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Abstract15

In the Central United States, extreme heat frequently co-occurs with soil moisture deficits16

and atmospheric aridity, amplifying agricultural impacts. Recent studies highlight the17

importance of viewing extreme heat as the integrated result of processes acting along air18

parcel trajectories rather than solely as a local phenomenon. Here, we investigate how19

upstream land surface conditions influence extreme summer temperatures in Kansas by20

computing 48-hour Lagrangian back trajectories in the boundary layer using HYSPLIT.21

ERA5 reanalysis from 1980–2022 is used to define hot summer days (↑95th percentile)22

and typical summer conditions (47th–52nd percentile). We use a simplified mixed layer23

model to estimate the roles of surface heating (sensible and latent heat fluxes), entrain-24

ment, and radiative cooling on potential temperature along parcel pathways on hot and25

typical summer days. Hot day trajectories arrive in Kansas →7 K warmer than typical26

day trajectories. Along hot day trajectories, a larger surface heat flux from drier soils27

(reduced soil moisture evaporation) is the dominant contributor to the cumulative warm-28

ing, exceeding the contribution from insolation by roughly a factor of three. Modest shifts29

in trajectory pathways expose air parcels to substantially drier upstream land surface30

conditions, leading to enhanced downstream warming. This Lagrangian perspective shows31

the importance of air-mass history in modulating regional heat extremes and has impli-32

cations for the predictability of extreme heat in coupled land-atmosphere systems.33

Plain Language Summary34

Summer heat waves in the Central United States are often accompanied by dry soils,35

but it is unclear whether extreme temperatures are caused primarily by local land con-36

ditions or by air masses arriving from elsewhere. In this study, we combine atmospheric37

reanalysis data, soil moisture observations, and air parcel trajectory modeling to exam-38

ine how heat builds along the pathways of air moving into the Southern Great Plains.39

We show that air masses associated with hot days tend to travel over drier regions of Texas40

and Oklahoma before reaching Kansas. As these air parcels move across dry soils, more41

surface energy is converted into sensible heating rather than evaporation, progressively42

warming the lower atmosphere. Using a simplified energy budget in the planetary bound-43

ary layer, we estimate that about 70–80% of the additional warming on hot days is as-44

sociated with reduced evaporative cooling from dry soils. These results highlight the im-45

portance of upstream land surface conditions and atmospheric transport in shaping re-46

gional heat extremes.47

1 Introduction48

Summertime extreme heat poses cascading risks to human health (e.g., Robine et49

al., 2007; Matthews et al., 2025), energy infrastructure (e.g., Santamouris et al., 2015)50

and agricultural productivity (e.g., Schlenker & Roberts, 2009; Chen et al., 2021; Thorn-51

ton et al., 2021; Abdelrahim & Jin, 2026). In the Central United States, extreme heat52

frequently co-occurs with soil moisture deficits, forming compound drought–heatwave53

events that amplify socioeconomic impacts (Zscheischler et al., 2020). In this part of the54

country, agricultural losses during hot summers are often more strongly driven by at-55

mospheric aridity and extreme heat than by precipitation deficits alone (Rigden et al.,56

2020). Understanding the physical processes that intensify these temperature extremes57

is therefore critical for regional climate resilience in this agriculturally vital region where58

billions of dollars worth of corn, soybeans, and sorghum are grown in the summer.59

Previous research using comprehensive earth system models has identified the US60

Southern Great Plains, northern India, East Asia, and the Sahel as key regions with strong61

soil moisture–temperature coupling, supported by both modeling (Koster et al., 2006;62

Seneviratne et al., 2010) and observational studies (Teuling et al., 2009; Gerken et al.,63

2019). In these regions, surface temperature variability is strongly constrained by the64
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partitioning of available energy into latent and sensible heat fluxes. When soil moisture65

is abundant, more of the solar radiation is dissipated through evapotranspiration (latent66

heat fluxes), and the amount of evaporation is only limited by how much energy hits the67

ground. However, as soil moisture falls below a critical threshold and enters a soil moisture-68

limited regime, evaporative fraction decreases, sensible heat flux increases, and soil mois-69

ture becomes a first-order control on surface energy partitioning (Seneviratne et al., 2010;70

Duan et al., 2023). This transition enhances near-surface warming and can promote bound-71

ary layer growth and entrainment from the free troposphere, reinforcing land–atmosphere72

feedbacks that further dry the soil (Seneviratne et al., 2010; Santanello et al., 2018). As73

soil moisture decreases below the wilting point, soil water becomes increasingly unavail-74

able for evapotranspiration because it is held tightly by the soil matrix (Seneviratne et75

al., 2010). The sensitivity of surface fluxes to soil moisture is maximized in transitional76

regimes between wet and dry climates, where evapotranspiration responds strongly to77

soil moisture variability, and is weaker in persistently wet or arid regions (Koster et al.,78

2004; Guo et al., 2006; Seneviratne et al., 2010). The impact of soil moisture on latent79

and sensible heat fluxes therefore matters most when the soil moisture is in the transi-80

tional zone where an increase in soil moisture is approximately linearly related to an in-81

crease in latent heat flux (Seneviratne et al., 2010; Duan et al., 2023).82

While the relationship between local soil moisture deficits and extreme heat is well-83

established (e.g., Mueller & Seneviratne, 2012; Huybers et al., 2014; Miralles et al., 2018),84

local coupling alone often does not fully explain the magnitude and rapid intensification85

of large scale extreme heat. Increasing evidence suggests that non-local processes, par-86

ticularly horizontal advection of heat from upstream regions, play a critical role. For ex-87

ample, by examining both local and upstream conditions during the 2010 Russian heat-88

wave, Miralles et al. (2014) estimated that up to 40% of the heat stored in the atmospheric89

boundary layer was supplied by large-scale horizontal advection from regions with drier90

soils, with additional work demonstrating the combined importance of circulation and91

land surface conditions (Schumacher et al., 2019). Similarly, Lagrangian analyses of Aus-92

tralian heatwaves show that air parcels can warm by almost 10 K as they traverse re-93

gions of anomalous sensible heat flux before reaching the target region (Quinting & Reeder,94

2017). These studies highlight the importance of viewing extreme heat as the integrated95

result of processes acting along air parcel trajectories rather than solely as a local phe-96

nomenon.97

Despite this evidence, the role of non-local land–atmosphere interactions remains98

less well understood in the Central United States, particularly for more frequent (e.g.,99

95th percentile) heat extremes rather than rare, record-breaking events. This region is100

dynamically active and strongly influenced by the Great Plains Low-Level Jet (GPLLJ),101

which facilitates rapid poleward transport of air masses across the Southern Great Plains102

(Weaver & Nigam, 2008). As a result, upstream land surface conditions may exert a strong103

influence on downstream temperatures by preconditioning air masses prior to arrival. How-104

ever, disentangling the roles of atmospheric circulation and upstream land surface con-105

ditions remains challenging using traditional Eulerian approaches.106

To address this, we adopt a Lagrangian framework to characterize the thermody-107

namic and land surface history of air masses arriving in the Central U.S. near Wichita,108

Kansas during extreme summertime heat events. Using ERA5 reanalysis, GLEAM soil109

moisture data, and backward trajectories from HYSPLIT forced with HRRR meteorol-110

ogy, we track the evolution of key atmospheric variables along air parcel pathways and111

compare hot days to typical summer conditions. This approach allows us to explicitly112

link upstream land surface conditions to downstream temperature extremes.113

We show that extreme heat in the Southern Great Plains emerges from multi-day114

preconditioning of air masses as they traverse regions of anomalously low soil moisture.115

In particular, trajectories associated with hot days preferentially pass over climatolog-116

ically drier regions of central and western Texas, where enhanced sensible heat flux leads117
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to progressive warming of the boundary layer prior to arrival. These results suggest that118

while local soil moisture deficits contribute to extreme heat, the pathways taken by bound-119

ary layer air across spatial gradients in land surface conditions play a large role in am-120

plifying temperature extremes.121

These findings have important implications for understanding and predicting ex-122

treme heat. Because temperature extremes depend not only on local conditions but also123

on upstream land surface states and atmospheric transport pathways, accurate predic-124

tion may require accounting for the spatial structure of soil moisture and its interaction125

with spatiotemporal variations in low-level winds. More broadly, this work highlights the126

importance of viewing extreme heat as a spatially integrated process shaped by both land127

surface heterogeneity and atmospheric dynamics.128

2 Data and Methods129

We use di!erent datasets to define the large-scale atmospheric conditions associ-130

ated with extreme heat, the corresponding land conditions, and high resolution data used131

in the trajectory analysis. ERA5 reanalysis (Hersbach et al., 2020) is used to define >95th132

percentile extreme heat and provide large-scale weather variables. The Global Land Evap-133

oration Amsterdam Model (GLEAM; version 3.8a) dataset (Martens et al., 2017) is used134

to provide the accompanying local soil moisture on those days. Finally, the NOAA High135

Resolution Rapid Refresh (HRRR; Dowell et al. (2022)) model, is used to force trajec-136

tories for analysis and obtain key variables along the trajectories.137

2.1 Land Surface and Atmospheric Datasets138

Atmospheric data are obtained from the European Center for Medium-Range Weather139

Forecasts (ECMWF) ERA5 reanalysis (Hersbach et al., 2020). We use daily mean 2-m140

air temperature, 2-m relative humidity, 10-m winds and mean sea level pressure (MSLP),141

computed from hourly data at 0.25→ ↓ 0.25→ spatial resolution, for the period 1980–2022.142

Surface soil moisture is taken from the Global Land Evaporation Amsterdam Model (GLEAM;143

version 3.8a) dataset, also at a 0.25→ ↓ 0.25→ spatial resolution (Martens et al., 2017).144

We use surface (0–10 cm) soil moisture as a proxy for moisture availability relevant to145

evapotranspiration and surface heat flux partitioning. GLEAM provides daily soil mois-146

ture estimates derived from satellite observations and reanalysis forcing, allowing spa-147

tially and temporally consistent coverage across the study domain. All analysis is restricted148

to the boreal summer months (June–August; JJA) over the continental United States.149

At each grid point, we compute daily percentiles of temperature and soil moisture150

relative to the 1980–2022 JJA climatology based on the ERA5 and GLEAM data sets151

respectively. This percentile-based framework allows us to define and compare extreme152

conditions across regions with di!erent mean climates and variability, e!ectively elim-153

inating the e!ect of the marginal distributions (Bousquet & Bernardara, 2021). Hot days154

are defined as days where daily mean 2-m air temperature exceeds the 95th percentile155

at a given location. Typical summer days are those where the daily mean temperature156

falls between the 47th and 52nd percentiles.157

2.2 HYSPLIT Backward Trajectories158

To complement the Eulerian analysis of large-scale atmospheric and land condi-159

tions, we compute Lagrangian trajectories to analyze the airmass evolution as air parcels160

move towards south-central Kansas. To do this, we use the National Oceanic and At-161

mospheric Administration (NOAA) Air Resources Laboratory’s (ARL) HYbrid Single-162

Particle Lagrangian Integrated Trajectory (HYSPLIT) model (Draxler & Rolph, 2010).163

In this model, advection and di!usion calculations are made in a Lagrangian framework164

following the transport of air parcels, allowing for the calculation of air parcel trajecto-165
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ries forced by a given atmospheric flow field. We force HYSPLIT with the 3 km ↓ 3 km166

grid size, hourly NOAA High Resolution Rapid Refresh (HRRR; Dowell et al. (2022))167

model. Since the HRRR model was not operational before the 2015 summer season, and168

no other model’s meteorological forcings provided adequate coverage, resolution, and me-169

teorological fidelity for our purpose, we restrict the trajectory analysis to 2015–2022. This170

yields 17 hot days. Since there are many more typical days in this time frame, we select171

the most recent 18 typical days for comparison. The full list of hot and typical days is172

provided in the Supporting Information.173

For each event, HYSPLIT back trajectories are initialized at 0000 UTC on the fol-174

lowing day, corresponding to one minute after the end of the selected day. We compute175

an ensemble of backward trajectories terminating near Wichita, Kansas (37.65→N, 97.43→W)176

at approximately 250 m above ground level. The 250 m level is chosen to represent near-177

surface boundary-layer air while avoiding surface-level numerical noise. The lowest model178

level is 8 m and vertical spacing is 15–30 m near the surface (Dowell et al., 2022). The179

ensemble of backward trajectories is initialized in the form of a 3 ↓ 3 ↓ 3 cube in the180

X, Y, and Z dimensions centered on the target latitude, longitude, and height. The o!-181

sets are ±1 grid point (→3 km) in the horizontal and ±0.01 sigma units (→100 m) in the182

vertical. This yields 27 backward trajectories for each day.183

Trajectories are integrated 48 hours backward in time using HYSPLIT’s handling184

of 3D advection using model vertical velocity. At each timestep, HYSPLIT outputs par-185

cel latitude, longitude, and height above mean sea level. The HRRR meteorologicala files186

provide the associated terrain height, potential temperature, ambient temperature, rain-187

fall, mixed layer depth, relative humidity, and downward solar flux. These values along188

the backward trajectories are used to interpret di!erences in thermodynamic evolution189

between hot and typical days identified in the Eulerian analysis.190

2.3 Energy Budgets191

From the HYSPLIT back trajectories, we estimate the temporal tendency of bound-192

ary layer potential temperature along parcel pathways using a bulk mixed-layer energy193

framework. We restrict the analysis to trajectories that remain below 2500m for the full194

48-hour period prior to 00 UTC (n=259/459, 56% of hot day trajectories; n=308/486,195

or 63% of typical day trajectories). Given the observed soil moisture below each of parcels196

and assuming a wilting point SMwilt of 0.10 and field capacity SMfc of 0.45 (Xu et al.,197

2025), we can write an estimated total tendency of the air parcels. Thus, the total po-198

tential temperature tendency in the boundary layer following the flow (material deriva-199

tive) is written as the sum of contributions from surface sensible heat flux, entrainment200

from above the boundary layer, and radiative cooling:201

dω

dt
↔

(
dω

dt

)

surface

+

(
dω

dt

)

entrainment

+

(
dω

dt

)

rad. cooling

(1)

Surface sensible heat flux is estimated from available energy and evaporative par-202

titioning:203

SHF = (1↗ EF)AE (2)

where available energy AE equals (Rn↗G), where Rn is net shortwave radiation204

at the ground assuming a surface albedo of 0.2 (Duchon & Hamm, 2006), such that net205

radiation is approximated as 80% of incoming shortwave radiation. G is ground heat flux,206

prescribed as 40% of Rn for the first hour after sunrise (from 11–12 UTC in Wichita,207

KS), 10% of Rn for the next three hours (12–15 UTC), and zero for the following hours,208

falling in the range suggested by Stull (1988). This simple diurnal prescription captures209

the typical rapid morning decay of ground heat flux relative to net radiation. The evap-210
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orative fraction is parameterized as a function of soil moisture211

EF =
SM↗ SMwilt

SMfc ↗ SMwilt
(3)

bounded between 0.05 and 0.95. This formulation captures first-order soil moisture con-212

trol on surface flux partitioning. Sensitivity tests indicate that results are not qualita-213

tively sensitive to reasonable variations in wilting point and field capacity. Thus, the con-214

tribution of surface heating to boundary layer temperature tendency is then215

(
dω

dt

)

surface

=
SHF

εcph
(4)

where ε is air density, cp is the specific heat of dry air, and h is boundary layer depth.216

Surface heating is only applied when the boundary layer is > 500m deep.217

Warming due to the entrainment of free-tropospheric air into the mixed layer is pa-218

rameterized following the zero-order mixed layer framework (Tennekes, 1973; Stull, 1988),219

which yields an entrainment warming tendency of220

(
dω

dt

)

entrainment

=
we”ω

h
(5)

This term is applied only when the boundary layer is su#ciently deep (h > 500m) and221

the parcel resides within the mixed layer. The entrainment velocity we is diagnosed from222

the HYSPLIT/HRRR estimated rate of boundary-layer deepening, we = max(dh/dt, 0).223

This equates the deepening rate following the parcel with the entrainment velocity, and224

so folds any deepening due to advection across spatial gradients in boundary-layer depth225

into the entrainment term. The potential temperature jump across the capping inver-226

sion is held fixed at ”ω = 2K, although in reality it varies over the diurnal cycle and227

from day to day. Because entrainment is a secondary contributor to the budget (Figure 6c–228

d), the leading-order results are insensitive to reasonable variations in this value.229

Radiative cooling is represented as a constant longwave cooling tendency of230

(
dω

dt

)

rad. cooling

= ↗0.2 Khr↑1 (6)

chosen to approximate typical clear-sky cooling rates in summertime continental231

boundary layers (Stull, 1988).232

Observed tendencies are computed directly from trajectory data as finite di!erences233

in potential temperature over time. All budget terms are computed at each hour when234

trajectory information is saved from HYSPLIT and is subsequently composited across235

events using the mean.236

To attribute di!erences in boundary layer potential temperature tendencies between237

hot and typical days, we decompose the surface-driven heating term in Equation (4) into238

contributions from soil moisture and insolation di!erences. We decompose di!erences239

between hot and typical conditions by expressing each variable as the sum of a reference240

(typical-day) value and a perturbation (hot-minus-typical anomaly), e.g., AE = AEref+241

”AE, where reference values are defined as the mean diurnal evolution of typical days.242

”

(
dω

dt

)

surface

↔ 1

εcp

(
↗AEref

href
”EF +

1↗ EFref

href
”AE

)
(7)

The first-order Taylor series expansion above allows us to decompose contributions243

to the di!erence in potential temperature tendency between hot and typical days to con-244

tributions from soil moisture–controlled partitioning of surface fluxes (“surface flux par-245

titioning e!ect”) and (ii) changes in available energy (“insolation e!ect”). We choose not246

–6–



manuscript submitted to JGR Atmospheres

Figure 1. Joint 2D histograms of soil moisture percentile and temperature based on ERA5

during June, July, and August. Soil moisture percentiles are on the x-axis and temperature per-

centiles are on the y-axis with shading in the 2D phase space indicating the frequency of obser-

vations lying in each joint percentile bin. There are 10 soil moisture and temperature percentile

bins. Therefore, 10% of observations occur in each row and column. Joint distributions and per-

centiles are calculated using the soil moisture and temperature time series averaged within each

gridbox delineated by faint gray lines on the base map.

to estimate interaction terms and e!ects of changing boundary layer depth, which are247

secondary to available energy and the partitioning of surface heat fluxes. All terms are248

computed at each trajectory timestep and subsequently composited using the mean across249

events. Residual di!erences between the reconstructed and directly computed temper-250

ature tendencies are used to assess the validity of the decomposition.251

3 Results252

3.1 Large-Scale Atmospheric Patterns253

We begin by using ERA5 atmosphere and GLEAM land reanalyses to examine the254

large-scale land-atmosphere patterns that produce extreme heat across the United States.255

We divide the continental United States into 5→ × 5→ grid boxes. Within each grid box,256

we compute daily mean temperature and surface soil moisture for all summer days (JJA)257

from 1980–2022. For each grid box, we then construct a two-dimensional histogram of258

soil moisture percentile versus temperature percentile (Figure 1), where percentiles are259

defined relative to the local JJA climatology. The relationship between soil moisture and260

temperature varies substantially across regions in the United States. Across the West-261

ern US, we see the manifestation of a soil moisture-limited regime, where evapotranspi-262

ration is strongly controlled by soil moisture, leading to strong coupling between soil mois-263

ture and temperature through surface flux partitioning. In wetter regions across the East-264

ern US, evaporation is more energy limited, so the coupling between soil moisture and265

temperature is much weaker. In transitional regions between dry and wet climates, evap-266

otranspiration exhibits strong sensitivity to soil moisture and there are large evapotran-267

spiration variations (not shown), resulting in large variability in latent and sensible heat268

fluxes and enhanced land–atmosphere coupling.269

The Southern Great Plains lies within this transitional regime of strong land–atmosphere270

coupling. We therefore focus on examining the characteristics of hot days in south-central271
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a

b c d

Figure 2. Overview of coincident local conditions of temperature and soil moisture across

the continental US based on ERA5 (1980–2022) during June, July, and August. (a) A map of

the Pearson correlation coe!cient between the temperature in Wichita, KS and the surface soil

moisture at each grid point. A circle centered on Wichita, KS with a radius equal to the e-folding

distance of the temperature–soil moisture correlation is shown in dashed black. The location of

Wichita is indicated by the black dot. (b) The wind rose for all summer days in Wichita, KS,

where wind directions are divided into 16 directional bins, and the fraction of total observations

in each bin dictate how long each sector is. Coloring is based on the wind speeds comprising each

sector. (c) Same as (b) but for all days exceeding the summertime 90th percentile. (d) Same as

(b) but for all days exceeding the summertime 99th percentile.

Kansas centered on Wichita. Across the summer season, temperature in Wichita, KS272

is negatively correlated with local soil moisture (r = –0.51), consistent with strong land–atmosphere273

coupling. Notably, temperature is also correlated with soil moisture located to the south274

of Wichita. This relationship extends over several hundred kilometers, with an e-folding275

length scale of approximately 850 km (Figure 2a), indicating a potential substantial in-276

fluence of upwind land surface conditions. The e-folding distance is defined as the dis-277

tance at which the correlation decreases to 1/e of its value in Wichita. This spatial struc-278

ture is consistent with prevailing southerly winds in the region (Figure 2b), which trans-279

port air masses and their thermodynamic properties across the Southern Great Plains280

toward Kansas. On hot days where the temperature exceeds the 90th and 99th percentiles,281

we see a slight westerly component to the wind (Figure 2c–d). Although this shift is mod-282

est in magnitude, it plays an important role in modifying upstream source regions, as283

will be discussed later.284

Focusing further on the large-scale land-atmosphere patterns giving rise to extreme285

heat in the Central US, we now look at composites of the temperature, soil moisture, and286

wind speed/direction on hot days in Wichita, KS and how they compare to typical days.287
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Conditioned on the daily mean 2m temperature exceeding the 95th percentile (31.0→C),288

the average temperature on all hot days is 31.7→C, which is 5.8→C above the summer-289

time average. Temperatures exceed 30→C across most of the Southern Great Plains (Fig-290

ure 3a) and temperature anomalies are greater than 5→C above typical days (Figure 3b),291

consistent with expectations of regionally coherent heat events. The local volumetric soil292

moisture is 0.25, which is 0.09 less than a typical day. On a larger-scale, we see lower293

soil moisture in western Texas, Oklahoma, and Kansas compared to the eastern portions294

of those states (Figure 3c) due to the climatologically drier soils in that area. Soil mois-295

ture anomalies of –0.05 to –0.10 are common in much of the Southern Great Plains (Fig-296

ure 3d). Finally, we see that the winds on hot days, as with most days across this re-297

gion characterized by the Great Plains Low Level Jet, are 4–5 m/s from the south (Fig-298

ure 3e). On these hot days, there is an anomalous southwesterly component to the wind,299

and the winds are about 2–3 m/s faster. Also, the wind arrows in Figure 3f and MSLP300

anomalies (not shown) indicate the presence of a synoptic-scale low-pressure anomaly301

over eastern Nebraska. Overall, synoptic conditions associated with extreme heat are widespread302

soil moisture deficits co-occurring with elevated temperatures, and more locally, south-303

westerly winds ahead of a frontal boundary.304

3.2 Trajectory Analysis305

While the composite analysis highlights the large-scale co-occurrence of dry soils,306

anomalous winds, and extreme temperatures, it does not explicitly resolve the pathways307

through which land surface conditions influence downstream air masses. In particular,308

the spatial correlations and prevailing southerly flow suggest that the upwind land sur-309

face state may precondition air parcels prior to their arrival in southern Kansas. To di-310

rectly examine this process, we adopt a Lagrangian framework and track the thermo-311

dynamic evolution of air parcels along their trajectories.312

Figure 4 shows the ensemble of near-surface 48-hour backward trajectories that end313

near Wichita, KS on both hot and typical days from 2015 onward (see Methods), over-314

laid on the corresponding composite soil moisture fields. On typical days, the trajecto-315

ries are more spatially dispersed and sample a wider range of upstream conditions, but316

generally come from the south and east. In contrast, on hot days, the trajectories ex-317

hibit a more spatially coherent plume passing west of the typical day plume, where soil318

moisture is climatologically lower.319

To further investigate how these upstream conditions influence air parcel proper-320

ties, we examine the temporal evolution of key thermodynamic and land surface vari-321

ables along the trajectories. Figure 5 shows the evolution of air temperature, potential322

temperature, soil moisture, specific humidity, mixed layer depth, and incoming solar ra-323

diation along the 48-hour <2500m trajectory pathways (those trajectories that remain324

in/near the boundary layer for the entire period and are therefore influenced by surface325

conditions) for hot and typical days. Both air temperature and potential temperature326

are similar on hot days and typical days 48 hours before the arrival of the airmass in south-327

ern Kansas. Over the two day period, air temperature and potential temperature increase328

much more rapidly on hot days (Figure 5a–b). The soil moisture is lower over the en-329

tire path of parcel trajectories leading to hot days (Figure 5c). While there is a gradi-330

ent in the median soil moisture across Texas (Figure 4), since parcels traverse this gra-331

dient at di!erent times (typically 18–36 hours prior to arrival), the ensemble median re-332

flects a gradual decline in soil moisture rather than a sharp transition. By around 6 hours333

prior to arrival in Wichita, the soil moisture on hot days is comparable to that on typ-334

ical days. By this point, the parcel trajectories on hot and typical days are both pass-335

ing over the wetter soils of Central Kansas. The specific humidity approximately 36–48336

hours before hot and typical days are similar, but there is a rapid decrease the day be-337

fore a hot day (Figure 5d), largely due to entrainment of dry free-tropospheric air (not338

shown). We also see that the mixed layer is deeper on hot days compared to days with339
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a b

c d

e f

Figure 3. Multipanel plot showing composite maps of large-scale features of the days where

the temperature is above the 95th percentile in Wichita, KS from 1980–2022 (n = 198 days)

based on ERA5. (a) Map of temperature. (b) Map of the temperature anomaly as calculated

by the di”erence between the mean temperature on hot days minus the mean temperature on

the typical days (n=198). (c) Map of volumetric surface soil moisture. (d) Map of soil moisture

anomaly. (e) Map of the mean wind speed shown by shading. Wind vectors are shown by the

arrows overlaid on the plot. (f). Map of the wind speed anomaly shown by shading. Wind vector

anomalies are indicated by arrows. Arrows in this panel with the same length as those in panel

(e) are 0.5x as fast. The location of Wichita, KS is shown by a blue star on all subpanels.
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a b

Figure 4. Plot of HYSPLIT back trajectories that occur entirely below 2500m on (a) the 17

hot days and (b) the 18 typical days with the interquartile range of trajectory positions at each

time step shaded in each plume. The hourly median is shown by a solid line with circles plotted

every six hours at 00, 06, 12, and 18 UTC. Hot day plumes are shown in red and typical day

plumes are shown in black. Plumes are overlaid on the median volumetric soil moisture on the

days where the trajectories occur.

a more typical temperature (Figure 5e). Finally, we see that hot days have slightly more340

insolation than typical days (Figure 5f), consistent with reduced cloud cover. Together,341

these results indicate that air parcels associated with hot days experience sustained ex-342

posure to drier land surfaces, deeper boundary layers, and enhanced radiative forcing,343

all of which contribute to amplified warming during transport.344

These results raise a key question: what processes along the trajectory are respon-345

sible for the enhanced warming observed on hot days? In particular, the co-occurrence346

of reduced soil moisture and enhanced radiative forcing suggests that multiple mecha-347

nisms may contribute to the observed temperature di!erences. To quantify the relative348

contributions of these processes, we next evaluate a mixed-layer energy budget along the349

trajectories. This framework allows us directly attribute the cumulative warming along350

the trajectory to distinct physical processes.351

3.3 Attribution of Extreme Heat on Hot Days352

To quantify the physical drivers of excess warming along hot-day trajectories, we353

apply the bulk mixed-layer potential temperature budget (Methods) to each trajectory354

that remains below 2500 m throughout the 48-hour period. Surface, entrainment, and355

radiative cooling tendencies are computed hourly using HRRR meteorological fields and356

GLEAM soil moisture along HYSPLIT back trajectories. For hot-day trajectories, we357

further decompose anomalies in surface heating relative to a typical-day reference state358

into contributions from surface flux partitioning (evaporative fraction/soil moisture) and359

available energy using a first-order Taylor expansion.360

To demonstrate that the simplified mixed-layer model is adequate for purpose (Parker,361

2020), we compare the output of the mixed-layer model to reference values from HYS-362

PLIT/HRRR. The simplified mixed-layer budget model qualitatively reproduces the HYS-363

PLIT/HRRR mean diurnal cycle of potential temperature tendencies along both hot day364

and typical day trajectories (Figure 6a). Peak daytime heating rates are overestimated365

by approximately 0.2 K/hr for hot-day trajectories, while agreement is closer for typ-366
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a

b

c

d

e

f

Figure 5. Time series evolution of (a) air temperature, (b) potential temperature, (c) soil

moisture, (d) specific humidity, (e) mixed layer depth, and (f) incoming solar radiation from the

HRRR model along the 48-hour HYSPLIT back trajectories that remain below 2500m (this is

used as a proxy for boundary layer air) for their entire journey. Time is shown relative to arrival

in Wichita (t = 0). The hourly median is shown by a solid line and the interquartile range is

shaded. The time series for the hot days is in red and typical days are in black.
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a b

c d

e f

Figure 6. Comparisons between HYSPLIT/HRRR values (solid lines) and estimates from

the simplified mixed-layer model (dashed lines) along 48-hour trajectories arriving at Wichita,

KS (a–d). Stacked bars in (c–e) and shading in (f) indicate contributions of individual phys-

ical processes to the mixed-layer model based estimates. (a) Mean HYSPLIT/HRRR (solid)

and model estimated (dashed) dω/dt for hot (red) and typical (black) days. (b) Corresponding

HYSPLIT/HRRR (solid) and reconstructed (dashed) ω, initialized from the earliest trajectory

time and integrated forward using the estimated tendencies in (a), for hot days (dark beige) and

typical days (green). (c–d) Decomposition of dω/dt into surface heating (brown), entrainment

(pink), and radiative cooling (blue) for (c) hot and (d) typical days; dashed lines show the sum of

terms and solid black lines show HYSPLIT/HRRR tendencies. (e) Hot minus typical di”erences

in the surface heating contribution to dω/dt from panels c and d, separated into e”ects from drier

soils/reduced evaporative cooling (purple) and increased available shortwave energy (yellow). The

solid dark red line shows the observed HYSPLIT/HRRR mean di”erence and the dashed line

shows the sum of all terms in the parameterized mixed layer model. (f) As in (e), but integrated

in time to give cumulative ω di”erences.
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ical days. Since the mixed-layer model only considers a constant longwave cooling rate,367

reflecting the simplified representation of nocturnal radiative cooling and the absence368

of stable boundary layer processes, there is some discrepancy in the cooling rate from369

–24 to –12 hours. Despite these and other limitations, the budget captures the key fea-370

ture that hot-day trajectories experience systematically stronger daytime heating over371

multiple days prior to arrival. Integrating the estimated tendencies forward in time from372

the earliest trajectory age, when parcels are around 2000m above the surfaces, yields re-373

constructed potential temperature evolution that closely follows the values from HYS-374

PLIT/HRRR (Figure 6b), with a cumulative warm bias of approximately 1 K at arrival,375

likely reflecting simplified nocturnal cooling and boundary layer dynamics.376

Examining individual budget terms reveals how the balance of surface heating, en-377

trainment, and radiative cooling di!ers on hot days compared to typical days (Figure378

6c–d). On hot days (Figure 6c), surface sensible heat flux dominates the daytime heat-379

ing tendency, with peak values around 1 K/hr, supplemented by a modest entrainment380

contribution during the morning boundary layer growth phase. On typical days, the same381

processes operate, but with substantially weaker surface heating (approximately 0.6–0.7382

K/hr), reflecting wetter soils and reduced incoming shortwave energy (insolation) along383

the trajectories. The radiative cooling term, held constant at approximately ↗0.2 K/hr,384

provides the same cooling in both groups.385

To isolate the drivers of the pronounced di!erence in surface heating between hot386

and typical days (the di!erent height of the brown bars in Fig. 6c–d), we decompose the387

anomaly in surface heating (hot minus typical) at each time step using a first-order Tay-388

lor expansion (Figure 6e). For each trajectory, the surface heating anomaly is expressed389

as the sum of contributions from changes in soil moisture (via reduced soil moisture evap-390

oration and thus less cooling) and insolation relative to a mean typical day reference state.391

These contributions are computed along each trajectory and then averaged across the392

ensemble of all trajectories. The results show that the reduced evaporative fraction due393

to drier soils accounts for the majority of the daytime heating anomaly, while increased394

incoming shortwave energy contributes a smaller but non-negligible component (Figure395

6e). The sum of these terms (height of the bars) largely follows the HYSPLIT/HRRR396

tendency di!erence (solid line), indicating that these leading-order processes capture the397

dominant controls on enhanced warming (Figure 6e).398

Integrating these contributions over the entire lifetime of the trajectory reveals their399

cumulative impact on the potential temperature di!erence at arrival (Figure 6f). Hot-400

day trajectories arrive approximately 7 K warmer than typical-day trajectories (the HYS-401

PLIT/HRRR di!erence in Figure 6f), of which reduced evaporative fraction associated402

with drier soils accounts for approximately 70–80% (about 5 K), with increased insola-403

tion providing most of the remainder. The reconstructed di!erence closes about 5.5 K404

of the 7 K total, leaving a residual of order 1 K that is not attributed by the decompo-405

sition. This residual reflects di!erences in entrainment, neglected higher-order and boundary-406

layer-depth terms, and simplified nocturnal and stable-layer processes; it does not alter407

the leading-order balance, in which drier soils dominate.408

Overall, these results demonstrate that land–atmosphere coupling through soil mois-409

ture depletion is the dominant driver of enhanced warming along hot-day trajectories.410

This e!ect is reinforced by increased insolation, but the primary control arises from the411

shift in surface flux partitioning toward sensible heating under dry soil conditions. There-412

fore, sustained exposure to dry soils along the trajectory plays a central role in ampli-413

fying downstream heat extremes.414
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4 Discussion and Summary415

We have shown that extreme heat events in the Southern Great Plains arise from416

the combined e!ects of land–atmosphere coupling and synoptic-scale transport. Hot days417

are characterized not only by locally dry soils, but also by anomalous horizontal wind418

patterns that advect air parcels across systematically drier regions to the west and south.419

As a result, low-level air masses are progressively preconditioned through enhanced sen-420

sible heating prior to arrival, leading to amplified warming relative to typical days. This421

demonstrates that extreme heat in this region is not solely a local phenomenon, but in-422

stead reflects the integrated influence of upstream land surface conditions along the tra-423

jectory.424

A key feature underlying this behavior is the strong east–west gradient in soil mois-425

ture across Texas and the Southern Great Plains, which closely aligns with the clima-426

tological transition zone where precipitation minus evaporation equals zero (the P–E=0427

line as in Salley et al. (2016)). This gradient provides a spatially localized source of strong428

surface flux contrasts, such that relatively modest shifts in trajectory pathways can ex-429

pose air parcels to substantially di!erent land surface conditions. Variability in the po-430

sition or intensity of this hydroclimatic transition may therefore play an important role431

in modulating extreme heat risk. In particular, years in which this transition zone shifts432

eastward may favor greater exposure of air parcels to dry soils, enhancing downstream433

warming.434

The mixed-layer budget analysis further demonstrates that soil moisture–controlled435

surface fluxes are the dominant contributor to enhanced warming along hot-day trajec-436

tories, exceeding the contribution from increased insolation by roughly a factor of three437

(consistent with the 70–80% attribution above). While enhanced insolation consistent438

with reduced cloud cover (Domeisen et al., 2022) and even proximity to the solstice (Ndoping439

et al., 2026) contributes to warming, its e!ect is secondary to the reduced evaporative440

fraction due to drier soils, in agreement with previous results from an idealized surface441

energy balance model (Zeppetello et al., 2022). Together, these results indicate that sus-442

tained exposure to dry soils along the trajectory plays a central role in amplifying down-443

stream temperature extremes.444

These findings are consistent with previous studies highlighting the role of soil mois-445

ture–temperature coupling in amplifying record-breaking heat extremes (Miralles et al.,446

2014; Schumacher et al., 2019). Our results extend prior work by demonstrating that the447

impact of soil moisture is strongly mediated by atmospheric transport on hot days in the448

Southern Great Plains. Rather than reflecting purely local land–atmosphere feedbacks,449

extreme heat events emerge from the interaction between synoptic-scale circulation and450

spatial heterogeneity in land surface conditions. In particular, anomalous horizontal wind451

patterns equatorward of a cyclone to the north of Kansas modulate the upstream source452

regions traversed by air parcels, thereby controlling the degree of preconditioning prior453

to arrival. While the importance of upwind drought for record-breaking mega-heatwaves454

is established (Miralles et al., 2014; Schumacher et al., 2019), our results show that mod-455

est shifts in wind direction, by steering parcels onto the dry side of a sharp soil-moisture456

gradient, exert a comparable control on more frequent (95th-percentile) heat extremes457

in the Southern Great Plains.458

The relatively short (→48-hour) timescale over which temperature di!erences emerge459

along trajectories suggests that extreme heat in this region is shaped by rapid precon-460

ditioning rather than long-term accumulation. This behavior is consistent with the pres-461

ence of strong low-level winds associated with the Great Plains low-level jet, which limit462

the residence time of air parcels over any given surface region. As a result, the develop-463

ment of extreme heat depends on both the magnitude of land surface anomalies and the464

pathways through which air parcels are advected across them.465
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The bulk mixed-layer budget represents a simplified description of boundary layer466

processes, including entrainment parameterization, radiative cooling, local variations in467

soil characteristics, and surface heat flux partitioning. This analysis does not quantify468

the more uncertain processes of how boundary layer depth and entrainment from the pre-469

vious day’s residual layer contribute to extreme heat. While we assume that this e!ect470

is encompassed by the entrainment of free tropospheric air, a more realistic model would471

consider the evolving vertical profile of temperature above the boundary layer that would472

a!ect heating due to entrainment. The budget is also restricted to the 56% of hot-day473

and 63% of typical-day trajectories that remain below 2500 m for the full 48-hour pe-474

riod. Trajectories that rise out of the boundary layer are excluded and may sample dif-475

ferent entrainment and mixing histories, so the composite reflects parcels that stay cou-476

pled to the surface. Despite these simplifications, the framework captures the leading-477

order di!erences between hot and typical days, suggesting that the primary driver is due478

to soil moisture e!ects.479

These results have important implications for understanding and predicting extreme480

heat in regions characterized by strong land–atmosphere coupling. Because temperature481

extremes depend on both local conditions and upstream land surface states, accurate pre-482

diction may require accounting for the spatial distribution of soil moisture and its in-483

teraction with the low-level wind pattern. Furthermore, large-scale changes in soil mois-484

ture, land use, and circulation patterns under climate change and internal variability may485

alter the frequency and severity of extreme heat. While land surface processes are not486

the sole driver of extreme heat, this work shows the importance of viewing extreme heat487

as a spatially and temporally integrated process, shaped by both upstream land surface488

conditions and atmospheric dynamics.489
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