months. The results based on MERRA‐2 also suggested that when
analyzing drought demise, temporal resolution higher than monthly
is needed.

4.2. Drought Demise Attributions

Three potential drought demise attributions including TC, AR, and LAF
are tested based at MERRA‐2 grid cell resolution and also aggregated to
nine U.S. regional climate divisions as defined by the CPC, NOAA
(Figure S5). Only the results for nine regional climate divisions are shown
here; results based on grid cells are presented in Figures S6, S8, and S9.
4.2.1. Impact of TCs
MERRA‐2 reanalysis data are constrained by observations and include the
synoptic conditions of observed TCs as represented at the model resolu-
tion of 0.625×0.5°. The frequencies of TCs per decade based on
HURDAT2 and MERRA‐2 from 1980 to 2015 are shown in Figure S1.
The spatial distributions of TC occurrences are quite similar. The active
seasons for TC are summer and fall, and the affected areas are mainly over
the Southeast United States. The land‐falling TCs affecting any grid cell in
that area occur about once per decade in summer and fall. The frequencies
of land‐falling TC in the Atlantic are much higher than that in Pacific. The
land‐falling TCs from the Pacific only affect the western coastal areas
of Mexico.

Although the frequencies of TC based on our detection criteria are under-
estimated over the tropics, likely due to MERRA‐2 resolution, the general
pattern over the land is closer to HURDAT2 than over the ocean. To esti-
mate the impact of TC on drought demise, the following computations are
based on observational HURDAT2 data, which provide the locations of
TC centers. The affected areas of TCs are considered as all the grid cells
within a 5‐degree radius. Metrics r1 and r2, defined in section 3.2.1, are

Figure 5. Durations (in pentads) of transition periods leading meteorological drought demise. The length of each band in
the color bar is proportional to the fraction of shaded area in each range.

Figure 6. The ratios of tropical cyclones (TCs) occurring during drought
demise to the total number of drought events (r1; left four panels); the
ratio of TC‐related SPI‐6P changes to the magnitude of SPI‐6P change
required to cause drought demise (r2; right four panels) in nine climate
regional divisions.
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calculated to estimate the impact of TC on meteorological
drought demise.

The impacts of land‐falling TCs on meteorological drought demise based
on regional climate divisions are shown in Figure 6. TCs impact drought
demise mainly during summer and winter in the Southeast, South, and
central United States. In the Southeast United States, about 20–30% of
the drought demise events are related to TC. Although TCs also occur in
spring along the East Coast of the United States, they are not related to
drought demise. The spottiness of grid cell based results in Figure S5
caused by the short time series of observational data is highly evident.
Summer and fall are the preferred seasons of TC‐related drought demise.
About 20–40% of the drought demises are caused by land‐falling TCs over
the Southeast and Southern United States. There is a greater impact dur-
ing fall further inland, over the southern, central, and southwestern
United States.

The ratios that TC related SPI‐6P change to the total SPI‐6P deficit exceed
10% in the southeastern and central United States. The TC contribution in
fall is mainly over the southern United States and southeastern United
States. The TC‐related precipitation contributing to drought demise in
spring and winter is almost none.
4.2.2. Impact of ARs
Figure S7 displays the frequencies of AR occurrence in MERRA‐2 over
all seasons. The frequencies of ARs are substantially higher over the
eastern United States than the western United States. In the eastern
United States, there are more than 100 days with AR events per decade
for each of the four seasons, and their orientation are more south‐to‐
north than west‐to‐east (not shown). There is a pattern shift in the east-

ern United States from higher latitude to lower latitude from summer to winter. There are from 20 to 100
days with AR per decade along the West Coast of the United States in fall and winter and lower frequen-
cies in spring and summer (not shown). There is an overestimation of AR frequency over the northern

Figure 7. As in Figure 6 for atmospheric rivers (ARs).

Figure 8. Mean transition month (1=January, 2=February, etc.) between regime types.
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United States. The algorithm was originally developed for the western
United States during winter (Mundhenk et al., 2016), which may cause
biases when applying it to other regions and seasons.

The impact of ARs on drought demise is also apparent inmetrics r1 and r2.
Figure 7 displays the ratios of AR impact on meteorological drought
demise in MERRA‐2. In the Northeast United States, more than 60% of
the drought demises are related to AR. The impact decreases in fall and
shifts to the southern United States in winter. The SPI‐6P changes during
the transition periods are also highly related to AR occurrences, which
alleviate up to 40% of the SPI deficit over some parts of the northeastern
United States and about 10–20% over the eastern and central United
States (see Figure S8). The impact of ARs on drought demise over the wes-
tern United States is not as significant as over the eastern United States.
Themajor impact is on the Northwest coast in winter and along the south-
western coast. The patterns are rather noisy due to the relatively short per-
iod covered by MERRA‐2.

4.3. Impact of LAF

The types of LAF transitions relate to drought demise are calculated based
on MERRA‐2 and are compared with the occurrence of drought demise.
Figure 8 shows the months with LAF regime transitions. The seasonal
transitions from Regimes 2 to 3, where soil moisture loses the ability to
have positive feedback on surface fluxes to maintain drought, are gener-
ally from August to December, except over the Southwest United States.
The transition is early in the northern United States and becomes later
to the south. The transitions from regimes 3 to 2, where the atmosphere
becomes sensitive to drier soils, are generally from May to August. This
indicates that summer and fall are the periods with regime 2, which is
related to type A LAF impact on drought demise, where dry soils can have

a positive feedback on drought. The regime transition between types 1 and 2, between strong and transi-
tional sensitivity, mainly occurs in the southwestern United States. The LAF regime transfers from types 1
to 2 in late fall and turn back to the hypersensitive type 1 in spring.

Figure 9 shows the fraction of drought demises related to LAF type A (increasing soil moisture from pre-
cipitation events) and type B (seasonal loss of sensitivity to soil moisture). Summer is the preferred season
for type A impact on meteorological drought demise in MERRA‐2. Up to 10% of the drought demises are
related to type A over the central, east north central, and west north central United States in summer, and
the impact is less in the other three seasons. Type B LAF occurs mainly in fall over the central United
States and also over the northern United States in summer. The impact of Type B LAF is less frequent
than the other causes that have been discussed.

4.4. Regional Summary

The figures in section 4 show clearly that there is a high degree of spatial variability among even adjacent
grid cells. To ameliorate some of this noisiness in the results, the impacts of various causes of both
meteorological drought demise in MERRA‐2 are summarized by climate regions (defined in Figure S5)
to identify the most important causes as well as the fraction of drought demises that are not explained
by TC, AR, or LAF. Table 3 shows a summary of the dominant factors among those investigated for
meteorological drought demise in MERRA‐2 and the fractions of drought demise events that relate to
the corresponding factors. Generally, AR is the most important factor for meteorological drought demise.
AR accounts for about 20–25% of drought demise cases in United States. More than 30–40% of the
meteorological drought demise events are related to AR in the Northeast United States, and the highest
impact is found in summer, with about 62.7% of the events related to AR. In the Northwest United
States, AR is identified as the most important factor for drought demise in fall and winter, but the ratios
for AR‐related drought demise are less than 10% except winter. The Southwest and Southeast U.S. regions

Figure 9. The fraction of drought demise related to Type A (left) and Type B
(right) land atmospheric feedback changes.
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are impacted by TCs; therefore, TC is found to be the most significant
cause for drought demise in fall. However, the ratio is high (30%) for
the Southeast but low in the Southwest. No more than 10% of the
drought demise events in this region are related to TC.

5. Representativeness

MERRA‐2 data have been applied in the new framework of drought
demise quantification and attributions. Reanalysis data are expected to
represent real conditions. However, because the data length of MERRA‐
2 is less than 40 years, the results may not well represent the climatology
of such extreme conditions and their attributions. Also, 30–40 years, while
a common period for establishing weather climatologies, anomalies, and
extremes, may not be sufficiently long to characterize the demise of
extremes like drought. The representativeness test described in section 3
is applied using many centuries of climate model data from CESM‐LE to
determine how well the typical data length of observations or reanalysis
reflects the characteristics of a long‐term stationary climatology of the
demise of an extreme event like drought. Analyses are repeated with data
from CESM‐LE spanning periods ranging from several decades, equiva-
lent to MERRA‐2, to over a century to see how well they represent the cli-
matology of drought demise from nearly seven centuries of climate
model data.

5.1. Representativeness of TC

The representativeness of the fraction of drought demise related to TC is
tested first. Figure 10 shows the possibility that the ratio (r1) based on 32
years and 144 years data is representative to that of the long‐term data
set of 672 years from climate model data. Usually, 20–50% of the compar-
isons from the large Monte Carlo sample show that the results from 32
years data would be representative to the long‐term frequency over the
southeast andWest United States, but the ratio is nomore than 30% in fall.
Figure S10 shows the representativeness based on each grid cell. From the

results in Figures 10 and S10, 32 years, which is a common length for observed data and reanalysis data, is not
long enough to represent locally the climatology of drought demise caused by TC. For the regional averages,
the reliability increases because as the area increases the noise in the time series decreases relative to signal.

The comparison is repeated for lengths from 48 to 144 years, using 16‐yearlong time series frommore CESM‐

LE ensemble members. The probabilities that the ratios based on 144‐year samples, shown in Figure 10, that
are representative of the long‐term climatology are much more prevalent than those for 32‐year samples.
Higher probability of representativeness is found over the Southeast United States and theWest Coast in fall,

Figure 10. The fraction of comparisons showing the ratio (r1) of tropical
cyclone (TC)‐related drought demise based on selected short‐term data
(two ensemble members, left four panels; nine ensemble members, right
four panels) is representative to the long‐term data (absolute difference of
ratios based on selected two ensemble members and all the ensemble
members is lower than 0.05).

Figure 11. The averaged representativeness ratios in United States. The ratios indicate the percentages of tests showing
representativeness in 10,000 tests for the ratios of tropical cyclone (TC)‐related drought demise.
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because the frequencies of TC occurrences are naturally higher than the
other seasons. The probabilities of representativeness reach 50–80% in
the Southeast and along theWest and South. Summer is another preferred
season for TC occurrences; the probabilities of representativeness are
about 50–80% in the Southeast and South and about 20–30% in the
West. Compared with the local tests (Figure S10), the growing coherence
and smoothness in the spatial extents of the shaded areas imply that the
field significance for these regions is higher.

Figure 10 shows only two examples for sample sizes. To estimate how
many years of data are needed to make the results statistically significant,
bar charts for the representativeness for two to nine ensembles members
spanning 32–144 years are plotted in Figure 11. The bar charts display
the representativeness levels based on Monte Carlo tests. Based on
CESM‐LE, the most affected season is fall. With a common length for
observational data (between two and three ensemble members for
MERRA‐2), the local probability of representativeness is no more than
30% inmost of the TC affected areas. The low representativeness shown in
Figure 11 relates to both the low rates of occurrence of TCs and of drought.
The probabilities increase to more than 40% across when selecting four
ensemble members (64 years) in fall. The representativeness also
increases as sample size increases in spring and summer. No TC‐related
drought demise is found in winter; therefore, the representativeness test
is not applied there.

5.2. Representativeness of AR

Figure 12 shows the fraction of tests shown to be representative for ARs
when 32 and 144 years would constitute the observational record. The
representativeness over the eastern United States is about 20–40% than

in thewesternUnited States, except in summer. Because the ratios of AR‐related drought demise are low over
parts of the western United States in summer, the test of representativeness often fails to register results over
much of the region then. In fall and winter, the probabilities of representativeness are 20% over Southeast
United States. Higher representativeness (40–50%) is found over the central United States in winter.
Generally, although the representativeness is higher for AR than TC, 32‐year data are still not long enough
to be locally representative of the long‐term climatology.

The same assessment is repeated for 16‐year intervals up to 144 years. As more ensemble members are
added, the representativeness naturally increases. The right four panels in Figure 12 show the fraction
of tests to be representative for AR with 144 years. The ratios showing representativeness are more than
50% over the United States for all the seasons. In spring and summer, the representativeness are higher
than 60% in the northwestern, western, and central United States. Similar spatial distributions (higher
representativeness in the West and lower in the East) are found in fall and winter. The local

Figure 12. Same as Figure 10 for atmospheric river (AR).

Figure 13. Same as Figure 11 for atmospheric river (AR).
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representativeness of 144‐year samples is still low over the western
United States in summer and are related to the low ratios of AR‐related
drought demise in this region (Figure S11).

Figure 13 summarizes the results of average representativeness in United
States for sample sizes from two to nine ensemble members (32–144
years). The change of average representativeness is quite similar in the
four seasons. When taking two or three ensemble members (up to 48
years), the data generally have a probability of local representativeness
higher than 40% in most of the regions. When selecting more ensemble
members, the fractional areas show that the probability of the short‐term
data that is representative increases significantly. Seven to eight ensemble
members (about 120 years) have a probability of representativeness more
than 60%.

5.3. Representativeness of LAF

Figure 14 is the result of local representativeness tests for LAF with two
and nine ensemble members. In this section, only the impact on drought
demise of LAF type A (wetting of soil and desensitizing of surface fluxes to
soil moisture content) is discussed. The ratio of LAF type B is low in all the
grid points and seasons (lower than 0.05); therefore, the thresholds of
representativeness (absolute differences lower than 0.05) are not enligh-
tening for LAF type B. The probability that any two ensemble members
(32 years) are representative of the long‐term data is less than 10% for
LAF type‐A indicating that 32‐year data are too short to be representative.
The probabilities of representativeness increase to 20 to 50% with nine
ensemble members over central and southwest United States. Although
there is higher representativeness for 144 years than 32 years, the repre-
sentativeness test can only be applied to 4–5 climate regional divisions
due to lack of attribution events and the probabilities are much lower than

AR and TC. As with TC and AR, compared with grid cell‐based representativeness (Figure S12), regional
coherence in LAF patterns suggests that in practical application, representativeness is somewhat greater
than local tests suggest.

The bar chat in Figure 15 also shows low representativeness for LAF type A with different sample sizes. Type
A LAF impacts are generally less frequent than TC or AR impacts. Therefore, the current data length is not
long enough to represent the long‐term local climatology for the impact of LAF type A on drought demise.
Comparing Figure 14 to Figure 8, we see larger disagreement in spatial patterns between CESM‐LE and
MERRA‐2 for LAF effects than for either TC or AR—thus, these representative results should taken even
more cautiously. They point to the historic lack of validation and calibration of coupled land‐atmosphere
processes in weather and climate models (Santanello et al., 2018).

Since the data length ofMERRA‐2 is less than 48 years (three ensemblemembers), the representativeness test
indicates that MERRA‐2 likely cannot accurately represent the likelihood of each of the causes of drought

Figure 14. Same as Figure 10 for land atmospheric feedback (LAF).

Figure 15. Same as Figure 11 for land atmospheric feedback (LAF) Type A.
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demise at the local scale. To ensure that the results fromMERRA‐2 are statistically significant for the demise
of extreme events like drought, a longer duration of data is required. An exchange of space for time increases
robustness when drought demise attribution is considered on regional averages rather than local scales.

6. Discussion and Conclusions

This study has built a framework for the quantification and attribution of drought demise using MERRA‐2
reanalysis data. We have defined a method to define the subseasonal transition period of meteorological
drought demise based on SPI using pentad data rather than monthly. Using a higher temporal resolution
data rather than monthly is to better capture the aspect that drought demise, which usually occurs much
more quickly than drought onset and development. The preferred season for drought demise in MERRA‐2
is spring over Southwest United States and summer over central and Northeast United States. We have also
compared the patterns for drought onset and demise from MERRA‐2 with the average of five observed pre-
cipitation data sets. There is a good agreement between them.

One of the novel contributions of this study is that we have quantified the transition period of drought
demise. The transition period of drought demise has not been well studied compared to drought onset, even
though the occurrence and speed of drought demise are just as important for social and economic interests.
The transition period is well within subseasonal time scales, too short to be well captured by conventional
techniques using monthly data. In this study, modified drought indices, SPI‐6P for meteorological drought
is developed to quantify drought at pentad (5‐day) intervals. The average drought demise durations are about
3–7 pentads (15–35 days). Therefore, data with finer temporal resolution than monthly are recommended
when quantifying drought demise. This short duration also lies well within the subseasonal time frame,
which is potentially predictable (Robertson, Kumar, et al., 2015). One of the limitations of pentad‐based data
is that the results are noisier than monthly data and the durations of drought events may be underestimated.

Because of the short timescale for drought demise, it is a subseasonal prediction problem. Forecast skill for
drought demise hinges on the ability to forecast its various causes. The attribution of TC, AR and LAF as fac-
tors in drought demise has been estimated for MERRA‐2. TC‐related drought demise accounts for about 30%
of the total cases in summer and fall in the Southeast United States. The impacts are lower over the central
United States and almost none in the West. AR frequency is higher than for TC over much of the United
States and is higher over the eastern United States than the western United States. AR is the most important
cause over the eastern United States, and it relates to more than 40% of the drought demise over Northeast
United States. The contribution in the Northwest is lower, except in winter. The fraction of precipitation pro-
vided by AR to alleviate the total precipitation deficit is about 10–20% in the eastern United States. The
impact of LAF type A is generally greatest in the central United States in summer and type B in fall. The
impact of LAF is lower than the other two causes.

Inasmuch as MERRA‐2 data are representative of the actual conditions over the United States, but with lim-
ited duration, the contributions to drought demise obtained from MERRA‐2 data may not be able to repre-
sent the long‐term climatological behavior of drought demise that might inform future behavior. A
representativeness test is applied to different data lengths from 32 to 144 years on the contributions of TC,
AR, and LAF on drought demise. The representativeness increases as the data length increases. Higher
representativeness levels are shown with AR impact on drought demise than the other two causes. The pur-
pose of representativeness testing is to identify if the MERRA‐2 duration (36 years) is long enough to exem-
plify the local climatology of drought demise causes. The results show that by applying this method to
observations, three decades of data (the traditional length for climatological benchmarks) likely is not be
long enough to represent the inherent probabilities associated with all possible causes of drought demise.
This issue is probably not unique to drought demise but is a problem for any extreme phenomena that lie
in the tail of a probability distribution. However, the overall seasonality and the larger‐scale regional pat-
terns indicated in MERRA‐2 are more representative of the likelihood of the drought demise causes investi-
gated, as regional aggregation would ameliorate the problem of sample size to some extent.

By extending this framework, and with long enough data sets (Findell et al., 2014), we can get a general idea
of how different causes impact drought demise in the United States and also provide guidance for drought
mitigation, particularly at the regional scale. As AR and TC are considered as significant causes of drought
demise over many regions, by well predicting their occurrence, we can better anticipate drought
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termination, which is meaningful to agriculture and crop yields, especially for drought events during the
growing season. For example, by considering the activities of the MJO and quasi‐biennial oscillation, ARs
can be predicted in 2–5 weeks in advance (Mundhenk et al., 2018). This early warning can provide guidance
for farmers and decisionmakers over the regionswhere AR is an important cause of drought demise, as deter-
mined by this study.

Circulation regimes in the middle and high latitudes play a significant role in winter extreme events like
floods over the United States (Robertson, Kushnir, et al., 2015). For example, Amini and Straus (2018) have
identified circulation regimes based on 500‐hPa geopotential height and 200‐hPa zonal wind over the
Pacific‐North America region. Some of the impacts of the circulation regimes are included implicitly in
the impact of ARs where the resulting moisture transport may affect preferred TC tracks. However, varia-
tions among circulation regimes may explain additional drought demise events not related to any of the
three investigated causes over these areas, especially in winter.

Intraseasonal tropical climate variability, such as the phases of the Madden‐Julian Oscillation (MJO), can
also have a significant impact on the extreme events in the western United States (Bond & Vecchi, 2003).
Summertime precipitation variability over the U.S. Great Plains may also be affected by the sea surface tem-
perature changes in the tropical and northern Pacific and their associated teleconnections to North America
(Ting & Wang, 1997). However, the effects of the MJO are felt locally through many of mechanisms
described above, such as circulation changes, ARs, and even frequency of convection associated with
MCSs. Fundamentally, these causes and those explicitly examined in this study are not unconnected, but
TCs, ARs, and LAF are phenomenologically easier to isolate than remotely driven causes and thus have been
the focus of this study. The interrelated nature of the climate system should not be forgotten in interpreting
causes of drought demise, just as with drought onset, intensification, and maintenance. They all operate on
subseasonal time scales.

Besides the causes discussed above, drought demise may also be triggered by internal atmospheric variabil-
ity, which is essentially a random, unpredictable process on drought time scales that is not driven by detect-
able factors. For example, the sudden demise of drought in 2011 in Texas has been attributed to atmospheric
chaos (Fernando et al., 2016). Studies also show that the internal atmospheric variability often contributes to
winter extreme precipitation along the West Coast, which may account for as much as 80% of the total var-
iance in precipitation (Lu et al., 2018). Although ARs and TCs are also part of internal variability, their
impacts are much more significant to drought demise compared with others and are able to be quantified
with model and reanalysis data. In this study, we separate these two from other elements of internal atmo-
spheric variability because others are largely unpredictable on subseasonal to seasonal time scales.
Therefore, if a drought demise is not related to any of the other possible mechanistic causes, it may be attrib-
uted by default to internal variability.

These additional potential causes may be added to the framework presented here in future studies. This
point‐by‐point approach to assessing causes of drought demise may need to be aggregated in space to depict
the demise of specific drought cases, just as the spatial scale of major droughts is composited from station,
climate division, or grid cell data of local drought indices. Thus, this approach could be adapted to charac-
terize the spatial as well as temporal evolution of drought demise, painting a more complete picture of the
evolution of specific drought events. Finally, approaches to attributing these factors to the demise of agricul-
tural drought can be performed using soil moisture data and the soil moisture deficit index (Narasimhan &
Srinivasan, 2005) following the same approach—results are not shown here but they are quite similar to
those based on SPI‐6P (Wu, 2018). This framework could also be applied to hydrologic drought using stream-
flow data with further accounting of the different timescales in hydrographs among different size
hydrologic units.
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