UNIVERSITY OF OKLAHOMA
GRADUATE COLLEGE

INVESTIGATING ENVIRONMENTAL INFLUENCES BEHIND SUMMERTIME
NOCTURNAL EXTREME RAINFALL EVENTS IN THE UNITED STATES
NORTHERN GREAT PLAINS

A THESIS
SUBMITTED TO THE GRADUATE FACULTY
in partial fulfillment of the requirements for the

Degree of
MASTER OF SCIENCE

by KELLY M GEIGER
Norman, Oklahoma

2026



INVESTIGATING ENVIRONMENTAL INFLUENCES BEHIND SUMMERTIME
NOCTURNAL EXTREME RAINFALL EVENTS IN THE UNITED STATES
NORTHERN GREAT PLAINS

A THESIS APPROVED FOR THE
SCHOOL OF METEOROLOGY

BY THE COMMITTEE CONSISTING OF

Dr. Aaron Hill (Chair)
Dr. Jason C. Furtado

Dr. Pierre Emmanuel Kirstetter



©Copyright by KELLY M GEIGER 2026
All Rights Reserved.



Acknowledgments

This work was supported by National Science Foundation Award 2337381. We would
also like to acknowledge high-performance computing support from the Derecho system
(doi:10.5065/gx9a-pg09) provided by the NSF National Center for Atmospheric
Research (NCAR), sponsored by the National Science Foundation. I would like to
extend a special thanks to my advisor, Dr. Aaron Hill, for giving me the opportunity
to work on this research and for his guidance, support, and encouragement throughout
my graduate studies. His expertise, encouragement, and feedback were invaluable in
shaping this research and completing this thesis. Additionally, I would like to thank
Dr. Jason C. Furtado and Dr. Pierre Emmanuel Kirstetter for being on my committee
and taking the time to provide helpful feedback and advice. I would also like to thank
Dr. Russ Schumacher for providing the Stage IV and ARI datasets and for his support
throughout this work. Finally, I would like to thank my research group, office mates,
and friends within the School of Meteorology, as well as my family and friends back
home, for their constant support and encouragement throughout this journey, especially
during challenging times. I am deeply grateful for their role in making the completion

of this work possible.

v


https://arc.ucar.edu/knowledge_base/74317833

Table of Contents

Acknowledgments . . . . . . L \Y
Listof Tables . . . . . . . . . . . . . e Vil
List of Figures . . . . . . . . Vil
Abstract . . . . . . . e XV
1 Introduction and Motivation . . . . . . . . ... ... oL 1

2 Data and Methods . . . . . . . . . ... .. 8
2.1 Stage IV Precipitation Data . . . . . . ... .. ... ... ....... 8
2.2 ldenti cation of Extreme Rainfall Events . . . . . .. ... ... .. .. 9
23 ERAS5ReanalysisData . . . ... ... ... ... ... ... ..... 12
2.4 Composite and Composite Dierence Analysis . . . .. ... ...... 13
2.5 Self-Organizing Map (SOM) Methodology . . . . ... ... ... ... 13
2.6 SOM Composite and Composite Di erence Analysis . . . . ... .. ..
2.7 Event Distributions Within SOM Nodes . . . . . ... ... ...... 17

BResults. . . . . e 18
3.1 More-Extreme and Less-Extreme Bulk Composites and Com-
posite Dierences . . . . . . . . ... 18
3.1.1 500-mb Geopotential Heights and Anomalies . . ... ... ..
3.1.2 850-mbWindSpeeds . . ... ... ... ... ... ...

3.1.3 850-mb Temperature Advection . . . . ... ... ........ 21
3.1.4 Total Column Water Vapor . . .. ... ... .......... 23
3.1.5 \Vertically Integrated Water Vapor Flux and Vertically Water
Vapor Flux Convergence . . . . . . .. ... .. ... ...... 26
3.2 General Overview of the Trained 3x3 SOM . ... .. .. ... 30
3.3 Environmental Characteristics of Individual SOM Nodes ... 36
3.3.1 Node (1,0) . .. . . . 36
3.3.2 Node (2,0) . .. . . . 40
3.3.3 Node (0,2) . ... . . . . e 44

3.4 Dierences Between More-Extreme and Less-Extreme Events 48



341 Node (1,0) .« oo 48

3.42 Node (2,0) . .. ... e 55
3.43 Node (0,2) . ... .. . . e 62
3.5 500-mb Precursor Synoptic Patterns . . . . .. ... ... ... 68
3.5.1 Node (1,0) . .. . . . . e 69
352 Node (2,0) . ... .. . e 71
3.5.3 Node (0,2) . ... .. . . . 73
4 Summary and Conclusions . . . . . . .. ... ... o 76
Reference List . . . . . . . . . . e 82

Vi



List of Tables

2.1

3.1

3.2

Quantization and topographic errors for Self-Organizing Map (SOM)
experiments across varying map sizes and training iterations. . . . . . .

Ranked overall node frequencies for the SOM, showing the relative oc-
currence of each node across the full eventrecord. . . . ... ... ..

More-extreme versus less-extreme event frequencies by SOM node. Yel-
low cells indicate nodes where more-extreme events occur proportionally
more often than less-extreme events, while blue cells indicate the oppo-

SIte. . . e 33

Vii



List of Figures

2.1

2.2

3.1

3.2

3.3

Spatial domains used in this study for event identi cation and SOM
analysis. The red box indicates the event domain, used to de ne and
extract nocturnal precipitation events. The blue box outlines the larger
SOM analysisdomain. . . . . . . . . . . . . . e 10

Threshold precipitation amounts (mm) associated with the (a) 10-year

and (b) 100-year 6-h average recurrence intervals, shown over the North-

ern Great Plains (40{49°N, 105{93°W). Filled contours indicate the pre-
cipitation depth required to exceed each ARI threshold. . . . . . . . .. 11

Composite 500-mb geopotential height anomalies (shaded; m) and cor-
responding 500-mb geopotential height contours (black lines) for (a)
more-extreme and (b) less-extreme nocturnal extreme rainfall events.

(c) Composite di erence (more-extreme minus less-extreme) with stip-
pled regions indicating statistically signi cant di erences at the 95%
condencelevel. . . . . . . . . . .. 19

Composite 850-mb wind speeds (shaded; rh sand wind barbs for (a)
more-extreme and (b) less-extreme nocturnal extreme rainfall events.

(c) Composite di erence (more-extreme minus less-extreme) with stip-

pled regions indicating statistically signi cant di erences at the 95%

con dence level. The red box denotes the event domain. . . .. .. .. 21

Composite 850-mb temperature advection (shaded; K h for (a) more-
extreme and (b) less-extreme nocturnal extreme rainfall events. (c)
Composite di erence (more-extreme minus less-extreme), with stippling
indicating statistically signi cant di erences at the 95% con dence level. 23

viii



3.4 Composite total column water vapor (shaded and contoured; k§)
for (a) more-extreme and (b) less-extreme nocturnal extreme rainfall
events. (c) Composite di erence (more-extreme minus less-extreme),
with stippling indicating statistically signi cant di erences at the 95%
con dence level. The red box denotes the event domain . . . . ... .. 25

3.5 Composite vertically integrated water vapor ux (VIWVF; shaded and
contoured; kgm* s! ) and ux vectors for (a) more-extreme and (b)
less-extreme nocturnal extreme rainfall events. (c) Composite di erence
(more-extreme minus less-extreme) with stippled regions indicating sta-
tistically signi cant di erences at the 95% con dence level. The red box
denotes the eventdomain. . . . . . . ... ... ... .. 27

3.6 Composite vertically integrated water vapor ux convergence (VIWVF
convergence; shaded and contoured; kg?ms! ) for (a) more-extreme
and (b) less-extreme nocturnal extreme rainfall events. (c) Compos-
ite di erence (more-extreme minus less-extreme) with stippled regions
indicating statistically signi cant di erences at the 95% con dence level. 29

3.7 SOM of 500-mb geopotential height anomalies (shaded and contours;
m). Each node represents a distinct synoptic-scale circulation regime.
Each node includes the number of more-extreme (More) and less-extreme
(Less) events classi ed within each SOM pattern, . . . .. ... .. .. 31

3.8 Seasonal distribution of more-extreme and less-extreme nocturnal rain-
fall events for each SOM node. Bars show event counts for June, July,
and August, with blue indicating more-extreme events and orange indi-
cating less-extreme events. . . . . . .. ..o 35

3.9 Composite mid-tropospheric environment for Node (1,0) showing (a)
500-mb height anomalies (m), (b) 500-mb geopotential height (m), and
(c) 500-mb wind speed (m$) for all events within node. . ... ... 37

3.10 (a) Composite 850-mb wind eld for Node (1,0), showing geopotential
height (m; contours), wind speed (m $ ; shaded), and wind direction
(barbs). Shading indicates the magnitude of the 850-mb wind speed,
while contours depict the 850-mb geopotential height eld. (b) Com-
posite 850-mb temperature advection for Node (1,0). Shading shows
temperature advection (K h' ), with positive values indicating warm-
air advection and negative values indicating cold-air advection. The
boxed region denotes the eventdomain. . . . . .. ... ... ... ... 38



3.11 Composite total column water vapor (TCWV) for Node (1,0). Shading
indicates TCWV (kg m? ). The boxed region denotes the event domain. 39

3.12 (a) Composite vertically integrated water-vapor ux (VIWVF) for Node
(1,0). Shading shows VIWVF magnitude (kg nt s! ), and arrows in-
dicate the direction and relative magnitude of the moisture- ux vectors.
(b) Composite vertically integrated water-vapor ux (VIWVF) conver-
gence for Node (1,0). Shading shows VIWVF convergence in kgns?! ,
with positive values indicating moisture- ux convergence and negative
values indicating divergence. The boxed region denotes the event domain. 40

3.13 Composite mid-tropospheric environment for Node (2,0) showing (a)
500-mb height anomalies (m), (b) 500-mb geopotential height (m), and
(c) 500-mb wind speed (m$ ) for all events within node. . . . .. .. 41

3.14 (a) Composite 850-mb wind eld for Node (2,0), showing geopotential
height (m; contours), wind speed (m $ ; shaded), and wind direction
(barbs). Shading indicates the magnitude of the 850-mb wind speed,
while contours depict the 850-mb geopotential height eld. (b) Com-
posite 850-mb temperature advection for Node (2,0). Shading shows
temperature advection (K h' ), with positive values indicating warm-
air advection and negative values indicating cold-air advection. The
boxed region denotes the event domain. . . . . ... .. ... ..... 42

3.15 Composite total column water vapor (TCWV) for Node (2,0). Shading
indicates TCWV (kg m? ). The boxed region denotes the event domain. 43

3.16 (a) Composite vertically integrated water-vapor ux (VIWVF) for Node
(2,0). Shading shows VIWVF magnitude (kg nt s! ), and arrows in-
dicate the direction and relative magnitude of the moisture- ux vectors.
(b) Composite vertically integrated water-vapor ux (VIWVF) conver-
gence for Node (2,0). Shading shows VIWVF convergence in kgns?! ,
with positive values indicating moisture- ux convergence and negative
values indicating divergence. The boxed region denotes the event domain. 44

3.17 Composite mid-tropospheric environment for Node (0,2) showing (a)
500-mb height anomalies (m), (b) 500-mb geopotential height (m), and
(c) 500-mb wind speed (m$) for all events within node. . . ... .. 45



3.18 (a) Composite 850-mb wind eld for Node (0,2), showing geopotential
height (m; contours), wind speed (m $ ; shaded), and wind direction
(barbs). Shading indicates the magnitude of the 850-mb wind speed,
while contours depict the 850-mb geopotential height eld. (b) Com-
posite 850-mb temperature advection for Node (0,2). Shading shows
temperature advection (K h' ), with positive values indicating warm-
air advection and negative values indicating cold-air advection. The
boxed region denotes the event domain. . . . .. ... ... ...... 46

3.19 Composite total column water vapor (TCWV) for Node (0,2). Shading
indicates TCWV (kg m? ),. The boxed region denotes the event domain. 47

3.20 (a) Composite vertically integrated water-vapor ux (VIWVF) for Node
(2,0). Shading shows VIWVF magnitude (kg nt s ), and arrows in-
dicate the direction and relative magnitude of the moisture- ux vectors.
(b) Composite vertically integrated water-vapor ux (VIWVF) conver-
gence for Node (2,0). Shading shows VIWVF convergence in kgns! ,
with positive values indicating moisture- ux convergence and negative
values indicating divergence. The boxed region denotes the event domain. 48

3.21 Composite di erence (more less) in 850-mb wind speed (m's) for
Node (1,0). Shading indicates the magnitude of the wind-speed dif-
ference. Stippling marks grid points where the composite di erence is
signi cant at the 95% signi cance level. The boxed region denotes the
eventdomain. . . . . ... L L 50

3.22 Composite 850-mb temperature-advection elds (K h) for Node (1,0)
for (a) more-extreme events, (b) less-extreme events and (c) the compos-
ite di erence (more - less) in 850-mb temperature advection. Stippling
marks grid points where the composite di erence is statistically signi -
cant at the 95% signi cance level . The boxed region denotes the event
domain. . . . ... 51

3.23 Composite di erence (more - less) in total column water vapor (TCWV)
for Node (1,0). Shading shows TCWV di erences (kg ). Stippling
marks grid points where the composite di erence is statistically signi -
cant at the 95% signi cance level. The boxed region denotes the event
domain. . . . ... 52

Xi



3.24 Event locations for SOM Node (1,0) shown for (a) less-extreme events
and (b) more-extreme events. Each panel displays the spatial distribu-
tion of events within the analysis domain, with the black star marking
the centroid of all events associated with the node. Dashed lines indicate
the centroid latitude and longitude of the event domain. . . . . .. .. 53

3.25 Composite di erence (more - less) in vertically integrated water-vapor
ux (VIWVF) for Node (1,0). Shading shows VIWVF di erences (kg
m?! s!). Stippling marks grid points where the composite di erence is
statistically signi cant at the 95% signi cance level. The boxed region
denotes the eventdomain. . . . . . . ... ... ... 54

3.26 Composite vertically integrated water-vapor ux (VIWVF) convergence
elds (kg m? s!) for Node (1,0) (a) for more-extreme events, (b) less-
extreme events and (c) composite di erence (more - less) in VIWVF
convergence. Stippling marks grid points where the composite di erence
Is statistically signi cant at the 95% signi cance level. The boxed region
denotes the eventdomain. . . . . .. ... ... ... .. ... 55

3.27 Composite di erence (more less) in 850-mb wind speed (m's) for
Node (2,0). Shading indicates the magnitude of the wind-speed dif-
ference. Stippling marks grid points where the composite di erence is
signi cant at the 95% signi cance level. The boxed region denotes the
eventdomain. . . . . ... L 56

3.28 Composite 850-mb temperature-advection elds (K h) for Node (2,0)
for (a) more-extreme events, (b) less-extreme events and (c) the compos-
ite di erence (more - less) in 850-mb temperature advection. Stippling
marks grid points where the composite di erence is statistically signi -
cant at the 95% signi cance level . The boxed region denotes the event
domain. . . .. . 57

3.29 Composite di erence (more - less) in total column water vapor (TCWV)
for Node (2,0). Shading shows TCWV di erences (kg ). Stippling
marks grid points where the composite di erence is statistically signi -
cant at the 95% signi cance level. The boxed region denotes the event
domain. . . . ... 59

3.30 Event locations for SOM Node (2,0) shown for (a) less-extreme events
and (b) more-extreme events. Each panel displays the spatial distribu-
tion of events within the analysis domain, with the black star marking
the centroid of all events associated with the node. Dashed lines indicate
the centroid latitude and longitude of the event domain. . . . .. . .. 60

Xii



3.31 Composite di erence (more - less) in vertically integrated water-vapor
ux (VIWVF) for Node (2,0). Shading shows VIWVF di erences (kg
m?! s!). Stippling marks grid points where the composite di erence is
statistically signi cant at the 95% signi cance level. The boxed region
denotes the eventdomain. . . . . ... ... ... ... ... ... 61

3.32 Composite vertically integrated water-vapor ux (VIWVF) convergence
elds (kg m2 s!) for Node (2,0) (a) for more-extreme events, (b) less-
extreme events and (c) composite di erence (more - less) in VIWVF
convergence. Stippling marks grid points where the composite di erence
Is statistically signi cant at the 95% signi cance level. The boxed region
denotes the eventdomain. . . . . . . ... ... ... ... 62

3.33 Composite dierence (more less) in 850-mb wind speed (mts) for
Node (0,2). Shading indicates the magnitude of the wind-speed dif-
ference. Stippling marks grid points where the composite di erence is
signi cant at the 95% signi cance level. The boxed region denotes the
eventdomain. . . . . ... 63

3.34 Composite 850-mb temperature-advection elds (K h) for Node (0,2)
for (a) more-extreme events, (b) less-extreme events and (c) the compos-
ite di erence (more - less) in 850-mb temperature advection. Stippling
marks grid points where the composite di erence is statistically signi -
cant at the 95% signi cance level . The boxed region denotes the event
domain. . . .. e 64

3.35 Composite di erence (more - less) in total column water vapor (TCWV)
for Node (0,2). Shading shows TCWV di erences (kg ). Stippling
marks grid points where the composite di erence is statistically signi -
cant at the 95% signi cance level. The boxed region denotes the event
domain. . . ... 65

3.36 Event locations for SOM Node (0,2) shown for (a) less-extreme events
and (b) more-extreme events. Each panel displays the spatial distribu-
tion of events within the analysis domain, with the black star marking
the centroid of all events associated with the node. Dashed lines indicate
the centroid latitude and longitude of the event domain. . . . .. . .. 66

3.37 Composite di erence (more - less) in vertically integrated water-vapor
ux (VIWVF) for Node (0,2). Shading shows VIWVF di erences (kg
m?' st!). Stippling marks grid points where the composite di erence is
statistically signi cant at the 95% signi cance level. The boxed region
denotes the eventdomain. . . . . . . ... ... ... .. 67



3.38 Composite vertically integrated water-vapor ux (VIWVF) convergence
elds (kg m? s!) for Node (0,2) (a) for more-extreme events, (b) less-
extreme events and (c) composite di erence (more - less) in VIWVF
convergence. Stippling marks grid points where the composite di erence
is statistically signi cant at the 95% signi cance level. The boxed region
denotes the eventdomain. . . . . . . ... ... ... 68

3.39 500-mb geopotential height anomalies (m) for (a) 3 days before, (b) 1
day before, and (c) the day of the events for node (1,0). . ... .. .. 70

3.40 500-mb geopotential height anomalies three days before events for Node
(1,0) under more-extreme (panel a) and less-extreme (panel b) event
conditions, along with their di erence (panelc). . . ... ... ... .. 71

3.41 500-mb geopotential height anomalies on the day before events for Node
(1,0) under more-extreme (panel a) and less-extreme (panel b) event
conditions, along with their di erence (panelc). . ... .. ... .. .. 71

3.42 500-mb geopotential height anomalies (m) for (a) 3 days before, (b) 1
day before, and (c) the day of the events for node (2,0). . ... .. .. 72

3.43 500-mb geopotential height anomalies three days before events for Node
(2,0) under more-extreme (panel a) and less-extreme (panel b) event
conditions, along with their di erence (panelc). . .. ... .. ... .. 73

3.44 500-mb geopotential height anomalies on the day before events for Node
(2,0) under more-extreme (panel a) and less-extreme (panel b) event
conditions, along with their di erence (panelc). . . .. ... ... ... 73

3.45 500-mb geopotential height anomalies (m) for (a) 3 days before, (b) 1
day before, and (c) the day of the events for node (0,2). . ... .. .. 74

3.46 500-mb geopotential height anomalies (m) three days before events for
Node (0,2) under more-extreme (panel a) and less-extreme (panel b)
event conditions, along with their di erence (panelc). . . . . ... ... 75

3.47 500-mb geopotential height anomalies (m) on the day before events for

Node (0,2) under more-extreme (panel a) and less-extreme (panel b)
event conditions, along with their di erence (panelc). . . . . ... ... 75

Xiv



Abstract

Extreme rainfall events (ERES) in the United States are known to cause signi cant
and deadly ash ooding events. Despite advancements in extreme rainfall forecasting
in recent decades, owing to the increase in numerical weather prediction model skill
and resolution, extreme precipitation forecasting remains a signi cant challenge and
motivates NOAA's Precipitation Prediction Grand Challenge initiative. One partic-
ularly di cult forecasting problem involves summertime nocturnal convection, which
has been shown to produce a high percentage of summertime (June-August) EREs.
This nighttime occurrence poses additional complications when messaging warnings
and potential impacts to at-risk communities. One of the primary forecast challenges
is understanding how environmental variables control the predictability of nocturnal
EREs and their severity, as the events are strongly in uenced by interactions between
the synoptic-scale and mesoscale processes that can be di cult to accurately represent
and predict. To further investigate this, this study investigates the large-scale envi-
ronmental conditions that favor summertime nocturnal EREs in the Northern Great
Plains of the United States using self-organizing maps (SOMs). SOMs are used to clus-
ter EREs of varying severity, i.e., extreme and less extreme, using large-scale synoptic
meteorological variables to understand how environments vary across extreme rainfall
events and inform the predictability of extreme rainfall.

First, EREs are identi ed using a high-resolution database, that uses NCEP Stage
IV 6-hour quantitative precipitation estimates (QPE) and average recurrence interval
(ARI) thresholds from NOAA Atlas 14. Within this database, events are de ned by
6-hour Stage IV QPE accumulations exceeding the 10-year and 100-year ARI thresh-

olds. A SOM is then trained on 500-mb geopotential height anomalies associated with

XV



the resulting more-extreme (100-year ARI exceedance) and less-extreme (10-year ARI
exceedance) events. Following the SOM training, events assigned to each SOM pattern
(node) are then separated into more-extreme and less-extreme events and used to gen-
erate composites of additional atmospheric variables, such as total column water vapor
(TCWV), 850-mb winds, 850-mb temperature advection, vertically integrated water
vapor ux (VIWVF), and VIWVF convergence. By doing this, we can identify atmo-
spheric patterns associated with the di erent SOM nodes and allow for the investigation
of whether certain patterns are associated with more-extreme rainfall events compared
to less-extreme events. This thesis will compare the clustered environmental conditions
between more-extreme and less-extreme rainfall events and detail a few of the node
regimes resulting from the trained SOM. Results from the SOM framework are also
compared to full-domain bulk composites of all more-extreme and less-extreme event
environments to evaluate the added value of the SOM approach in resolving distinct
synoptic environments compared to traditional composite approaches. In addition, the
large-scale environmental evolution preceding the events is analyzed.

Results show that both the bulk and node regime composites reveal a common
set of environmental features associated with summertime nocturnal extreme rainfall
events in the Northern Great Plains that are known to be favorable for extreme rain-
fall. The bulk composites also identify some key environmental di erences between
more-extreme and less-extreme events that were consistently present across the evalu-
ated SOM node regimes. However, the bulk composites do not capture the full range
of environmental di erences between more-extreme and less-extreme events. The im-
plications of these new ndings will be shared to advance our collective knowledge
of extreme rainfall events and how SOMs can be useful tool in identifying common

patterns.
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Chapter 1

Introduction and Motivation

Summertime extreme rainfall events (ERES) pose signi cant societal and economic risks
across the United States, often resulting in ash ooding, infrastructure damage and
lives lost. Flash ooding has long been recognized as one of the nation's most danger-
ous natural disasters. By the 1950s, ash ooding had become the United States' most
signi cant natural disaster, and a large percentage of annual ood-related fatalities
have been attributed to ash oods (e.g., Maddox et al., 1979; Zevin, 1994). Flood-
ing has continued to remain a major weather hazard, ranking as the second-deadliest
weather-related fatality across the United States, Puerto Rico, Guam, and the Virgin
Islands (National Weather Service, 2026). Because ash oods often develop rapidly
with limited warning time, especially during the nighttime hours when public aware-
ness is reduced, improving the understanding and prediction of ERES remains critical
for reducing devastating impacts. This need for accurate forecasting of ash oods
becomes even more crucial as the impacts of climate change become more imminent.
In a warming climate, an increase in extreme rainfall rates is likely as water vapor is
projected to increase in the atmosphere (e.g., U.S. Global Change Research Program,
2023; Dougherty and Rasmussen, 2019). Westra et al. (2014) found a clear relationship
between atmospheric temperatures and extreme rainfall intensity, particularly for sub-
daily extreme rainfall events, as they were found to be more sensitive to local changes
in atmospheric temperature. Unable to make direct conclusions based on regional dif-

ferences, Westra et al. (2014) found that it is very likely that there will be considerable
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di erences in daily extreme rainfall depending on geographic location. Understanding
possible regional di erences is important as they could help to determine where ash
ooding risks may intensify and how forecasting strategies might need to adapt to
regionally distinct extreme-rainfall environments. Therefore, further understanding of
the common atmospheric processes associated with regional EREs remains crucial to
improving ash ooding forecasts and mitigating future societal impacts.

Flash ooding is a result of prolonged rainfall and high rainfall rates over a given
area. Doswell et al. (1996) developed a basic approach to understanding the ingredi-
ents and meteorological processes behind forecasting the potential for ash ooding.
They advanced the idea that the heaviest precipitation occurs where the rainfall rate
is the highest for the longest period. They explain that the duration of a ash ooding
event can be a ected by system movement speed, system size, and the variations of
rainfall intensity within a system. Precipitation rate considers aspects such as precip-
itation e ciency (the ratio of mass of water falling as precipitation to the in ux of
water vapor mass into the cloud) and vertical moisture ux (the movement of water
vapor in upward or downward direction) (Doswell et al., 1996). Maddox et al. (1979)
studied 151 intense precipitation events that all caused ash ooding across most of
the conterminous United States and identi ed three types of ash ooding events:
mesohigh, western, and frontal. Despite di erent event types, they found that certain
features were common among all. All events were associated with convective storms
and occurred in environments characterized by very high surface dewpoint tempera-
tures, abundant moisture throughout the troposphere, and vertical wind shear that
was generally weak to moderate. Maddox et al. (1979) also noted that subtle mid-
tropospheric troughs played a role in initiating convection, and the resulting storm
systems tended to be located near the position of a broader mid-level ridge. They also

found that the highest amount of ash ooding events occurred in the summer months



of June, July, and August.

Despite better understanding of how heavy precipitation forms and recent advance-
ments in convective-allowing numerical modeling, forecasting heavy precipitation and
ash ooding remains a persistent challenge for forecasters across the United States
(Nielsen and Schumacher, 2016). A past study by Nielsen and Schumacher (2016)
showed that the primary error in convective-allowing models is the location of the
heaviest rainfall, not rainfall timing. This suggests that models may reasonably cap-
ture the evolution of extreme rainfall producing storms but struggle to capture where
these storms initiate, travel, and produce the maximum precipitation. Understanding
these errors is important because di erences in regional characteristics, such as topo-
graphic e ects, moisture sources, and diurnal cycles, can a ect how large-scale forcing
translates into extreme rainfall. The study by Nielsen and Schumacher (2016) showed
that diurnal cycles in dierent regions will cause di erent interactions between the
convective and synoptic scale forcings. This implies that forecast errors are not the
same across the CONUS but instead are going to be regionally distinct. Therefore,
improving the understanding of extreme rainfall synoptic and mesoscale environments
is important in strengthening extreme rainfall forecasts and removing regionally biased
model errors.

Recent work has been focused on building long-term, high-resolution datasets of
EREs to better characterize the environment in which they occur. A recent study
by Chiappa et al. (2024) developed a database of short-duration summertime (June-
August) EREs over the period of 2003 through 2023 across the Central and Eastern
United States. They used hourly Stage IV data to de ne points where precipitation
accumulation exceeded a location's 10-year average recurrence interval (ARI) thresh-
old. This type of database allows for structured analysis of the synoptic and mesoscale

environments behind ERES, which are often di cult to summarize from case studies



alone. Using this framework, Chiappa et al. (2024) found strong connections between
EREs and low- to mid-levels of moisture over the Central Great Plains and enhanced
moisture ux from the Gulf of Mexico. One of their main conclusions was that a
high percentage of the total summertime extreme rainfall events across the studied re-
gions were caused by nocturnal convection. Their conclusion aligned with past studies
that found that nocturnal mesoscale convective systems (MCSs) are the most common
producers of summertime extreme rainfall events (Stevenson and Schumacher, 2014).
However, numerical modeling of nocturnal convection continues to be a major challenge
due to the di culties in accurately representing the initiation, structure, and evolution

of nocturnal convection in weather and climate models (e.g., Geerts et al., 2017; Tang
et al., 2021). This challenge highlights the continued need to better understand noc-
turnal EREs and the environments in which they occur to improve the representation
of nocturnal convection in numerical models and reduce forecast errors associated with
extreme rainfall intensity and placement.

Understanding the mechanisms that drive summertime nocturnal rainfall events
across the U.S. Great Plains is critical for improving the prediction of nocturnal ex-
treme rainfall and ash ooding in this region. A key contributor to summertime
nocturnal across the Great Plains is the Great Plains low-level jet (LLJ), which de-
velops in the overnight hours in response to di erential cooling. A study by Higgins
et al. (1997) looked at the in uence of the Great Plains LLJ and moisture transport
on nocturnal summertime precipitation over the central United States by comparing
assimilated datasets to station observations of precipitation, winds, and speci ¢ hu-
midity. They found that during summer, rainfall over the central Great Plains peaks
and is closely associated with an increase in nocturnal convective activity. They also
documented that the nocturnal maximum in extreme rainfall is consistent with the

peak of the low-level jet intensity. During the summer months, it was found that in



the vicinity of the LLJ, there is the strongest in ux of moisture onto the continent from

the Gulf of Mexico. This not only provides storms with a pro cient moisture source
for convection but also can enhance low-level moisture convergence, promoting upward
vertical motion. This study highlights the importance of moisture transport in both
storm initiation and rainfall amount. A more recent study by Parish et al. (2020) re-
lated the LLJ and its association with nocturnal destabilization in the Great Plains by
demonstrating this process through a case study from the Plains Elevated Convection
at Night eld program. Their results demonstrated that strong LLJ events were not
only associated with enhanced moisture transport but also associated with enhanced
warm air advection, which contributes to steepened lapse rates and decreased stability
above the jet. These processes work together to create a favorable environment for
initiation and maintenance of nocturnal convection and nocturnal EREs.

While these studies provide a physical understanding of the environments favorable
for nocturnal extreme rainfall, they primarily rely on case studies and composite analy-
sis, which may not fully capture the diversity of synoptic and mesoscale patterns. This
motivates the use of clustering techniques that can identify recurring atmospheric pat-
terns, such as self-organizing maps. A self-organizing map (SOM) is an arti cial neural
network that is often used to cluster events into a predetermined number of nodes with
common spatial structures in the parameters that are being analyzed (e.g., Anderson-
Frey et al., 2017; Kohonen, 1982). First developed by Kohonen (1982), these maps
allow for easier visualization and identi cation of common patterns in reanalysis data
that are hard to detect directly in the full-resolution elds. SOMs preserve the topo-
logical structure of high-dimensional data while reducing it to a lower dimension which
provides additional detail on environments compared to traditional average composites
(Kohonen, 1990). This topology-preserving feature has been shown to be advantageous

compared to methods such as k-means or hierarchical clustering as SOMs also preserve



neighborhood relationships between clusters (e.g., Chen et al., 2010; Philippopoulos
et al., 2014). Topology preservation provides insight into how atmospheric environ-
ments transition between related circulation regimes rather than separating them into
unrelated clusters. Past studies have used SOMs to identify and classify similar synop-
tic atmospheric circulation patterns over di erent regions (Hewitson and Crane, 2002)
and even to analyze extreme weather and rainfall events (e.g., Hong et al., 2005; Laiho
et al., 2024).

Despite extensive research on extreme rainfall events, a complete understanding
of the processes that distinguish varying degrees of extreme rainfall intensity remains
incomplete. While the Great Plains LLJ is a well-known contributor to nocturnal
moisture transport and convection initiation, uncertainties remain regarding how syn-
optic and mesoscale forcing processes ultimately distinguish between more-extreme
and less-extreme events. Many studies analyze environmental di erences between non-
extreme and extreme rainfall events, which often treats extreme events as a single
category (e.g., Ding et al., 2024; Veesam et al., 2026). This thesis aims to explore the
large-scale environmental and meteorological in uences behind nocturnal summertime
extreme rainfall events in Northern Great Plains of the United States. This will be
done by investigating the environmental di erences between more extreme and less
extreme rainfall events. While previous studies have identi ed key ingredients favor-
able for EREs across the entire central CONUS, the presence of these ingredients does
not fully explain the variability in intensity of extreme rainfall. Additionally, focus-
ing on a subregion of the central CONUS is important because the mechanisms that
produce extreme rainfall vary spatially. Examining environmental di erences between
more extreme and less extreme events therefore provides insight into environmental
patterns associated with nocturnal summertime EREs in this region and helps identify

the environmental controls that distinguish between extreme types.



Traditional composites and SOMs are both used to characterize large-scale environ-
mental characteristics associated with nocturnal summertime extreme rainfall events,
with SOMs providing additional insight into distinct and recurring patterns beyond
what is captured in mean composites. This thesis strives to answer the following ques-
tions:

1. What distinct and recurring large-scale atmospheric patterns are associated with
nocturnal summertime extreme rainfall events in the Northern Great Plains?

2. How do large-scale atmospheric patterns di er between more-extreme and less-
extreme rainfall events?

3. What additional insights are gained from self-organizing map analysis compared
to traditional composite analysis in characterizing nocturnal summertime extreme rain-
fall events?

4. How does the synoptic environment evolve in the days preceding more-extreme

and less-extreme nocturnal summertime extreme rainfall events?



Chapter 2

Data and Methods

2.1 Stage IV Precipitation Data

The National Center for Environmental Prediction's (NCEP) Stage IV quantitative
precipitation estimates (QPESs) are used for this study to identify EREs. This product
consists of precipitation accumulation intervals of hourly, 6-hourly, and 24-hourly on a
4-km x 4-km horizontal grid. QPEs are produced by combining Next Generation Radar
Data (NEXRAD) radar-estimated rainfall and hourly rain gauge data (Nelson et al.,
2016). NCEP uses a mosaicking technique to combine the two rainfall datasets across
12 di erent River Forecasts Centers (RFCs) in the continental United States. Before
the data are interpolated onto a common hydrologic rainfall analysis project (HRAP)
grid and mosaicked into a unied 4-km gridded dataset over the CONUS, there is
manual and automatic quality controls done at each individual RFC. Because of these
quality control methods, this product is widely used for hydrometeorological analysis
and comparison to other precipitation datasets. The Stage IV dataset used in this
study is the additional quality-controlled version from Schumacher and Hill (2026).
This additonal quality control includes statistical outlier identi cation, detection of
spatial inconsistencies across precipitation datasets, residual analysis, and manual vi-
sual inspection, which makes the data more reliable when identifying extreme rainfall

events.



In addition to the quality control methods, the Stage IV dataset has many known
strengths that make it a suitable dataset for this thesis. Nelson et al. (2016) provides
strong evidence that Stage IV precipitation estimates perform well at high rainfall rates.
This is especially important when forecasting hazardous weather events. Notably,
this study also shows that Stage IV data does a better job at identifying convective
precipitation compared to rain gauge observations alone.

However, there are also known limitations that should be considered alongside the
strengths of this dataset. It was shown that with increasing rain rates, there is a higher
percentage of missed events. This indicates that there may be challenges in capturing
extreme rainfall events. On a broader scale, radar-based precipitation estimates have
inherent limitations, due to things such as ground clutter and attenuation, that RFCs
work to reduce, but cannot be fully eliminated. Additionally, the quality control of
hourly rain gauge observations at each RFC is automated and has been shown to
occasionally allow erroneous gauge reports to continue through. Collectively, the Stage
IV dataset remains a reliable and widely used product for identifying extreme rainfall

events but should be used with caution of these systematic limitations.

2.2 ldenti cation of Extreme Rainfall Events

This work uses the Stage 1V 6-hourly precipitation intervals to focus on shorter duration
EREs. We identify nocturnal summertime EREs events during the months of June,
July, and August (JJA) for the 6-hour periods of 0000 to 0600 UTC and 0600 to 1200
UTC that represent local nighttime hours (7pm to 7am local). The events are identi ed
over a 21-year period from 2002 to 2023, which was the maximum period permitted by
the availability of data used in this study. The study domain encompasses the Northern

United States Great Plains, de ned by latitudes 40°N to 49°N and longitudes 105°W



to 93°W (Fig. 2.1). The western boundary of 105°W is chosen to avoid the Rocky
Mountains, which can introduce additional variability in atmospheric elds due to the

complex terrain.

Figure 2.1: Spatial domains used in this study for event identi cation and SOM anal-
ysis. The red box indicates the event domain, used to de ne and extract nocturnal
precipitation events. The blue box outlines the larger SOM analysis domain.

The National Oceanic and Atmospheric Administration (NOAA) Atlas 14 precip-
itation frequency estimates are used in this study as a reference for identifying areas
of extreme rainfall (National Weather Service, 2025). The frequency estimates are de-
termined by using long-term rain gauge observations and provide estimates of rainfall
magnitude based on di erent recurrence intervals. Atlas 14 precipitation frequency
estimates are derived using extreme value statistical methods applied to annual max-
imum precipitation series and represent the expected rainfall depth associated with a
given return period and accumulation duration. For example, a 1-hour, 100-year re-
currence interval corresponds to the 1-hour rainfall depth with a 1% annual exceeded

probability.
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This work compares more-extreme events and less-extreme rainfall events to investi-
gate the environments behind nocturnal summertime rainfall. Because of this, 100-year
and 10-year average recurrence intervals (ARIs) are used for identi cation. Events are
identi ed using consistent point-based thresholding of Stage IV QPEs within the event
domain. More extreme events are identi ed as 6-hour periods where there is at least
one point that exceeds the 100-year ARI (Fig. 2.2a), while less-extreme extreme events
are those where at least one point exceeds the 10-year ARI (Fig. 2.2b) over the same
duration, but the 100-year ARI has not be exceeded. For periods that have both 10-
year and 100-year events, the period is considered a more-extreme event period. This
event identi cation approach is similar to that of Chiappa et al. (2024), which also
used Stage IV data and the NOAA Atlas 14 dataset to de ne extreme rainfall events.
However, Chiappa et al. (2024) used derived 12-hour accumulation precipitation and

only considers exceedance of 10-year ARISs.

(@) (b)

Figure 2.2: Threshold precipitation amounts (mm) associated with the (a) 10-year
and (b) 100-year 6-h average recurrence intervals, shown over the Northern Great
Plains (40{49°N, 105{93°W). Filled contours indicate the precipitation depth required
to exceed each ARI threshold.
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2.3 ERAS5 Reanalysis Data

The European Centre for Medium-Range Weather Forecasts (ECMWF) Reanalysis
v5 (ERAD) is used in this study as input data for atmospheric composites and self-
organizing maps. ERADS integrates observational data with model simulations to pro-
duce a comprehensive and internally consistent global atmospheric dataset (Hersbach
et al., 2020). This makes ERA5 particularly useful for composite and SOM analysis,
which require gridded, physically consistent data cross time and space. ERAS provides
hourly atmospheric data at 0.25° x 0.25 horizontal grid spacing on multiple pressure
levels which makes it ideal for the investigation of synoptic environments. ERAS is
chosen because it is well suited for examining the large-scale atmospheric conditions
associated with extreme rainfall events, as no equivalent reanalysis product is available
at the mesoscale and storm-scale.

From ERAD, several atmospheric variables are selected to characterize the synoptic
environments associated with nocturnal extreme rainfall events, with 500-mb geopoten-
tial heights used as a primary descriptor of the large-scale synoptic pattern. Building
on this synoptic framework, additional variables are chosen to represent key physical
properties that have been shown in previous studies to in uence extreme rainfall.

The nocturnal low-level jet (NLLJ) is represented using 850-mb wind elds and
is used to assess the strength and positioning of low-level wind speeds at the time
of the events relative to the event domain. This feature is also commonly linked to
enhanced moisture transport into the central Great Plains and is expected to in u-
ence di erences in moisture availability and transport between extreme types (Higgins
et al.,, 1997). Total column water vapor (TCWYV), which represents the amount of
water vapor there is in column extending from the surface of the Earth to the top

of the atmosphere, is used to investigate moisture variability during events and how
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this di ers between extreme types. 850-mb temperature advection is used as a proxy
for a lower tropospheric destabilization method, synoptic-scale forcing for ascent, and
transportation of warm air by the LLJ. Lastly, vertically integrated moisture ux and
vertically integrated moisture ux convergence is investigated to quantify the magni-
tude and pathways of moisture transport into the event domain, as well as regions of

moisture accumulation associated with dynamically forced ascent.

2.4 Composite and Composite Di erence Analysis

To obtain an initial understanding of what the synoptic environments look like during
nocturnal summertime extreme rainfall events, more extreme and less extreme event
environments are composited separately using multiple variables introduced in section
2.3. For each 6-hour event period, this analysis uses the middle hour of the period to
represent the conditions at the time of events. All event periods are then combined into

a single composite for each event category. Composite di erences are then calculated
to evaluate the synoptic di erences between the two categories. Statistical signi cance

is then assessed to identify robust di erences between composites. Signi cance is de-
termined using non-parametric bootstrap resampling method at the 95% con dence
level. This method is chosen because it accounts for unequal sample sizes, which we

have, and does not rely on assumptions of normality.

2.5 Self-Organizing Map (SOM) Methodology

500-mb geopotential heights anomalies are used to train the self-organizing maps in
this study to investigate the mid-tropospheric ow patterns and synoptic patterns as-

sociated with summertime nocturnal extreme rainfall events. The ERA5 reanalysis
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provides geopotential (; m?s? ) at 500 mb and not geopotential height directly. 500
mb geopotential heights are calculated by dividing the 500 mb geopotential by accel-
eration due to gravity (9:80665 m$ ). The analysis domain spans over the entire
continental United States, de ned by latitudes 24°N to 49.5°N and longitudes 125°W
to 66.5°W, to show a full synoptic picture of the environments occurring during these
events (Table 2.1). Previous studies have shown that training on 500 mb geopotential
heights anomalies as the middle-level atmospheric pressure patterns provides crucial
information for identifying conditions in the low-level atmosphere and at the surface
(Ford and Schoof, 2017).

To construct the input dataset, 6-hour analysis periods are de ned as 00{06UTC
and 06{12UTC based on Stage IV QPE timestamps. To reduce repetitive sampling of
similar environments while capturing the central tendencies of each period, only the
midpoint hours, 03UTC and 09UTC, are included in the analysis. The-500mb geopo-
tential height climatology is computed by averaging all available 03UTC and 09UTC
time steps across the full 21-year record, not just those corresponding with rainfall
events, resulting in a climatological mean eld representative of nocturnal conditions.
Anomalies are then calculated by subtracting the climatological mean eld from the
03 UTC and 09 UTC ERAS5 500 mb height elds at each grid point during ERESs.

The SOM is trained by repeatedly presenting the 500-mb geopotential height anomaly
elds to the map. For each input eld, the SOM identi es the node that most closely
matches the pattern (the best-matching unit). That node, along with nearby nodes,
is then adjusted to become more like the input eld. This process is repeated many
times over the full dataset. As this is done, the SOM slowly organizes similar patterns
into neighboring nodes, preserving the structure of patterns in the data. The number
of patterns is predetermined by the layout chosen.

The self-organizing map is trained using the open-source python package MiniSom
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(Vettigli, 2018), which has been used in past studies to relate synoptic patterns to
di erent types of weather phenomena (e.g., Wang et al., 2022; Xie et al., 2024). To
train the SOM, di erent parameters need to be set which include the learning rate,
the neighborhood radius (sigma), iterations, and layout. For the SOM trained in this
study, several combinations of learning rate, neighborhood radius, iterations, and lay-
outs were tested. An analysis of the SOMs quantization error (QE) and topological
error (TE) is conducted using all variations to assess the performance of the trained
SOM. The QE measures how well the nodes represent the data and the TE measures
how well the SOM preserves the neighborhood relationships. When determining the
optimal SOM con guration, a balance was sought between the two error types because
minimizing QE and TE simultaneously is not always possible. For this SOM, improve-
ments in one error metric led to a decline in the other. The radii tested were 0.01,
0.1, 1, and 2 and the learning rates tested were 0.4 and 0.5. For the SOM trained in
this study, the best learning rate was found to be 0.4 and the best radius was found
to be 1. After nding this, a table was made to look at di erent variations of lay-
outs and iterations using this radius and learning rate. Table 2.1 shows QEs and TEs
calculated for every variation. The layouts tested were 3x3, 4x4, and 5x5 and the
iterations tested were 5000, 10,000, and 20,000. A 404 SOM trained with 5,000 itera-
tions was found to provide the best compromise quantitively. However, the 404 layout
produced some nodes with nearly identical synoptic patterns, limiting its utility for
distinguishing forecast-relevant environments. The 303 con guration, while coarser,
better separated the dominant regimes and therefore provided a more practical frame-
work for interpreting and communicating synoptic patterns associated with extreme
rainfall. Some other parameters set were neighborhood function and the random seed.
The gaussian neighborhood function is applied which helps preserve helps to preserve

topological relationships by ensuring that updates to the Best Matching Unit (BMU)
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of one node are smoothly propagated to the other nodes. The random seed (42) helps
to assure that the SOM is reproducible to prevent variability in SOM initialization and

di erences in node organization and patterns between runs.

Table 2.1: Quantization and topographic errors for Self-Organizing Map (SOM) exper-
iments across varying map sizes and training iterations.

2.6 SOM Composite and Composite Di erence Anal-
ySis

Once the SOM is trained, all events (both more-extreme and less-extreme) are indi-
vidually assigned to a BMU based on the similarity of its 500-mb anomaly eld to
the patterns that the SOM found. By doing this, each event is assigned to one of the
9 nodes. Node-based composites are then created for each variable using the events
assigned to each SOM node. Like the SOM training, only the midpoint hours, 03UTC
and O9UTC are used for this analysis to avoid repetitive data. The variables being
used for this were discussed previously in section 2.3.

This analysis is also performed for selected 500-mb geopotential height anomaly
elds from the days preceding events, including the day prior to event onset. Data

are used at the same times, 03 UTC and 09 UTC, a day before and three days before
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depending on the event timing. Composites were then constructed and compared to
each other and with the 500-mb anomalies at event time to evaluate the evolution of
the 500-mb large-scale setup.

After making composites for all events assigned to a node, the more-extreme and
less-extreme events are separated and composited independently. Composite di er-
ences are calculated to evaluate di erences between the two extremes. Statistical sig-
ni cance is assessed using the non-parametric bootstrap resampling method discussed
in section 2.4. These composites and composite di erences are then compared to the
full dataset composites in section 2.4 to evaluate the added value of the SOM approach
in resolving and reorganizing of distinct synoptic patterns that may not get picked up
in traditional composites.

Similarly, 500-mb geopotential height anomaly eld composites are made for select
days preceding more-extreme and less-extreme events individually. Composite di er-
ences are also calculated to compare the evolution of the 500-mb large-scale set up
between extreme types. In addition, statistical signi cance is assessed using the same

non-parametric bootstrap resampling method.

2.7 Event Distributions Within SOM Nodes

To isolate structural di erences in more-extreme and less-extreme event composite
structures, the distribution of less-extreme events and more-extreme events are plot-
ted separately within the event domain. Because of multiple ARI exceedance points
existing within an event period, one representative point is selected per period and per
extreme type. To avoid bias, one point is randomly selected from each event period

using random sampling without replacement.
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Chapter 3

Results

3.1 More-Extreme and Less-Extreme Bulk Com-

posites and Composite Dierences

3.1.1 500-mb Geopotential Heights and Anomalies

First, traditional composites of geopotential height anomalies of 500-mb are evaluated
for events more-extreme and less-extreme (Fig. 3.1a and 3.1b). The large scale cir-
culation associated with both extremities is characterized by a mid-level trough over
the western CONUS and a mid-level ridge over the central and eastern CONUS. This
positions the event domain downstream of the 500-mb trough axis and just upstream
of the 500-mb ridge axis, which supports southwesterly mid-level ow over the event
domain. This 500-mb setup is consistent with the setup in Chiappa et al. (2024), who
found that active ERE summers, which favored an increased frequency of events over
the central CONUS and Ohio Valley, are commonly associated with enhanced mid-level
ridging over the eastern CONUS.

One notable di erence between the environments is the magnitude of the 500-
mb geopotential height anomalies (Fig. 3.1c). More-extreme events exhibit stronger
negative and positive geopotential height anomaly values, indicating a more ampli-

ed large-scale mid-level ow pattern compared to less-extreme events. The stronger

18



trough-ridge ampli cation suggests a more dynamically active synoptic environment
during more-extreme events. Additionally, these geopotential height anomaly di er-
ences are statistically signi cant, indicating that the stronger ampli cation is robust

and not due to random variability.

Figure 3.1: Composite 500-mb geopotential height anomalies (shaded; m) and corre-
sponding 500-mb geopotential height contours (black lines) for (a) more-extreme and
(b) less-extreme nocturnal extreme rainfall events. (c) Composite di erence (more-
extreme minus less-extreme) with stippled regions indicating statistically signi cant
di erences at the 95% con dence level.

3.1.2 850-mb Wind Speeds

Initial examination of the 850-mb wind composites reveals that more-extreme and less-

extreme events exhibit broadly similar spatial patterns, making clear visual di erences
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between the two extreme events di cult to immediately distinguish (Fig. 3.2a and
3.2b). Both environments exhibit enhanced 850-mb NLLJ extending across the Great
Plains, transporting air northward from the Gulf of Mexico. The event domain is
located near the nose (area of maximum wind speeds) of the 850-mb NLLJ. This
positioning is important to note as the NLLJ is often associated with enhanced low-level
convergence near the nose, which can promote upward vertical motion and convection
development (Zhong et al., 1996). This enhanced area of the NLLJ weakens and
decelerates over the event domain for both event types, suggesting the transportation
and accumulation of warm-moist air into the region, as well as potential low-level
convergence as a result of this accumulation. This interpretation is consistent with
ndings from Walters and Winkler (2001), who showed that convergence downstream
of the LLJ contributes to convective precipitation.

To identify if there are any signi cant di erences between the two event types, an
850-mb wind composite di erence is calculated (Fig. 3.2c). A broad area of positive
850-mb wind speed di erences is present in the regions where the 850-mb NLLJ is
located in both composites, indicating that 850-mb winds during more-extreme events
are approximately 0.5 m 8 than during less-extreme events. In addition, there is an
area of enhanced positive 850-mb wind speeds in the more-extreme events over most of
the event domain. Most of this area is also statistically signi cant, indicating that over
the event domain, 850-mb wind speeds are consistently stronger during more-extreme
events than during less-extreme events. These results suggest a stronger advection of
warm, moist air up from the Gulf of Mexico, likely increasing moisture availability
within the event domain. The stronger 850-mb ow may also contribute to a more
favorable environment for ascent through enhanced moisture transport and downstream

convergence for more-extreme events within the event domain.

20



Figure 3.2: Composite 850-mb wind speeds (shaded; rh sand wind barbs for (a)
more-extreme and (b) less-extreme nocturnal extreme rainfall events. (c) Composite
di erence (more-extreme minus less-extreme) with stippled regions indicating statisti-
cally signi cant di erences at the 95% con dence level. The red box denotes the event
domain.

3.1.3 850-mb Temperature Advection

Both the more-extreme and less-extreme events exhibit warm air advection extending

over most of the event domain (Fig. 3.3a and 3.3b). This is consistent with the ndings
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in the 850-mb wind speed composites, which suggests that an enhanced 850-mb NLLJ
may be transporting warm air northward from the Gulf of Mexico. This temperature
advection pattern suggests widespread low-level ascent for both event types, as warm
air advection at 850-mb is commonly associated with synoptic-scale ascent through
thermal advection processes. In addition, warm-air advection can contribute to the
destabilization of the lower to mid troposphere, supporting the development and/or
intensi cation of convection. This pattern suggests a possible source of synoptic forcing
for the extreme rainfall events located in the event domain.

When looking at the 850-mb temperature advection composite di erences within
the event domain, there are identi able patterns between the two extreme types (Fig.
3.3c). The northern portion of the event domain exhibits stronger warm air advection
during more-extreme events. This pattern suggests that more enhanced warm air ad-
vection associated with more-extreme events may extend farther north compared to
less-extreme events. This pattern also aligns with the stronger 850-mb wind speeds
shown Figure 3.2c which could be helping to enhance the warm air advection farther
north. There are also smaller areas of localized warm air advection and cold air advec-
tion throughout the rest of the event domain, possibly re ecting areas of smaller-scale
variations of low-level ow and thermal gradients. However, none of the di erences
are statistically signi cant, indicating that although there are identi able patterns of
mean di erences between the extreme intensities, these di erences may be caused by

random variability and not a consistent pattern.
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Figure 3.3: Composite 850-mb temperature advection (shaded; K'H for (a) more-
extreme and (b) less-extreme nocturnal extreme rainfall events. (c) Composite di er-
ence (more-extreme minus less-extreme), with stippling indicating statistically signi -
cant di erences at the 95% con dence level.

3.1.4 Total Column Water Vapor

Both the more-extreme and less-extreme events exhibit very similar TCWV patterns
across the eastern and central regions of the CONUS (Fig. 3.4a and 3.4b). For both

extremities, an area of broad enhanced TCWYV values extends northward from the Gulf
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of Mexico into central and eastern CONUS, with values exceeding 25 kg minside the
event domain. Since abundant atmospheric moisture is a key ingredient for heavy
rainfall and EREs, this nding is expected and highlights the importance of moisture
transport from the Gulf supporting these events. This result is also consistent with
Chiappa et al. (2024), who identi ed statistically signi cant higher values of TCWV
over the central and southern regions of the CONUS during active ERE summers.

Di erences in TCWV between more-extreme and less-extreme events are generally
small over most of the Great Plains Region (Fig.3.4c). Although, positive TCWV
composite di erence values can be seen over the northern portion of the event domain,
indicating higher values of TCWV values for more-extreme events in the area. This
pattern may imply a more e cient northward transport of moisture into the event
domain for more-extreme events, likely associated with an enhanced 850-mb NLLJ
supporting the transport of moisture up from the Gulf. This enhanced area of TCWV
would provide more vertical moisture content for more-extreme storms occurring in
the northern region of the event domain. This area of positive TCWV values is also
statistically signi cant which shows that these ndings are unlikely a result of random

variability.
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