UNIVERSITY OF OKLAHOMA

GRADUATE COLLEGE







THE CHANGING HYDROCLIMATE OF THE UNITED STATES GREAT PLAINS: METEOROLOGICAL AND CLIMATOLOGICAL IMPACTS ON WATER RESOURCES





A DISSERTATION

SUBMITTED TO THE GRADUATE FACULTY

in partial fulfillment of the requirements for the

Degree of

Doctor of Philosophy








By

PAUL XAVIER FLANAGAN
 Norman, Oklahoma
2018







THE CHANGING HYDROCLIMATE OF THE UNITED STATES GREAT PLAINS: METEOROLOGICAL AND CLIMATOLOGICAL IMPACTS ON WATER RESOURCES.

A DISSERTATION APPROVED FOR THE
SCHOOL OF METEOROLOGY






BY



				
Dr. Jeffrey B. Basara, Chair

Dr. Jason C. Furtado

Dr. Elinor R. Martin

Dr. Michael Richman 

Dr. Xiangming Xiao














































[bookmark: _GoBack]
© Copyright by PAUL XAVIER FLANAGAN 2018
All Rights Reserved.

iv



Acknowledgments

I would like to extend my utmost gratitude to the numerous individuals without whom this project would not have been possible. First, I would like to thank my advisor, Dr. Jeffrey Basara for guiding me through this entire process. Without his ample expertise, aid and extensive knowledge this project would not be where it is today. No matter what difficulties arose through this process, he was there to lend a helping hand. I do not think I would be where I am in my career without having him as my advisor. I would also like to thank my Ph.D. committee, Dr. Jason Furtado, Dr. Elinor Martin, Dr. Michael Richman and Dr. Xiangming Xiao. Throughout this entire project their guidance and expertise has helped shape this project into the form you see below. 
Next, I would like to thank the Climate, Hydrology, Ecosystem, and Weather (CHEWe) research group, especially Hayden Mahan, Ryann Wakefield and Jordan Christian. Through thick and thin you have all had my back. The conversations we’ve had in our office about life, science and whatever else came our way helped me push through the darker days to get to this point. Without all of you I don’t know if I could have gotten all the way to the finish line. I would also like to thank Dr. Benjamin Cook, who helped inspire this project from the start. His guidance was crucial in shaping this project from the initial NASA NESSF graduate fellowship proposal to the finish project you see here. I would also link to thank the International Journal of Climatology, Journal of Hydrometeorology and the Journal of Climate for their aid in publishing the work contained within this dissertation, along with the numerous coauthors whose aid was instrumental in getting those studies published.
Finally I would like to thank my family and friends for their support throughout this project. Without all of you I would never have been able to push through to the end in one piece. Lastly, a large amount of thanks to my girlfriend Chelsea. Without her love and support it would not have been possible for me to get this project done. You pushed me through thick and thin and wouldn’t let me give up on myself. Thank you so much, I love you.

Table of Contents

Page
Acknowledgements									      iv
Table of Contents									      vi
Abstract										      viii

Chapter 1: Introduction								      1

Chapter 2: Analysis of the Great Plains Annual Climate
	2.1: Introduction								      4
2.2: Data and Methods							      6
		2.2.1: Global Historical Climatology Network-Daily Data		      6
		2.2.2: Asynchronous Difference Index				      13
	2.3: Great Plains’ Temperature and Precipitation Climatology 		      14
	2.4: Results			 						      15
		2.4.1: Spatial ADI Analysis						      15
		2.4.2: Temporal ADI Analysis		 			      21
		2.4.3: Daily ADI							      26
		2.4.4: Weekly ADI							      30
	2.5: Discussion								      34

Chapter 3: Primary Atmospheric Drivers of Pluvial Years in the United States Great Plains
	3.1: Introduction               							      41
	3.2: Data and methods              						      43
		3.2.1: Datasets								      43
		3.2.2: Definition of pluvial periods		 			      45
		3.2.3: Statistical methods		 				      48
	3.3: Results                   							      51
		3.3.1: Southern Great Plains pluvial analysis				      51
		3.3.2: Northern Great Plains pluvial analysis				      53
		3.3.3: Robustness of the pattern composite analysis 			      57
		3.3.4: Heavy precipitation event analysis 				      59
		3.3.5: Break composites  		 				      62
	3.4: Discussion                                                				      64

Chapter 4: Role of Pacific Sea Surface Temperatures in United States Great Plains Pluvial Years
	4.1: Introduction								      67
	4.2: Data and Methods							      72
		4.2.1: Datasets								      72
		4.2.2: Calculating the Eddy Geopotential Height Index		      72
		4.2.3: Composite and Regression Analysis				      73
		4.2.4: Synoptic Wave Event Classification Scheme 			      74
	4.3: Diagnosis of Synoptic Waves during Great Plains Pattern Pluvial Years													      76
		4.3.1: Synoptic Wave Event Statistics 				      76
		4.3.2: Event Classification Composites	 			      78
	4.4: Diagnosis of Great Plains Pattern Pluvial Years 			      83
		4.4.1: SST and Stream function Composites 				      83
		4.4.2: Eddy Geopotential Height Index Linear Regression Analysis
											      89
	4.5: Discussion								      94

Chapter 5: Southern Great Plains Pluvial Year Case Study
	5.1: Introduction 								      99
	5.2: Atmospheric and Surface Datasets 					      100
	5.3: Synoptic Diagnosis of the 2015 Southern Great Plains Pluvial 															      101
	5.4: Climate Scale Diagnosis of the 2015 Southern Great Plains Pluvial 													  	      105
	5.5: Discussion								      108

Chapter 6: Summary and Conclusions
	6.1: Introduction								      111
	6.2: Analysis of the Great Plains Annual Climate				      111
6.3: Primary Atmospheric Drivers of Great Plains Pluvial Years		      113
6.4: Links Between Great Plains’ Pluvial Years and Pacific Sea Surface Temperatures											      117
	6.5: Southern Great Plains Pluvial Year Case Study Results			      119
	6.6: Final Remarks								      120

References										      123

Appendix 1										      147


viii
`			
Abstract
In the United States Great Plains (GP), understanding precipitation variability is key in developing an understanding of the present and future availability of water in the region. Numerous studies have investigated the hydroclimate, or the part of the climate relating to the hydrology of a region, of the GP from the soils, surface, vegetation and their impacts on water resources. Even so, there is still more to be understood from a climatological perspective. Further, analysis of the GP climate in terms of temperature and precipitation maxima in relation to the hydroclimate is not yet complete. While drought and its associated drivers have been studied in the GP region, periods of excessive precipitation (pluvials) at seasonal to interannual scales have received less attention. Thus, analysis of the GP climate in terms of features that directly impact water is required to more fully understand the GP climate and future impacts to water availability.
The first part of this study investigated a long-term observational dataset to quantify the asynchronicity and address the impacts of climate variability and change. Global Historical Climate Network Daily (GHCN-Daily) data were utilized for this study; 352 GHCN-Daily stations were identified based on specific criteria and the dates of the precipitation and temperature maxima for each year were identified at daily and weekly intervals. An Asynchronous Difference Index (ADI) was computed by determining the difference between these dates averaged over each decade. Analysis of Daily and Weekly ADI revealed two physically distinct regimes of ADI (positive and negative), with comparable shifts in the timing of both the maximum of precipitation and temperature over all six states within the GP examined when comparing the two different regimes. Time series analysis of decadal average ADI yielded moderate shifts (~5-10 days from linear regression analysis) in ADI in several states with increased variability occurring over much of the study region.
	Utilizing the ERA-20C dataset, a climatological analysis of GP pluvials was completed. Through an analysis of GP precipitation, the region was split into two subregions; the Northern Great Plains (NGP) and the Southern Great Plains (SGP). Analysis of ERA-20C geopotential heights during NGP and SGP pluvial years reveals atmospheric anomaly patterns associated with the occurrence of pluvial years. In the SGP, this pattern is depicted by negative height anomalies over the southwestern United States, coincident with a southward shifted jet stream over the north Pacific allowing a more frequent passage of synoptic waves toward the southern United States. The NGP pluvial pattern shows negative height anomalies over the northwestern United States and an anomalously extended jet stream over the northern North Pacific. Further, analysis of sea surface temperatures (SST) and streamfunction aids in explaining the occurrence of these pluvial years. During SGP above average precipitation (i.e., pluvial) years, central tropical Pacific SST anomalies occur concurrently with key atmospheric anomalies across the Pacific basin and North America and they contribute significantly to the occurrence of excessive rainfall, with no specific pattern of oceanic or atmospheric anomalies emergin during NGP pluvial years. When comparing the SGP pluvial of 2015 to that of 2007, differences in the height, SST and streamfunction anomaly fields described the overall differences between pluvial years driven by annual atmospheric anomalies and years which show no strong atmospheric annual anomaly feature associated with annual excessive precipitation. Overall, the results from this study reveal new insights to precipitation variability across the GP owing to local and global processes.

Chapter 1
Introduction

	Given the overall importance of agricultural practices within the Great Plains (GP) of the United States (Fisher et al. 2007), water is a precious commodity. This is especially true given the climate variability within the region. From short to long-term drought, flash floods, and pluvial periods spanning seasons to years, the availability of water can dramatically change from one year to the next (e.g., Ting and Wang 1997; Ruiz-Barradas and Nigam 2005). To mitigate the impacts of this variability, local stakeholders must have knowledge of the availability of water in the coming growing season (Irmak et al. 2000; Alderfasi and Nielsen 2001; Kang et al. 2009) to successfully manage their agricultural business. Seeding strategies, crop diversity, crop acreage, herd count and other agricultural practices such as grazing depend highly on the availability of water in the coming months (e.g., Holechek 1996; Thurow and Taylor 1999; Graef and Haigis 2001; Kirigwi et al. 2004). 
The ecosystem of the GP is highly dependent on the availability of water (Burke et al. 1991). This is due to the large area of grasslands which span the region. Short-term changes in water can have a dramatic impact on the health and diversity of the grassland ecosystem (Symstad and Jonas 2011). While this does not directly impact the population of the GP, these grasslands are commonly used for agricultural practices such as cattle grazing, and thus, have impacts to the local economy. Thus, understanding regional climate impacts on water availability and variability is important. The timing of abundant precipitation and the timing of heightened water stress in relation to each other can determine the successful growth and wellbeing of a region’s ecology (e.g., Hughes 2000; Menzel et al. 2003, 2006; Badeck et al. 2004; Cleland et al. 2007; Bertin 2008).
To predict the changes to water availability over the region the drivers of variability of the regional climate (e.g., temperature, precipitation, etc.) must be thoroughly understood. While short to long-term dry periods (i.e., drought) have been examined extensively for the GP region, especially in relation to climate change (e.g., Ruiz-Barradas and Nigam 2010; McCrary and Randall 2010; Bukovsky and Karoly 2011; Wehner et al. 2011; Hoerling et al. 2012; Feng 2017), wet (pluvial) periods of significant, above-normal precipitation have not been similarly investigated (Cook et al. 2011). This is due to the perceived lack of direct, negative impacts caused by pluvial periods which creates a lack of necessity in examining their causes. Yet, understanding the variability of water in the GP is fundamental to being able to predict the dynamic changes in available water. Studies such as Hu and Huang (2009) and Trenberth and Guillemot (1996) have examined these wet periods over the GP, finding that modifications to water transport, atmospheric jets, synoptic wave occurrences and their location are key to pluvial events. However, these studies have focused on singular events or specific seasons. To develop a comprehensive knowledge base of GP water variability, pluvial events must be further investigated. For example, analyzing past pluvial events deepens the current knowledge of why pluvial events occur while diagnostic examination determines the conditions that lead to prior pluvial events and connections between the global system and the local climate of the GP. Finally, thorough knowledge of precursor and concurrent conditions for pluvial events aids in the development of pathways to predicting pluvial events over the GP on temporal scales related to seasonal prediction.
	Overall, a knowledge gap exists when considering the GP climate and hydroclimate. Diagnosing the total impact of precipitation on water, thus predicting changes to this precious commodity are difficult over the GP. Developing an understanding of water variability requires an in depth examination into the nature of precipitation over the region. Regardless of the perceived lack of negative impacts from long-term wet periods, understanding the drivers behind these events from a regional to global scale is necessary if the variability of water is to be understood across the GP region. Thus, the goal of this work is to delve into the climate of the GP with a focus on climatological and meteorological impacts, primarily precipitation, on the variability of water.
	The purpose of this research is to develop a more complete understanding of the GP hydroclimate by filling in several knowledge gaps relating to precipitation variability. Thus, this project will investigate aspects of the GP climate that are not well understood. The hypothesis of this project is: Shifts in GP and global climate variability will result in changes to the GP hydroclimate. To evaluate this hypothesis, several research goals will be completed: 
· Analyze the annual climate of the GP, 
· Determine the primary atmospheric drivers of GP pluvial years utilizing climatological datasets,
· Diagnose the distinguishing features of pluvial years driven by these atmospheric patterns to determine predictable environmental processes associated with pluvial periods.
With these goals completed, conclusions into the effects of climate shifts on the GP hydroclimate can be made. Further, given the overwhelming focus of research on drought, this analysis of pluvial periods will close the knowledge gap and bring forth key insights into the effect of climate change on precipitation variability. As a whole, this work will expand the knowledge of the GP hydroclimate related to precipitation variability and associated drivers. The dissertation is organized as follows: Chapter 2 details an analysis into the GP annual climate, Chapter 3 details the primary atmospheric drivers of pluvial years, Chapter 4 details the diagnosis of these atmospheric patterns, Chapter 5 presents a SGP pluvial case study and Chapter 6 contains the conclusions.
Chapter 2
Analysis of the Great Plains Annual Climate
(Flanagan et al. 2017)

2.1 Introduction
	 The growing season (GS), which spans from March to October in the northern hemisphere during which plants and crops emerge after the cold season and grow until leaf fall (Linderholm 2006), is typically associated with increased temperature, and precipitation as well as increased variability in ground and surface moisture fluxes (e.g., Evapotranspiration (ET) and soil moisture (Illston et al. 2004; Durre et al. 2000; Teuling and Troch 2005). Recent climate change research has focused on the effects of global climate change on regional precipitation (e.g., Ruiz-Barradas and Nigam 2010; Long et al. 2012; Christian et al. 2015; Shi and Durran 2016; Bukovsky and Karoly 2011; Groisman et al. 2012), temperature (e.g., Long et al. 2012; Berg et al. 2015; Kunkel et al. 2010; Kumar et al. 2013), and plant health and phenology (e.g., Schlenker and Roberts 2009; Jamieson et al. 2012; Bertin 2008; Weltzin and McPherson 2003; Zeppel et al. 2014; Tubiello et al. 2002).  However, while impacts of climate change on vegetation health have been studied, most have focused on specific plant and crop impacts (Schlenker and Roberts 2009; Jongen et al. 2011; Olesen and Bindi 2002; Tubiello et al. 2007) rather than regional GS climate. 
Because small changes to temperature and precipitation trends incur significant impacts on vegetation during the GS, such impacts are extremely important to examine (Lobell and Asner 2003). The temperature magnitude, timing of temperature increases/decreases and overall maximum are important to crop phenology (e.g., Bertin 2008; Menzel et al. 2006; Hughes 2000; Menzel 2003; Cleland et al. 2007; Badeck et al. 2004) and can impact plant growth and maturity (Menzel 2003). Thus, as temperature warms more quickly vegetation will mature earlier in the GS and shift the timing at which water stress will be higher due to quicker plant mass growth (Martyniak 2008) as the temperature magnitude and temperature maxima determine the timing of peak ET and thus the timing of peak water usage (Vivoni et al. 2008; Bartz and Brecht 2002; Blum 2010). If water availability is not sufficient for the vegetation, plant health can be adversely affected (Turner and Begg 1981; Blum 2010). At the same time, Schlenker and Roberts (2009) noted that the negative effects of extreme temperatures on corn crops during June and July could be mitigated by increases in precipitation. Thus the seasonality and variability of precipitation also yield significant impacts to vegetation health in concert with temperature. 
Beyond the basic requirement of sufficient water for vegetation sustenance, the timing of precipitation can also impact plant health and crop production. Fay (2009) demonstrated that variations in precipitation impacted food resource availability while also finding that microbial processes are sensitive to soil moisture that can impact the availability of nitrogen in the soil. This leads to a sensitivity of nitrogen availability to trends in soil moisture and as the timing between rainfall events increases the availability of nitrogen decreases. Di et al. (1994) modeled the relationship between Normalized Difference Vegetation Index (NDVI) and precipitation and suggested that the response to NDVI from precipitation events changes throughout the GS and found that plants more effectively utilized water from precipitation events during the earlier and later portions of their growing cycle, but less so when the plant was more mature. Further, Di et al. (1994) noted that due to plant root depth and size, deeper soil moisture was more important later in the growing season than earlier. Thus, precipitation events are more important earlier in the season to maintain overall soil moisture storage essential to vegetation (Méndez-Barroso et al. 2009; Vivoni et al. 2008). 
	Unlike most grasslands and croplands around the world, the maxima in temperature and precipitation during the Great Plains (GP) of North America growing season do not occur at the same time whereby the maxima in precipitation precedes the climatological maxima in temperature. Because the agricultural industry in the Great Plains (GP) is of critical socioeconomic importance (Fischer et al. 2007), the impacts of climate change on the seasonality of precipitation and temperature, especially during the GS, are critically important. At the same time, numerous studies have noted changes in the timing of precipitation and temperature across interior portions of North America (e.g., Stewart et al. 2004; Regonda et al. 2005; Caesar et al. 2006; Schwartz et al. 2006). However, the asynchronicity (AS) between the timing of precipitation and temperature maxima have not been examined and yet are critical to GS processes in the region.  Thus, the purpose of this study was to examine the climatological AS between the timing of precipitation and temperature maxima in the GP using historical observations to determine whether long-term changes in AS have occurred.

2.2 Data and Methods
2.2.1 Global Historical Climatology Network-Daily Data
	To investigate the long-term trends in the AS of temperature and precipitation maxima, a climate data set of surface observations was required. The Global Historical Climatology Network’s Daily (GHCN-Daily) dataset (Menne et al. 2012) was utilized for this study. A network of sensors that spans the globe and has been in operation for over 100 years, the dataset provides daily maximum temperature and precipitation observations from over 80,000 weather stations. Only stations contained within the GP of the United States (Fig. 2.1) were retained for this study which spanned from 1895 to 2015.  Further, similar to Christian et al. (2015), the GP was defined to include the states of Texas, Oklahoma, Kansas, Nebraska, South Dakota, and North Dakota. A length of period (>90 years) requirement was used to filter out stations with short periods of record. However, no filter was used to remove stations without continuous datasets during this period as few stations within the dataset have a continuous, long-term record of observations. Thus, earlier decades may not contain observations from all stations shown in Figure 2.1. After filtering was completed, a total of 352 stations were identified within the GP region. As seen in Figure 2.1, the distribution of stations covers the entire region, with few noticeable gaps. To focus only on the spring precipitation maximum and the summer temperature maximum consistent with the GS, the period was constrained from March through August of each year.


[image: ]
Figure 2.1: Map of the Great Plains showing the location of each GHCN-Daily station used in this study. 






	While the GHCN-Daily dataset is useful for climate studies due to its long period of record, biases exist in the daily data that can mask or artificially induce trends within the dataset (Karl et al. 1988). Additionally, the GHCN dataset is hindered by: time of observation bias (Karl et al. 1986), instrumentation bias (Quayle et al. 1991), station location change bias (Karl and Williams 1987) and a bias caused by urbanization near or at the station site (Karl et al. 1988). While bias correction algorithms exist for monthly averaged data a comparable method of removing these biases from the daily datasets does not exist. However, histogram analysis on the date of maximum temperature (Fig. 2.2) and precipitation (Fig. 2.3) from the GHCN-Daily dataset shows that dates from each state match the climatological date of the respective maxima (Fig. 2.4). 


Figure 2.2: Histogram of dates for maximum temperature throughout the entire GHCN-Daily dataset for each state. 
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Figure 2.3: Same as figure 2.2, except for precipitation.

[image: ]

[image: ]Figure 2.4. Temperature and precipitation climatology from the GHCN-Daily dataset. Dashed line is precipitation (mm) and the solid line is temperature (degrees C). Lines were smoothed due to the variability in the daily precipitation climatology.



2.2.2 Asynchronous Difference Index
	To quantify the climatological difference between the maxima of temperature and precipitation, an index was created. The Asynchronous Difference Index (ADI) computes the difference between the dates of the two maxima which allows for a simplistic quantitative analysis of the dataset. For this study, the ADI was defined as the difference between the date of maximum temperature and the date of maximum precipitation, as shown in equation 1:
		(Eq. 2.1)
Where,
ADI = Asynchronous Difference Index
DmaxTemp = Date (day or week) of highest maximum temperature
DmaxPrec = Date (day or week) of maximum precipitation amount.

This formulation was developed to obtain a positive average ADI during climatological conditions. As seen in Figures 2.2 and 2.3, the dates of maximum precipitation and temperature cannot be approximated as normal distributions. However the ADI normalizes these two datasets and allows for a more simplistic statistical methodology to be utilized for analysis. 
	To deduce the effect of different methodologies in finding the “date” of maxima, two separate techniques of analyzing the data for the maximum date were utilized. First, the day of maximum temperature and precipitation was analyzed from the 352 stations for each year. The ADI was then developed from this dataset of daily maximum temperature and precipitation for each year (Daily ADI). Secondly, daily observations were averaged, or for precipitation the sum total was determined, for each week and then the maximum week within the period yielded the date of maximum. Weeks were designated as 1 through 26 for the study period, with the first week starting on the third day of March for each year. This was done to exclude data from September in the last week of each period and constrain the dataset to the same period as the other two date methodologies. The ADI was then computed as the difference between the two-week numbers and then multiplied by 7 to obtain an approximation for the number of days (Weekly ADI). This was done so that a direct comparison between the daily and weekly results could be completed. Statistical analysis was then completed for each version of the ADI including the mean, standard deviation, Student’s t-test significance tests, and linear regression. Student’s t-tests were completed on the decadal ADI dataset using the 1890-1949 period as an estimate for the population statistic and the 1950-2015 period as the test statistic. The latter was assigned due to recent results noted by Christian et al. (2015) and Weaver et al. (2016) which found increasing variability of precipitation across the GP after 1950. 

2.3 Great Plains’ Temperature and Precipitation Climatology
	Using the GHCN-Daily dataset, a climatology of precipitation and maximum temperature was created for each state within the study domain (Fig. 2.4). This daily climatology was then smoothed (using a kernel density estimate for a random collection of points) to remove the influences of fluctuations in the precipitation climatology. All six states have similar temperature climatology with a maximum in mid summary (late July, ~day 200), but differ in precipitation climatology. The four northern states have a peak of precipitation during early summer (June, ~day 160), but the southern states have a bimodal pattern of precipitation with one peak during spring (May, ~day 140) and another peak during fall (October, ~day 280). In this manuscript, the analyses focus on the study period from March to August, which includes both the climatological temperature maximum and the first (spring) climatological precipitation maximum. Ending the study period at August removes the unwanted secondary precipitation maximum evident in the Texas and Oklahoma precipitation climatology that occurs in September/October and beyond the critical growing season. 

2.4 Results
2.4.1 Spatial ADI Analysis
	Climatologically, ADI yieldes features that commonly seen within the GP climate (Fig. 2.5). A strong gradient of ADI is analyzed over the Southern Great Plains (SGP), especially in Texas and Oklahoma. This matches well with the known gradient of precipitation that occurs within this region of the GP. Further to the north, a reversal of this gradient occurs and ADI was climatologically lower in the eastern portion of the Northern Great Plains (NGP) when compared to the western portions of this portion of the GP. The SGP mean ADI pattern is likely due to the overall east to west gradient of precipitation whereby climatologically more rainfall falls in the eastern portion of the SGP. This causes temperatures to reach their yearly maximum at a later date due to increased latent heat flux. Across the western portion of the SGP, less precipitation occurs, and temperature values increase more rapidly and earlier in the year. In the NGP domain, this pattern is more difficult to describe as the east to west gradient of rainfall still occurs in this portion of the GP as well and ADI is controlled more so by the date of maximum rainfall than temperature (Fig. 2.6). A gradient in the date of maximum rainfall occurs across the NGP (decreasing to the west) without a corresponding gradient in the date of maximum temperature and would yield higher ADI in the western portion of the NGP as seen in the mean ADI analysis (Fig. 2.5). The cause of the later date of maximum precipitation in the NGP compared to the SGP is due to mesoscale convective system (MCS) activity that occurs in the early summer within the GP, which has been noted numerous times in previous studies (e.g., Rasmusson 1971; Wallace 1975; Easterling and Robinson 1985).   
	Spatial analysis of ADI standard deviation shows significant variability in the ADI (40-50 days), with (slightly) larger values (~50+) in the SGP compared to the NGP (~48; Fig. 2.7). This is expected, as the SGP is noted to have higher precipitation variability when compared to the NGP (Fig. 2.8; Weaver et al. 2016). The spatial pattern of variability in the date of maximum precipitation (Fig. 2.8a) depicts a pattern much like that of the overall ADI variability. These results demonstrate that the variability in the ADI is most likely due to the variability in the date of maximum precipitation more so than the date of the temperature maxima. This result mirrors what is seen in mean ADI, as the date of maximum precipitation appears to have more control on the climatological mean of ADI than the date of maximum daily temperature.


[image: ]Figure 2.5: Mean ADI for the entire study period (1890-2015) from the GHCN dataset. Solid lines are for positive ADI and dashed lines represent negative ADI. Data was gridded using the Barnes Objective Analysis methodology in order to display smoother contours compared to contouring raw ADI at station level.
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	Figure 2.6: Same as figure 2.5, except for the date of maximum precipitation (a) and temperature (b)





[image: ]Figure 2.7: ADI standard deviation for the entire study period (1890-2015) from the GHCN dataset. Data was gridded using the Barnes Objective Analysis methodology in order to display smoother contours compared to contouring raw ADI at station level.
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	Figure 2.8: Same as figure 2.7, except for date of maximum precipitation (a) and temperature (b).








2.4.2 Temporal ADI Analysis	
	Histograms of all Daily (Fig. 2.9) and Weekly (Fig. 2.10) ADI values show a normal distribution around a positive value of ADI. This is expected, as climatologically within the period from March to August the temperature maximum occurs later than the precipitation maximum. Further, within the GP climate, it is difficult to get a precipitation and temperature maximum to occur on the same day, and few zero values of ADI were expected. However, a secondary peak in the negative range of ADI is not expected. To examine whether the valley in the zero values causes this to peak to exist as a function of the ADI itself (i.e., not a physical, real phenomenon) analysis of the average day/week of maximum temperature and precipitation is completed for each state (Table 2.1). Results demonstrate that the average date of maximum precipitation changes from approximately late May (positive ADI) to late July (negative ADI), an expected result given the MCS activity that occurs later in the warm season. However, the change of the average date of temperature maximum from late July (positive ADI) to late June (negative ADI) is not. Summertime temperature maxima over the GP is climatologically causes a strong mid-tropospheric ridge to develop over the region during the summer (Illston et al. 2004). Thus, a shift in the maximum temperature as systematic as shown via the negative ADI analysis does not have a simple explanation. 


[image: ]Figure 2.9: Histogram of Daily ADI values throughout the study period for each state. 
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Figure 2.10: Same as figure 2.9, except for Weekly ADI.





Table 2.1: Average date of temperature and precipitation maxima, separated by state and for negative/positive ADI. The number of observations and the percent total are also shown.
[image: ]


	To determine the cause of this shift in maximum temperature within the two different ADI regimes, several features that influence surface temperatures over the GP were investigated. First, the influence of precipitation on ADI is investigated due to links between latent/sensible heat flux and surface moisture heterogeneities caused by precipitation (e.g., Berg et al. 2014; Seneviratne et al. 2010). Results from this analysis show no significant correlations between ADI and any of the precipitation totals computed from the station data. Next, correlations between noted teleconnection patterns that influence North American temperature patterns (Ropelewski and Halpert 1986) and the ADI are analyzed. For this study, the Pacific-North American Pattern (PNA), El Niño Southern Oscillation (ENSO), North American Oscillation (NAO), Pacific Decadal Oscillation (PDO) and the Atlantic Multidecadal Oscillation (AMO) are chosen. Using monthly ADI values derived from the monthly climate division GHCN dataset (nClimDiv) to compute correlations with these teleconnection patters, results from this analysis again showed little to no correlations between any of the teleconnection patterns and the ADI. Lastly, the role of the climatological 500 mb ridge that develops during the summer season (Illston et al. 2004; Bluestein 1993) over the GP was investigated. Using NOAA-CIRES 20th Century Reanalysis Version 2 (Compo et al. 2011) monthly average 500 mb geopotential heights are correlated with gridded yearly ADI (gridded using an iterative improvement type objective analysis within the NCAR Command Language (NCL)). Results from this analysis showed more utility in describing the causes of the differences between the positive and negative ADI regimes (correlations of ~0.3 with July 500mb heights), however no significant correlations were found during this analysis. Thus, no direct causation of the negative and positive ADI regimes could be found from the analysis performed within this study. Further investigation into this feature of the ADI is warranted given the physical difference between the two regimes and the impacts they impart on the ecosystems of the GP. 

2.4.3 Daily ADI 
	Statewide decadal mean values of Daily ADI (Fig. 2.11) reveal a number of results across the GP. Mean ADI values were positive and show a systematic difference (~30 to 45 days) between temperature and precipitation maxima throughout the historical record. Texas and Oklahoma have larger mean ADI values, which is expected as they show the earliest precipitation peak of the GP states. The other 4 states are considerably lower, with no mean ADI value analyzed above 50 compared to 60 for Texas and Oklahoma. However, this difference appears to be changing with time over the length of the observational record. Linear trend analysis shows that each state is incurring a trend on its decadal mean ADI. For example, Texas, Oklahoma and North Dakota are incurring positive trends. However, using 1890-1949 data as the population statistic for the t-test, only North Dakota is showing a statistically significant difference (90% confidence level). Conversely, Kansas, Nebraska and South Dakota yielded negative trends in ADI with Kansas and Nebraska showing a statistically significant difference (95% confidence level) using 1890-1949 as the population statistic for the t-test.  Thus, from the Daily ADI analysis a significant shift in ADI is analyzed in Kansas, Nebraska and North Dakota using a Student’s t-test for significance between the 1890-1949 and 1950-2015 periods. This is confirmed with the linear regression lines for each of the three states. The results for Oklahoma displays a linear regression line with a strong (~14 days) positive trend, however the t-test does not show that the two periods were significantly different. This is likely due to the pattern of high and low mean ADI values that are seen throughout the time series, which would overwhelm the comparatively smaller signal of the overall increase for this statistical test.
	Daily ADI variability analysis (Fig. 2.12) also show significant differences between the two periods. The average standard deviation of Daily ADI across the region ranges from approximately 40 to 55 days, with the southern portion of the domain having higher variability than the northern states. Linear increases are noted in Texas, South Dakota and North Dakota that were statistically significant (95% confidence level) with the other three states also having slight (<4 days) positive standard deviation trends. It is evident in analysis of the ADI standard deviation time series that after the 1940 decadal period an increasing trend can be seen in many states (Texas, Oklahoma, Nebraska, and North Dakota) even though a strong overall trend is not determined through the linear regression analysis. Thus, the analysis shows that ADI variability is increasing over the GP, with significant increases in three of the states at the 95% confidence level. 


[image: ]
Figure 2.11: Decadal average Daily ADI for each state in the study domain. Solid line shows the decadal average, while the dashed line is the linear regression line created from the ADI data. Texas is plot (a), Oklahoma is plot (b), Kansas is plot (c), Nebraska is plot (d), South Dakota is plot (e) and North Dakota is plot (f).
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Figure 2.12: Same as figure 2.11, except for Daily ADI standard deviation.



2.4.4 Weekly ADI
	Analysis of the Weekly ADI statewide decadal means (Fig. 2.13) shows similar results as Daily ADI. Weekly ADI continues to show systematic positive ADI of approximately 30-45 days throughout the dataset record. This shows that the methodology does not affect the overall results of obtaining a climatologically positive ADI, but the actual value of ADI in the Weekly ADI analysis is higher when compared to Daily ADI for the same state. Thus, the change of methodology does not change the overall nature of ADI, but it changes the decadal mean magnitudes, which affected the linear trends. Near zero trends in Texas, Nebraska and South Dakota are seen with stronger trends in Oklahoma, Kansas and North Dakota. The negative trend in Kansas is slightly higher in the Weekly ADI results (~8 day increase) compared to the Daily ADI (~7 day increase), with the trend in North Dakota showing a similar change (Weekly ADI ~10 day increase, Daily ADI ~7 day increase). The trend in Oklahoma, however, shows a slightly weaker increase in the Weekly ADI (~8 day increase) compared to the Daily ADI (~13 day increase). At the same time, the statistical significance did change. Kansas and North Dakota still reveals significant differences between the two-subset periods, however Nebraska no longer showed statistically significant results. This implies that the methodology (Daily ADI) likely results in the statistical significance for Nebraska rather than the results seen in the Daily ADI analysis being a physically meaningful result.


[image: ]Figure 2.13: Same as figure 2.11, except for Weekly ADI decadal averages.




	Variability in the Weekly ADI (Fig. 2.14) shows similar features to the Daily ADI as well, however with a decreased magnitude owing to the averaging of the daily data. The average value of variability in the region was approximately 40 to 50 days, with a majority of the values in the 40s.  Further, the trends align with the Daily ADI variability, with Nebraska being the main difference. In the Daily ADI analysis, Nebraska yields a non-statistically significant increase in variability. However, with the Weekly ADI analysis, it shows a decreasing trend in variability, showing that no trend in ADI variability is occurring within Nebraska. Further, the five other states show very similar signals as the Daily ADI analysis whereby increasing trends are observed in all five states, with South and North Dakota being statistically significant at the 95% level (note - Texas, Oklahoma and Kansas were statistically significant at the 85% confidence level). The difference in these five states is Kansas, which analyzed the Weekly ADI analysis to have a much stronger (~ 7 day) increasing trend compared to the Daily ADI (~1 day increase) variability analysis. The other four states have close to the same trend in variability (~same number of day increases), compared to the Daily ADI analysis, from 1890 to 2015 analyzed through a linear regression analysis. 
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Figure 2.14: Same as Figure 2.11, except for Weekly ADI standard deviation.



2.5 Discussion
	The goal of this study was to analyze the long-term trends in the AS between the date of maximum temperature and precipitation (Fig. 2.4) across the GP. To accomplish this task, long-term data gathered from the GHCN-Daily database for maximum temperature and precipitation was utilized and an Asynchronous Difference Index (ADI) was developed by computing the day of each relevant maxima and further computing the temporal span between the date of maximum temperature and precipitation. This was also completed for the week of maximum by averaging the data into weekly values and determining the week of each maximum before computing the difference between the weeks of each maximum.  These ADI values were then averaged into decadal means, and multiple statistical analyses were utilized in the analysis. 
	Overall, the results show that ADI is changing throughout the 1890 to 2015 period for various states in the GP. Daily (Fig. 2.11) and Weekly (Fig. 2.13) ADI analyses yielded a statistically significant decreasing trend in Kansas (95% confidence level for both analyses) with a statistically significant increase in North Dakota (90% confidence level for both analyses). Trends in other states show significance for one analysis or the other, with Nebraska showing a significant decrease (95% confidence level) in the Daily ADI analysis, but not the Weekly analysis. Linear regression analysis on the Oklahoma data shows a strong increasing trend in both ADI analyses, however significance testing on the difference between the 1890-1949 and 1950-2015 periods show no statistically significant difference. This is likely because of the variable pattern exhibited within both the Daily and Weekly ADI decadal means, which caused the overall mean of both decades (the test statistics for the student’s t-test) to be similar even though an overall increasing trend is seen. 
Analysis of ADI standard deviation shows an increasing trend (linear regression lines) for both analyses and most states (Figs. 2.12 and 2.14). The only state to not show an increasing linear trend was Nebraska for the Weekly ADI analysis, which resulted in a slight decreasing trend. Statistical significance (95% confidence level) was seen in both analyses for South and North Dakota, with the Daily ADI analysis showing a significant increase in variability for Texas (95% confidence level). Although statistical significance may not have been noted, a difference was seen between the prior to 1950 and after 1950 decadal variability for several states. It appears as though a relative minimum in ADI variability occurred in the 1940’s and then it increased from the 1950’s onward in the central and southern Great Plain states (Texas, Oklahoma, Kansas and Nebraska). This result was observed in both ADI analyses. 
	Determining the drivers of the trends seen in ADI is difficult as the timing of maxima during a particular season is rarely studied. However, an analysis into which variable (temperature or precipitation) is driving the changes in ADI can be completed within the purview of this study.  Daily analysis showing the decadal average day of maximum temperature (Fig. 2.15) and precipitation (Fig. 2.16) for Oklahoma, Kansas, Nebraska and North Dakota (states with notable linear trends or significant differences between periods) demonstrated that changes in the date of maximum temperature are the likely cause of the shift in ADI for North Dakota and Nebraska while a shift in the date of maximum precipitation being the cause for Oklahoma. The Kansas analysis displayed statistically significant differences (90% confidence level or above) for both the date of maximum temperature and precipitation. Weekly analysis of decadal average day of maximum temperature (Fig. 2.17) and precipitation (Fig. 2.18) demonstrated that only the trend in ADI for Oklahoma can be partially attributed to shifts in the date of maximum precipitation (90% confidence level) with Kansas and Oklahoma both yielding significant shifts (95% confidence level) in their date of maximum temperature. Because all of these shifts in the date of maximum temperature and precipitation impact the decadal mean ADI, a positive shift in ADI represents either a positive shift in temperature, a negative shift in precipitation or both. Conversely, a negative shift in ADI reflects either a positive shift in precipitation, a negative shift in temperature or both. Overall, the shifts in the date of the occurrence of March to August maximum temperature show more significance in regards to the overall shifts in the ADI for both methodologies. However, it is important to note that using the Students t-test for this data may introduce errors, but because simple bootstrap significant tests showed similar results as those detailed above, the same methodology was used for all analyses in the study.


[image: ]Figure 2.15: Decadal average date of maximum temperature for Daily ADI method. Solid line is the decadal average and the dashed line is a linear regression line created from the decadal average data. 
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Figure 2.16: Same as figure 2.15, except for precipitation.





[image: ]Figure 2.17: Same as figure 2.15, except for Weekly ADI method.
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Figure 2.18: Same as figure 2.15, except for Weekly ADI method precipitation.


 


Chapter 3
 Primary Atmospheric Drivers of Pluvial Years in the United States Great Plains
(Flanagan et al. 2018a)

3.1 Introduction
	With the noted shifts in the climate over the GP seen in Chapter 2, being able to physically explain the causes behind these shifts is important, While the changes in temperature are likely linked to shifts in the global climate regime, changes in the timing of precipitation is harder to understand, yet crucial as precipitation is a critical asset for extensive agriculture across the Great Plains (GP) of the United States (Fisher et al. 2007). The GP of the United States (herein defined as the states of Texas, Oklahoma, Kansas, Nebraska, South Dakota and North Dakota) possess a unique precipitation climatology in that the climatological maxima of rainfall and temperature are asynchronous and occur at different times of the plant growing season (Chapter 2). Thus, if a precipitation deficit occurs during the time of year in which temperatures are climatologically at their maximum, the water stress on crops and the surface is dramatically increased. While irrigation can offset the impact of this water stress, conditions that bring about precipitation deficits typically cause abnormal temperature patterns and further crop damage can still occur (e.g., Wilhite 2000; Wilhelmi and Wilhite 2002; Hoerling et al. 2014; Yin et al. 2014; Livneh and Hoerling 2016). Thus, precipitation deficits and excesses are critically important for the GP. 
	The GP is also a region of high precipitation variability across multiple spatial and temporal scales (e.g., Ting and Wang 1997; Ruiz-Barradas and Nigam 2005). Droughts occur with enough frequency that numerous studies have investigated the drivers of such events within the GP region (Basara et al. 2013). A majority of these studies focused on the connections between various sea surface temperature (SST) patterns and their influence on anomalous synoptic flow patterns and consequently GP precipitation (e.g., Trenberth and Branstator 1992; Schubert et al. 2004; Seager et al. 2005; Cook et al. 2008; Seager and Hoerling 2014). Aside from SST patterns, other forcing mechanisms contributing to drought in the GP region include internal atmospheric variability (Seager et al. 2014) and land-atmosphere coupling (Mo et al. 1997; Koster et al. 2000; Schubert et al. 2004). 
Conversely, periods of enhanced precipitation (i.e., pluvials) have been less examined despite similar (or even worse) negative socioeconomic impacts of such events such as mismanagement of water resources (Cook et al. 2011; Pederson et al. 2013), increased risk of floods or increased flood intensity (Pal and Eltahir 2002; Illston et al. 2004) and increased risk of wildfire in later years through buildup of biomass during the pluvial year (Westerling et al. 2003, 2006). Yet, to gain a full understanding of precipitation variability across the GP, both pluvial and drought periods must be examined and quantified. Most investigations into pluvial periods have assumed that they are driven by conditions opposite that of drought and thus focused on the influence of global SSTs on synoptic flow patterns similar to drought events (Yang et al. 2007; Hu and Huang 2009; Schubert et al. 2009; Cook et al. 2011). Hu and Huang (2009) found that GP precipitation anomalies are modified when phase alignment occurred between the Pacific Decadal Oscillation (PDO) and El Niño-Southern Oscillation (ENSO). Conversely, Cook et al. (2011) determined that tropical Pacific SST anomalies had little explanatory power during the central and western United States 1905-1917 pluvial period and instead attributed the pluvial period to internal atmospheric variability. Moreover, Mo et al. (1997) illustrated the non-linearity in the associated precursor patterns associated with pluvial and drought events over the GP during the summertime. They found that differences in eddy activity and subsequent moisture transport over the GP was key to the pluvial event. Trenberth and Guillemot (1996) found that differences in the North Pacific jet stream, eddy activity along the Pacific-North American storm track and moisture transport into the GP were the key differences between the 1993 floods and 1988 drought over the central United States. These past studies on pluvial events have focused primarily on single events, and a more comprehensive analysis of many events spanning multiple decades remains to be done. 
An objective of this study is to use long-period (i.e., spanning the 20th and 21st centuries) climatological reanalysis datasets to examine past pluvial periods in the GP of the United States and describe qualitatively and quantitatively the primary atmospheric drivers of such events. Along with filling a gap in the climate literature, this work will also contribute to emerging studies on the changing nature of GP precipitation both in the recent past (e.g., Christian et al. 2015 Weaver et al. 2016) and under future climate change (e.g., Rosenzweig et al. 2001; Dore 2005; Wuebbles et al. 2014). 

3.2 Data and Methods
3.2.1 Datasets
	Long-term datasets are required for a comprehensive analysis of GP precipitation and relevant atmospheric variables. Precipitation data are from the Parameter-elevation Regressions on Independent Slopes Model (PRISM; Daly et al. 2000), which provides monthly precipitation from 1895 to present on a 4 km horizontal resolution. For atmospheric variables, I first consider two monthly reanalysis products: the National Oceanic and Atmospheric Administration-Cooperative Institute for Research in Environmental Research (NOAA-CIRES) 20th Century Reanalysis (20CR; Compo et al. 2011) and the European Center for Medium-Range Weather Forecasts (ECMWF) 20th Century Reanalysis (ERA-20C; Poli et al. 2016). Among these two reanalysis products, the ERA-20C dataset better reproduces the observed annual climatology of precipitation over the GP as depicted by PRISM (Figure 3.1). In addition, ERA-20C produces a larger dataset of pluvial years for each composite compared to 20CR, especially when the Northern Great Plains (NGP; i.e., North Dakota, South Dakota, and Nebraska) and Southern Great Plains (SGP; i.e., Kansas, Oklahoma, and Texas) sub-regions are considered, which provides a more robust subset of the data to calculate the composite atmospheric fields. Thus, the 2°x 2° ERA-20C reanalysis dataset is selected to produce composites of atmospheric variables for this study and provides global coverage of all relevant atmospheric variables from 1926-2010 at various spatial resolutions, as precipitation data from ERA-20C is poor before 1926 (Poli et al. 2016). Mirroring previous pluvial studies, the analysis focuses on 500 mb geopotential heights and 250 mb u and v wind components to identify specific atmospheric patterns found within pluvial years in the NGP and SGP. Anomalies of these fields are derived by removing the mean of the 1926-2010 period. The inclusion of the NCEP-NCAR version 2 reanalysis (NCEP; Kalnay et al. 1996), 20CR and the Japanese 55-year Reanalysis (JRA55; Onogi et al. 2007) serves to test the robustness of the results. All datasets are bilinearly interpolated to the same 2° x 2° grid as ERA-20C for direct comparisons of the results.
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	Figure 3.1: The annual grid point average of the (a) SGP and (b) NGP precipitation amount from PRISM (solid line), ERA-20C (long-dashed line) and 20CR (short-dashed line) datasets. The correlation between PRISM and ERA-20C in the SGP is 0.56 and 0.47 for 20CR. For the NGP, the correlation between PRISM and ERA-20C is 0.62 and for 20CR it is 0.38.



3.2.2 Definition of Pluvial Periods
	 To determine GP pluvial events, the GP was divided into two sub-regions – the NGP and the SGP. This division is completed because of distinct differences in precipitation variability between the SGP and NGP (Figure 3.2; e.g., Christian et al. 2015; Weaver et al. 2016). Variability in the SGP is larger than that seen in the NGP, with a positive precipitation trend visible in ERA-20C more so than with PRISM (Fig. 3.2). For the NGP, both datasets have comparable trends and variance. Moreover, precipitation amounts are significantly higher for the SGP than the NGP, meaning that studying pluvial events for the entire GP would be unduly biased by SGP variability and totals. Therefore, pluvial events and their drivers in these two specific regions were examined separately. 
	[image: ]

	Figure 3.2: 10 year running mean standard deviation for the PRISM and ERA-20C datasets. The solid (PRISM) and long dashed (ERA20C) lines represent the SGP and the short dashed (PRISM) and long/short dashed line (ERA-20C) represent the NGP. Units are in precipitation (mm month-1) standard deviation. 



Next, a pluvial year for each sub-region is identified if the calendar-year total precipitation is 10% greater than the climatological annual total precipitation in that sub-region, i.e.,
				          	        (Eqn. 3.1)
where Px is the total annual precipitation amount of the given year and Py is the average annual total precipitation from all (1926-2010) years. This definition is applied to all precipitation datasets, and a list of all identified pluvial years is found in Appendix 1, only years meeting the criterion in both PRISM and reanalysis products are used for composites analysis (Table 3.1). Sensitivity tests to other thresholds (e.g., 15%) yielded qualitatively similar results to those presented in this study (not shown).

	Table 3.1 List of years for each composite category that were defined as pluvial within the study for the ERA-20C dataset.

		
	SGP
	NGP

	Total
	1926, 1941, 1957, 1968, 1974, 1979, 1987, 1990, 1991, 1992, 1997, 2002, 2004, 2007, 2009

	1941, 1951, 1962, 1965, 1977, 1982, 1986, 1993, 1995, 1998, 2005, 2007, 2008, 2009, 2010

	Pattern
	1926, 1941, 1987, 1991, 1992, 1997, 2002, 2004

	1951, 1982, 1998, 2008, 2010

	Break
	1926, 1941, 1957, 1959, 1961, 1968, 1974, 1979, 1992, 1997, 2004, 2007
	1941, 1951, 1962, 1965, 1971, 1977, 1982, 1986, 1993, 1995, 1998, 2005, 2007, 2008, 2010




	Daily ERA-20C precipitation totals (i.e., accumulations from initialization 0600 UTC until 0000 UTC) and atmospheric fields (i.e., geopotential height, zonal (u) and meridional (v) winds, and specific humidity (q)) taken at 0000 UTC were analyzed to determine the drivers of significant precipitation events during pluvial years. The 0000 UTC atmospheric fields are used rather than a daily-mean for comparison with actual soundings (not shown). Due to the non-normality of daily precipitation values, the 95th percentile of all precipitation events during pluvial years was used for defining a daily heavy precipitation event in each region. This methodology identified 275 events for the SGP and 274 events for the NGP. 

3.2.3 Statistical Methods
To facilitate the statistical analysis of the identified pluvial years for each region, composites were created using three primary atmospheric variables from ERA-20C: the 500 mb eddy geopotential height (EGH; i.e., removal of the zonal mean from the geopotential height field), u, and v. The EGH anomaly field represents the transient zonal inhomogeneities which distinguishes wave features from the zonal-mean flow pattern (e.g., Randall 2014). Thus, EGH is a tool used to discern, separate, and analyze synoptic patterns that are responsible for weather events. 
Several types of composites were explored. First, Total composites were defined as those composites resulting from using all pluvial years. However, such composite maps inherently hold a couple of limitations and caveats. The composites may be unduly influenced by a small subset of extreme events within the total population and, owing to the impacts of climate change, both the mean and variance of GP precipitation have changed over the 20th century (e.g., Fig. 3.1) introducing non-stationarity concerns into the data record. To address these issues, two additional composites were employed in this study:
· Pattern Composites: These composites were created by selecting specific pluvial years that have spatial atmospheric patterns that closely match the spatial pattern in the Total composite (i.e., the “pattern” matches). To choose these specific pluvial years, an index of the EGH anomaly field  was computed by projecting the EGH anomaly field for each year onto that obtained from the Total composite analysis. This index was computed for the two sub-regions in the study (10-50°N, 230-270°W for the SGP; 30-50°N, 230-270°W for the NGP). The EGH anomaly field was specifically chosen rather than the precipitation field itself because of the focus on atmospheric drivers responsible for pluvial years, not the specific precipitation spatial pattern. Years when the EGH anomaly index exceeded 0.5 were designated Pattern years and subsequently used for the Pattern composites. Using this methodology, 8 (5) pluvial years were used for the Pattern composites in the SGP (NGP) region. Additionally, 19 (17) non-pluvial years also featured EGH anomaly years that matched the atmospheric forcing patterns in the SGP (NGP). As such, the Pattern compositing method highlights those years that influence strongly the Total composite results along with identifying other years that deviate from the Total composites.

· Break Composites: To examine the influence of nonstationarity on my results, the annual precipitation record was split into two distinct periods. The break point was objectively found by identifying the longest period (in years) where the standard deviations between the two were statistically significantly different (p < 0.05). Then, new means were computed for each of the two periods. These means form the basis for defining pluvial years in each Break period from (1). The Break pluvial years then form the basis for the Break composites of the atmospheric fields.

Figure 3.3 provides a flow diagram detailing the construction of these composite fields. Figure 3.3: Description of the workflow used to create each composite type. EGHa stands for Eddy Geopotential Height anomalies and Atmo. is used in place of atmospheric.

	Composites for the heavy precipitation event analysis were created by averaging the 0000 UTC atmospheric fields over all days within pluvial years in which the daily precipitation amount crossed the 95th percentile. For the heavy precipitation event analyses, moisture fluxes (i.e., u’ q’ and v’ q’, where the prime notation indicates deviations from the time mean) were analyzed. This additional metric was included to identify both source regions of moisture for the heavy precipitation events and the actual transport path. Furthermore, the moisture fluxes complement the EGH anomaly spatial patterns by explicitly showing how the synoptic-scale waves depicted in the EGH anomaly fields contribute to the heavy precipitation events.
Significance testing of all composites was completed by taking 1000 random samples of the composited field (by grid point), with the same number of years as the composite and deriving 1000 resultant composites. The resulting 1000 bootstrapped composites were then used to define the two-tailed significance 90% threshold (e.g., Grotjahn and Faure, 2008; Klingaman et al. 2008; Guo et al. 2017; Seo et al. 2017; Bukovsky et al. 2017) used to determine if the composite-mean value of the field at a specific grid point (chosen for pluvial analysis) is significantly different from choosing values at random. Because of the relatively small sample size of pluvial years, particularly for the Pattern composites, the 90% significance threshold was used for all significance testing. 

3.3 Results
3.3.1 Southern Great Plains Pluvial Analysis
	The initial step in understanding the primary drivers of GP pluvial years was understanding the synoptic- and larger-scale pattern that drives the excess precipitation. Here, “synoptic” refers to the spatial scale of the atmospheric fields and patterns studied – that is, structures and phenomena that are at least 1000 km in scale (i.e., the size of extratropical cyclones). The Total SGP EGH anomaly composites (Fig. 3.4a) depict a Rossby wave pattern over North America, with negative anomalies centered over the southwestern portion of the United States and south of Greenland with an area of positive anomalies over the northeastern United States. To better diagnose these patterns, years in which the 500 mb EGH anomaly field matched the Total composite anomaly height field across the SW portion of North America are also investigated. The Pattern composite (Fig. 3.4c) depicts a stronger negative anomaly signal occurs in the SW extending further to the northwest over the North Pacific Ocean. To further diagnose the differences in the wave structure for the Pattern years, the v (Fig. 3.5) and u (Fig.  3.6) anomaly fields were investigated. The 250 mb v wind component anomaly Pattern composite (Fig. 5a) exhibits a series of statistically-significant (denoted by stippling in Fig. 3.5) couplets across Asia and North America, representing synoptic-scale waves, as synoptic wave patterns cause the flow to become anomalously meridional on their peripheries. The 250 mb u wind component anomaly Pattern composites (Fig. 3.6a) depict a southward displacement of the North Pacific jet during those years, with the center of the positive anomalies starting over eastern central Asia and stretching across the Pacific and negative anomalies to the north. This southward displacement of the jet facilitates more wave activity further southward than climatologically normal, increasing the chances for heavy rainfall over the southern United States (Figs. 3.4a and 3.4c).
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	Figure 3.4: The (a), (b) Total (all Total pluvial years) and (c), (d) Pattern (Pattern pluvial years) composites for the (a), (c) SGP and (b), (d) NGP. Contours are plotted from 16 to -16 meters in intervals of 4 meters without the 0 meter contour. Statistically significant values at the 90% level are stippled. Negative contours are dashed and solid contours represent positive values. The boxed regions in (a) and (b) represent the areas used to create the eddy geopotential height anomaly index noted in Fig. 3.3.



3.3.2 Northern Great Plains Pluvial Analysis
	Similar to the SGP analysis, the NGP investigation into the primary atmospheric patterns for NGP pluvial years with analysis of the EGH anomalies was completed.  The Total annual NGP EGH anomaly composite (Fig. 3.4b) shows an area of negative height anomalies over the northwestern United States. The NGP Pattern composites of EGH (Fig. 3.4d) show larger negative anomalies over the northwestern United States with an enlarged area of negative EGH anomalies extending northwestward towards the Aleutian Islands. Though not statistically significant, the negative EGH anomalies in the North Pacific suggest that storm systems originating from the North Pacific near the Aleutian Low produce the negative height anomalies in the northwestern United States. Analyses of NGP anomalous wind components (Figs. 3.5b and 3.6b) depict a much different pattern than that seen in the SGP composites. Statistically-significant 250 mb v wind component anomalies are located further northward and are less coherent in terms of a wave structure or pattern in the Pattern composites compared to the SGP Pattern composites (compare Fig. 3.5b with Fig. 3.5a). Moreover, the 250 mb u anomalies exhibit positive anomalies over the central western coast of the United States extending up over the Aleutian Islands, representing with an extension of the North Pacific jet stream over the United States and thus facilitating more storm systems to traverse the NGP along this extended storm track (e.g., Griffin and Martin 2017).
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	Figure 3.5: 250 mb v wind component anomalies for (a) SGP and (b) NGP Pattern years. Contours are plotted from 2 to -2 m s-1 in intervals of 0.5 m s-1. Statistically significant values at the 90% level are stippled. Negative contours are dashed while positive contours are solid. 
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	Figure 3.6: 250 mb u wind component anomalies for (a) SGP and (b) NGP Pattern years. Contours are plotted from 2 to -2 m s-1 in intervals of 0.5 m s-1. Statistically significant values at the 90% level are stippled. Negative contours are dashed while positive contours are solid.





3.3.3 Robustness of the Pattern Composite Results
	Because each reanalysis used a different dynamical core, parameterization configuration, vertical and horizontal resolution, etc., testing the results in other reanalysis datasets was utilized to test the robustness of the conclusions. For brevity, the Pattern composites from ERA-20C was compared with those from several other reanalysis datasets. For the SGP region (Figure 3.7), the Pattern composites for each different reanalysis dataset depict a center of negative height anomalies over the southwestern United States. Despite small differences in the details of the negative anomalies, the different reanalyses largely agree on the general EGH anomaly pattern shown for ERA-20C (i.e., Fig. 3.4). This is generally true for the NGP as well (not shown), except for the JRA55 dataset. For JRA-55, not a single year emerged for analysis in the Pattern composite. This lack of samples arises because of the scarcity of pluvial years identified within the JRA55 dataset for the NGP in particular. Curiously, the JRA55 reanalysis capably supplied years for the Pattern composites for the SGP, suggesting that this reanalysis may not depict salient features of NGP precipitation variability. Despite this one discrepancy, the results remain robust and statistically significant independent of the reanalysis product chosen.
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	Figure 3.7: Eddy Geopotential Height Anomaly SGP Pattern composites for (a) ERA-20C, (b) 20CR, (c) NCEP-NCAR and (d) JRA55. Contours are plotted from 16 to -16 meters in intervals of 4 meters and statistically significant values at 90% are stippled. Negative contours are dashed and solid contours represent positive values. All datasets were analyzed on a 2° x 2° grid.





3.3.4 Heavy Precipitation Event Analysis
	To determine the drivers of heavy precipitation during pluvial years, composites of daily heavy precipitation events during pluvial years are examined. The EGH anomalies for the SGP (Fig. 3.8a) and NGP (Fig. 3.8b) show a significant height dipole across the United States with negative (positive) height anomalies in the west (east). Differences between the two subregions emerge in terms of location and strength of the negative dipole. In particular, the SGP composite indicates weaker negative anomalies centered over SE New Mexico versus a strong negative node over NW Colorado in the NGP composite (Fig. 3.8). More importantly, the EGH anomaly patterns also elude to differences in moisture fluxes (u’q’, v’q’) between these two regions (Fig. 3.9). The magnitude differences in these fluxes is particularly important for NGP heavy precipitation events due to the distance between the primary moisture source (e.g., Gulf of Mexico) and the northern extent of the GP. To show this, analysis of the 925 mb net moisture flux averaged over the GP (24-50°N, 254-276°W) during each region’s heavy precipitation events was calculated and compared. Moisture flux anomaly values for the NGP (963.3 m s-1 g kg-1) were 14% higher compared to the SGP (840.7 m s-1 g kg-1) net flux anomalies during the pluvial year heavy precipitation events and 15% higher than the climatological value of the moisture flux anomalies over the GP (831.2 m s-1 g kg-1). However, the moisture flux anomalies are still largely positive during SGP heavy precipitation events showing that enhanced moisture fluxes play a role in heavy precipitation events across the entire GP. 
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	Figure 3.8: Composite 500 mb eddy geopotential height anomalies for daily heavy rain events for the (a) SGP and (b) NGP. Units are in meters, contours from -80 to 80 with intervals of 10 and values that are statistically significant at the 90% level are stippled.  Negative contours are dashed and solid contours represent positive values.
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	Figure 3.9: Composite 925mb moisture flux (u’q’, v’q’) anomaly vectors for daily heavy rain events for the (a) SGP and (b) NGP. Units are in m s-1 g kg-1, the standard vector length was used for a vector magnitude of 10 m s-1 g kg-1 and vectors that are statistically significant at the 90% level are plotted. 





3.3.5 Break Composites
Finally, the role that nonstationarity in precipitation statistics may be playing in the pluvial year composites was investigated. As described in Section 3.2, the standard deviation of SGP and NGP precipitation was analyzed separately to determine if different regimes of variability exist within the long data region. A statistically-significant difference in standard deviations in both regions appears in 1980, and so 1980 is considered a “break point” or regime shift point for the pluvial analyses. The subsequent results of the Break composites (Fig. 3.10) reveal highly similar EGH anomaly patterns observed for the Total composites (Figs. 3.4a and 3.4b) for the SGP and the NGP. While small differences in the location and size of the important anomaly centers are apparent, differences are statistically insignificant via Monte Carlo simulations. Additionally, analysis of 250 mb u and v anomalies for the Break composites (not shown) are also similar to those in the Total composites. These similarities are somewhat expected - there are overlapping years included within the Total and Break composites (Table 3.1). More specifically, two years (1961 and 1974) are added to the SGP Break composite compared to the Total composite years used but five years (1987, 1990, 1991, 2002 and 2009) are removed, Likewise, one year (2009) is removed and one (1971) added to the NGP Break composite sample versus the NGP Total composite sample. Taken together, non-stationarity in the GP precipitation time series has minimal impact on the results of this analysis. 
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	Figure 3.10: Break (all Break pluvial years) composites for 500 mb eddy geopotential height anomalies for the (a) SGP and (b) NGP. Units are in meters, contours are from -20 to 20 with intervals of 4 and values that are statistically significant at the 90% are stippled. Negative contours are dashed and solid contours represent positive values.





3.4 Discussion
	The results highlight the primary atmospheric drivers responsible high rainfall years over the NGP and SGP separately. However, several other key conclusions arise when considering all composites collectively. Starting in the SGP, u anomalies associated with pluvial years (Fig. 3.6a) suggest that the Pacific waveguide is displaced equatorward more frequently than during non-pluvial years. This waveguide is an important feature of the atmosphere over the Pacific and North America region as it facilitates the passage of eastward-traveling synoptic waves towards North America (Branstator and Teng 2017; see also Figs. 3.4a and 3.4c). The southward shift of the storm track would also allow for enhanced moisture transport into the SGP as the storms can more readily tap into moisture-rich sources in the lower mid-latitudes of the Pacific. This anomalous southward shift of the Pacific waveguide is further supported by the uniformity of the v anomalies and strongly negative EGH anomalies seen in the daily heavy precipitation event analysis (Fig. 3.8a). Thus, enhanced synoptic activity over the SW United States is a hallmark trait for pluvial periods in the SGP. Furthermore, the SW United States is also a climatological hotspot for cutoff lows – i.e., persistent areas of low pressure / geopotential heights displaced from the main jet stream and thus “stuck” or “cutoff” from the large-scale zonal flow pattern – especially during the warm season (April – September). These systems typically induce instability and therefore precipitation and even severe convective events (Nieto et al. 2005). The “closed contour” nature of the negative height anomalies over the SW United States seen in the Total and Pattern composites (Figs. 3.4a and 3.4c) are suggestive of these cutoff low features. 
	While the frequency of synoptic waves and precipitation events appears important for SGP pluvial years, the intensity of the synoptic waves are the important factor for NGP pluvial years. Evidence for this conclusion includes larger negative height anomalies EGH anomalies in the NGP Total and Pattern composites (Figs. 3.4b and 3.4d) and the daily heavy precipitation analysis composites (Fig. 3.8b) compared to the counterpart SGP composites (Figs. 3.4a, 3.4c, and 3.8a) Moreover, the magnitude of the NGP moisture flux anomalies during heavy precipitation events correlate with stronger extraropical cyclone activity, as deeper and more intense storms have stronger cyclonic flow that can transport more moisture further inland. Indeed, because the NGP is located much further away from the key source of moisture for heavy precipitation events than areas of the SGP, these stronger fluxes are necessary. Without these deep troughs over the north central United States, moisture transport would be insufficient to provide the necessary precipitable water necessary for such heavy rainfall events. Additionally, the EGH anomalies analyzed for NGP pluvial years (Figs. 3.4b and 3.4d) influence the atmospheric pattern in other ways, including acting as an eastward extension of the Pacific jet stream. As the jet stream is the main waveguide or pathway for synoptic storms to travel, a jet extension toward North America favors more propagation of synoptic waves over central North America, resulting in the EGH anomalies in the Total and Pattern composites. Feedbacks between the waves and the large-scale flow are also important to consider for jet extension regimes. For example, while an extended jet allows for more synoptic wave activity, that enhanced wave activity both extracts and returns kinetic energy to the large-scale mean flow. Therefore, the more intense extratropical cyclones could reinforce the extended jet regime and thus contribute positively to the extreme rainfall events in the NGP. This feedback aspect is beyond the scope of this work but is interesting to consider. 
	Lastly, the analysis focused on extratropical midlatitude variability and its impact on heavy rainfall in the GP on an annual basis. However, other remote forcings from global SSTs (e.g., Hu and Huang 2009; Cook et al. 2011) and anomalous tropical convection in the West Pacific Warm Pool (e.g., Barsugli and Sardeshmukh 2002) are also contributors to pluvial rainfall patterns in the GP. The Pacific jet stream, identified in this study as an important conduit for the extratropical cyclones impacting the GP rainfall, can also be modulated (in strength and position) from the Madden-Julian Oscillation (MJO; e.g., Moore et al. 2010). Moreover, these remote impacts are also seasonally-dependent, and thus the seasonality of GP pluvial events remains an open question for future work. 


Chapter 4
Role of Pacific Sea Surface Temperatures in United States Great Plains Pluvial Years
(Flanagan et al. 2018b)

4.1 Introduction
	With the results seen in Chapter 3 into the atmospheric anomalies associated with GP Pattern pluvial years, further analysis of these pluvial years will aid in discriminating these pluvial years from non-Pattern pluvial years. As the primary source of global climate variability, the role of sea surface temperatures (SSTs) in weather and climate has been well studied and documented. From the most dominant mode of SST variability, the El Niño-Southern Oscillation (ENSO; e.g., Rasmusson and Carpenter 1982; Hoerling et al. 1997; Trenberth 1997; Harrison and Larkin 1998; Larkin and Harrison 2005a,b; Chiodi and Harrison 2013; Chen et al. 2014; L’Heureux et al. 2015; Yu et al. 2015; Guo et al. 2017) to the regional influences of western boundary currents (e.g., Nakamura et al. 2004; Wallace and Hobbs 2006; Kwon et al. 2010), a focus has been placed on explaining climate signals through modes of SST variability. This is especially true for North American climate, owing to the proximity to both the Pacific and Atlantic Oceans (e.g., Sanders 1986; Kuo et al. 1991; Reed et al. 1993, Findell and Delworth 2010). Primarily, efforts have utilized global to regional model simulations to categorize these teleconnections (e.g., Bates et al. 2001; Barsugli and Sardeshmukh 2002; Chen 2002; Ruiz-Barradas and Nigam 2005; Schubert et al. 2009; Wang et al. 2010) along with observational studies (e.g., Deser and Wallace 1990; Hu and Feng 2001; Lau and Weng 2002; Lau et al. 2004; Ding and Wang 2005; Frankignoul and Sennéchael 2007; Hu and Huang 2009; Ding et al. 2011; Ciancarelli et al. 2013; Seager and Hoerling 2014; Guo et al. 2017) that utilize advanced statistical methodologies to link modes of SST variability to North American climate. 
However, most studies have primarily focused on the impacts of SST variability on North American precipitation deficits (e.g., Schubert et al. 2009; Findell and Delworth 2010; Hunt 2011; Wang et al. 2010; Seager and Hoerling 2014; Schubert et al. 2016). Further, many of the studies that have investigated the influences of SST on precipitation excesses (e.g., Ting and Wang 1997; Yang et al. 2007; Hu and Huang 2009; Findell and Delworth 2010; Hunt 2011; Cook et al. 2011) concluded that processes driving North American precipitation excesses are mirror images of the processes that drive precipitation deficits – i.e., they are mostly linear in their dynamics. 
Hu and Huang (2009) investigated the links between different phases of ENSO and the Pacific Decadal Oscillation (PDO) and wet and dry periods over the GP. They found that (1) when ENSO and PDO are in their warm (positive) phase there is a higher occurrence of excessive precipitation over the GP and (2) when both are in their cold (negative) phase, the occurrence of precipitation deficits is higher over the region. They further found that the link between precipitation and the ENSO-PDO relationship is strongest during spring and weakest during the fall. Yang et al. (2007) used wavelet and cross-covariance function analysis to show that warm SSTs in the tropical Pacific (during the boreal spring and summer) weaken the easterly trade winds which can lead to strengthened southerly winds and thus moisture transport from Central America and the Gulf of Mexico to the GP. That moisture transport from the Gulf of California also aids in the occurrence of higher precipitation totals. Lastly, Guo et al. (2017) applied self-organizing maps to investigate different patterns of Pacific SST variability and their associated impacts on North American climate. They found that the precipitation response over North American during both canonical (i.e., maximum positive SST anomalies in the eastern tropical Pacific) and central Pacific (i.e., maximum positive SST anomalies in the central tropical Pacific) El Niño events is a north to south dipole, with precipitation during the central Pacific El Niño events showing smaller areal coverage of wet anomalies over the southern United States compared to the canonical El Niño events. While these studies have primarily investigated the links between SST variability and total GP precipitation, few studies have investigated the connections between SST anomaly signals and longer periods of excessive precipitation over the GP. 
While previous research linking SST and central United States precipitation variability has focused on the occurrence of concurrent or time lagged SST anomalies on precipitation patterns, few have focused specifically on the synoptic scale drivers of these precipitation anomalies. Chapter 3 documented distinct atmospheric patterns linked to above-normal precipitation over the GP region (Figs. 4.1a,b). Synoptic wave frequency over the southwestern United States showed signs of being crucial to SGP above average precipitation (i.e., pluvial) years while northwestern United States synoptic wave intensity and its subsequent impact on atmospheric flow patterns were crucial to the occurrence of NGP pluvial years. While the distinct atmospheric signals during Pattern pluvial years (years that were found to be strongly linked to an atmospheric anomaly pattern) were diagnosed in Chapter 3 they did not determine the sources of the atmospheric anomalies. Further, it was noted in Chapter 3 that a subset of the pluvial years in the NGP and SGP did not occur concurrently with a distinct atmospheric anomaly signal. Thus, while the atmospheric response to tropical Pacific SST anomalies (i.e., an induced Rossby wave train over the Pacific Ocean Basin and North America) and resultant latent heat release is well known (Hoskins and Karoly 1981), the connections between SSTs, the associated atmospheric signal, and GP excessive precipitation has not been investigated. 
While previous studies have investigated the link between SSTs and GP precipitation, a gap between these SST anomaly signals and the synoptic drivers of excessive precipitation over the GP remains.  Hence, the purpose of this study is to bridge the gap between the current understanding of the influence of SST anomalies on GP precipitation and the primary atmospheric drivers associated with GP pluvial years. To achieve this, this study will (1) build on the findings of Chapter 3 and link the identified atmospheric patterns identified in that study with larger scale modes of climate variability, namely SSTs and (2) establish the fundamental pathways for these interactions which can be used to improve the prediction of when these atmospheric patterns will produce a pluvial year in the GP. 
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	Figure 4.1: ERA-20C 500 mb Eddy Geopotential Height (EGH) anomalies for (a) from Chapter 3 for SGP Pattern pluvial years, (b) from Chapter 3 for NGP Pattern pluvial years, (c) SGP above average synoptic wave event years, (d) NGP above average synoptic event years, (e) SGP above average intensity synoptic wave years, (f) NGP above average intensity synoptic wave years. Contours are from -16 to 16 by 4 m, with stippling represented grid-points that are statistically significant at the 90% level. Black boxes on figures c,d,e,f represent the areas used to identify synoptic waves for the event classification scheme for the (c,e) SGP and (d,f) NGP.





4.2 Data and Methods
4.2.1 Datasets
	Pluvial years are defined using the same methodology as in Chapter 3, with a year being identified as a pluvial if the annual precipitation amount over either the Southern Great Plains (SGP; Texas, Oklahoma, Kansas) or Northern Great Plains (NGP; Nebraska, South Dakota and North Dakota) is 10% above the annual climatological (1926-2010) mean. The pluvial years identified in the European Centre for Medium-Range Weather Forecasts (ECMWF) 20th Century Reanalysis (ERA-20C; Poli et al. 2016) dataset are compared to pluvial years identified in Parameter-elevation Regressions on Independent Slopes Model (PRISM; Daly et al. 2000) observations and only years which are common to both lists are utilized as pluvial years in this study. 
To facilitate the diagnosis of GP pluvial years, monthly-mean fields from the ERA-20C monthly and daily datasets are chosen to represent atmospheric fields. This reanalysis product assimilates surface-based observations from 1900 to 2010 using a 4D-Var assimilation system to reanalyze historical weather signals and provide spatially continuous atmospheric and surface fields across the globe at a native resolution of 125 km. For this study, a 2° x 2° grid is used to maintain analysis consistency with Chapter 3 ERA-20C data also uses the Hadley Centre Sea Ice and Sea Surface Temperature version 2 (HadISSTv2; Rayner et al. 2003) dataset to initialize the ocean model used for the reanalysis product. Analyses done in this study are replicated with both ERA-20C and HadISSTv2 SST fields to test for robustness, and results are nearly identical. Fields from 1926-2010 are annually averaged, consistent with Chapter 3.

4.2.2 Calculating the Eddy Geopotential Height Index
	Identification and descriptions of the primary atmospheric patterns associated with SGP and NGP pluvial years follow from Chapter 3. These patterns are key in describing the pluvial years that are primarily driven by synoptic signals. Through use of Total pluvial years, defined in Chapter 3, an index was created by projecting the EGH anomaly field for each year onto the Total EGH anomaly composite map for two different regions. Thus, this index represents when the NGP and SGP pluvial patterns identified in Chapter 3 are more active (higher value of the index) or quiescent (lower values of the index). Pattern pluvial years are defined as pluvial years which depict an EGH anomaly field which is similar to that of the Total EGH anomaly composite. As such, Pattern pluvial years were found by setting a threshold for the EGH index and identifying any pluvial year which crossed this threshold, thus gathering all years which display a stronger anomalous atmospheric forcing for a pluvial over either the NGP or SGP. For more details into the calculation and use of this index refer to Chapter 3

4.2.3 Synoptic Wave Event Classification Scheme
With the evidence found in Chapter 3 relating to the occurrence of GP Pattern pluvial years and synoptic wave features, a method was developed to identify synoptic waves and water vapor transport in the ERA-20C dataset. As synoptic wave features are distinguished by their curvature and influence on the flow pattern, relative vorticity and the geopotential height anomalies are chosen to identify synoptic wave events over two different regions, one for the SGP (20°-40°N, 130°-100°W; southwestern United States) and one for the NGP (40°-60°N, 130°-100°W; northwestern United States). The different regions are associated with the anomalous synoptic signals crucial to the occurrence of Pattern pluvial years found in Chapter 3 (i.e. southwestern United States for SGP and the northwestern United States for the NGP). 
To identify synoptic waves, thresholds were set to classify events from the 0000 UTC daily ERA-20C fields. After utilizing a high-pass 10-day filter to isolate the synoptic timescale features at each grid-point, the data was detrended, the annual cycles removed and the data standardized. To identify synoptic waves, the average geopotential height anomaly within the region was required to be at least -0.5σ or below, with at least one grid-point with a relative vorticity value of at least 1.5σ and at least one grid-point with a geopotential height value of at least -1.5σ. As the values were filtered and standardized, the +/-1.5σ values represent strong deviations from the typical flow pattern and given the sign of relative vorticity and geopotential height anomalies the events identified using these thresholds are Northern Hemisphere troughs. To investigate the intensity of the synoptic waves, the lowest grid-point standardized geopotential height anomaly value for each identified wave was found.  Through an analysis of the synoptic wave events by varying the height and relative vorticity thresholds, the final thresholds for each variable were calibrated to remove the identification of ridge events from the scheme.

4.2.4 Composite and Regression Analysis 
	For this study, two different statistical methods were implemented: (1) the composite analysis of surface and atmospheric fields and (2) linear regression analysis using the EGH anomaly index. Composites were created for SSTs, 250 mb streamfunction and 500 mb EGH anomalies for Pattern pluvial years (Table 4.1). SSTs were investigated owing to their strong connection to global climate variability, while the streamfunction variable was chosen to illustrate the effect of SSTs on the stationary wave signal during pluvial years (AMS 2012). Seasonal composites (i.e., December, January, February (DJF), March, April, May (MAM), June, July, August (JJA) and September, October, November (SON)) of SST and streamfunction were also analyzed to detail the seasonal persistence of the SST and atmospheric signals found during Pattern pluvial years. Further, composites were created for years with above average number of synoptic wave events and those with more intense synoptic waves. These were created to compare the atmospheric and surface fields during these years to the composites created from the list of Pattern pluvial years. In this way, these above average event composites were able to further show the connections between synoptic wave frequency and intensity and GP Pattern pluvial years that was stated in Chapter 3.
	Table 4.1. List of years averaged over to derive each composite plot. Pattern years are found using the methodology defined within the Chapter 3. Also included is the list of all pluvial years from the ERA-20C dataset found in Chapter 3

		
	SGP
	NGP

	All Pluvial Years

	1926, 1941, 1957, 1968, 1974, 1979, 1987, 1990, 1991, 1992, 1997, 2002, 2004, 2007, 2009

	1941, 1951, 1962, 1965, 1977, 1982, 1986, 1993, 1995, 1998, 2005, 2007, 2008, 2009, 2010

	Pattern
	1926, 1941, 1987, 1991, 1992, 1997, 2002, 2004

	1951, 1982, 1998, 2008, 2010

	Event
Composites (Intensity)

	
1941, 1957, 1974, 1991, 2009

	
1941, 1965, 1986, 1995, 1998, 2005

	Event
Composites (Synoptic Waves)
	
1926, 1957, 1968, 1979, 1987, 1992, 1997, 2002, 2004, 2007
	
1951, 1962, 1977, 1986, 2007, 2008, 2010



	Linear regression analysis was used to diagnose the contemporaneous correlation between the EGH anomaly index and relevant surface (SST) and atmospheric (250 mb wind components and 250 mb streamfunction) fields. The EGH index and all ERA-20C fields were standardized and detrended prior to linear regression. Significance testing for statistical relationships was completed using a 1000 iteration bootstrap test (by grid-point) and using a 90% two-tailed threshold. 

4.3 Diagnosis of Synoptic Waves during Great Plains Pattern Pluvial Years
4.3.1 Synoptic Wave Event Statistics
	Owing to the importance of synoptic waves with regard to the occurrence of Pattern pluvial years Chapter 3, the frequency and intensity of synoptic waves over the southwestern and northwestern United States was investigated for the SGP and NGP, respectively. For all years within the ERA-20C dataset, an average of 52 (62) synoptic wave events per year occurred over the southwestern (northwestern) United States as defined by the classification scheme. When the average number of events per year during pluvial years was compared with all years, the results were nearly identical for both regions (Table 4.2). However, when only Pattern years for both regions were considered, the results yielded increased totals with 63 (81) events on average per Pattern year for the SGP (NGP). The difference in means between all years and Pattern years was statistically significant for both regions, consistent with the findings in Chapter 3.


	Table 2. Average number of synoptic wave events (troughs) per year and intensity of those waves. Rounding was completed to represent events rather than the decimal average; the actual average is in parenthesis below the rounded number.


	
Synoptic Wave Events
	
	
SGP



	
NGP

	
	All
	52
(51.7)

	62
(61.5)

	
	Pluvial
	52
(52)

	60
(60.4)

	
	Pattern 
	63*
(62.5)
	81*
(81.2)

	Synoptic Wave
Intensity
	

	
	

	
	All
	-3.3σ
(-3.32σ)

	-2.7σ
(-2.65σ)

	
	Pluvial
	-3.4σ*
(-3.42σ)

	-2.7σ
(-2.68σ)

	
	Pattern
	3.5σ*
(-3.46σ)
	-2.7σ
(-2.72σ)

	* Statistically significantly different from the annual mean using a 90% one-tailed bootstrap significance test.



 	When the intensity of synoptic waves during pluvial years was considered, the results were different to the frequency of these waves. Overall, the average of the minimum value in the SGP (NGP) was approximately -3.3σ (-2.7σ) (Table 4.2). For all pluvial years, this average did not significantly change for the NGP or the SGP. For Pattern pluvial years, the mean intensity for all waves for the SGP increased to approximately -3.5σ and for the NGP no change was seen between all pluvial years and Pattern pluvial years. However, only the results for the SGP were statistically significant. These statistics represent a first step in determining if key results pertaining to synoptic waves for SGP and NGP Pattern pluvial years were valid. Results show that the frequency and intensity of these waves are important to the occurrence of SGP Pattern pluvial years, while for NGP Pattern pluvial years the results are less conclusive, with the statistics showing little changes and no statistical significance. Thus, it was not possible to conclude if the statement about synoptic wave intensity during NGP Pattern pluvial years over the northwestern United States was crucial to a NGP Pattern pluvial year. 

4.3.2 Event Classification Composites 
While the statistics of the synoptic wave and intensity provide information about the dynamic atmospheric contributors to pluvial years, it does not wholly answer the question into the importance of either. Investigating the relationships between various surface and atmospheric variables during years with above average synoptic waves or synoptic wave intensity are critical to determining the importance these features on Pattern pluvial years. While the statistical relationship may not show a strong linkage between Pattern pluvial years and these synoptic wave features, investigating the atmospheric anomaly signals during years with above average synoptic waves or wave intensity could reveal further information about the importance of these features on Pattern pluvial years. First, composites of EGH were compared to the results of Chapter 3 to show the relative importance of either above average intensity or synoptic wave events on the occurrence of a Pattern pluvial year. For above average synoptic wave years, the negative EGH anomaly signals (Fig. 4.1c) were similar to that of the Pattern composites from Chapter 3 (Fig. 4.1a). An area of negative EGH anomalies exists over the southwestern United States with a larger magnitude negative anomaly over the North Pacific Ocean. This shows the relative importance of more frequent synoptic waves, as years identified through this methodology show nearly the same anomaly signal as the EGH Pattern composites from Chapter 3 (Fig. 4.1a). The SGP EGH anomaly composite during above average synoptic wave intensity years (Fig. 4.1e) shows a statistically insignificant negative EGH signal over the southwestern United States and eastern Pacific Ocean, and no statistically significant signals over the northern Pacific. Thus, for SGP Pattern pluvial years, more frequent synoptic waves over the southwestern United States appear to be crucial for the occurrence of a Pattern pluvial year. 
 For above average synoptic wave years, a significant SST anomaly (Fig. 4.2a) signal exists across the central tropical Pacific. Previous studies have shown a link between enhanced southern United States precipitation and El Niño events (e.g., Ropelewski and Halpert 1986,1987,1989; Gershunov and Barnett 1998; Dai and Wigley 2000; Larkin and Harrison 2005). However, this composite SST feature of warm anomalies resembles more of a Central Pacific (CP) ENSO event (e.g., Larkin and Harrison 2005; Ashok et al. 2007; Yu and Kao 2007; Kao and Yu 2009; Kug et al. 2009; Fang and Mu 2018), with a maximum SST anomaly located in the central tropical Pacific Ocean. Thus, the atmospheric response was also different from canonical ENSO events (e.g., Barsugli and Sardeshmukh 2002). Indeed, Garfinkel et al. (2013) showed that during CP warm ENSO events, the North Pacific low is located further south compared to a typical El Niño event. As such, this southward shift in the low center would also induce a southward shift in the Pacific jet stream, thus impacting the synoptic wave signal over the southern United States. Note that the SST composites likely contain both CP and canonical (Eastern Pacific) ENSO warm events. However, because of the relative magnitude of the anomalies in the central Pacific, CP warm ENSO events likely dominate the atmospheric anomalies and synoptic wave frequency. Fig. 4.2a also presents the streamfunction composite for the SGP above average synoptic wave activity years. The composite illustrates a large area of negative anomalies across the Northern Hemisphere, with the largest negative anomalies over the North Pacific and the southwestern United States. The anomaly gradient over the central North Pacific shows that the jet stream was shifted anomalously southward, facilitating an increase in the occurrence of synoptic waves over the southern United States. (e.g., Trenberth 1998; Neelin 2011; Wang et al. 2013; Wirth et al. 2018). 
Figure 4.2c details SST and streamfunction anomalies during SGP pluvial years with above average intensity synoptic waves. The anomalies during above average intensity pluvial years are similar to the features seen in the above average synoptic wave pluvial years, yet the major streamfunction anomaly regions were shifted to the west and not as significant as in the above average synoptic wave pluvial composite. Further, the SST anomalies were weakened and not as robust as during the above average synoptic wave pluvial years. Thus, while from the statistical analysis the intensity and frequency are important for SGP Pattern pluvial years, the frequency of synoptic waves over the southwestern United States appears to be more important for SGP Pattern pluvial years owing to the strong similarities between the above average synoptic wave composites and the results seen in Chapter 3. 
	For the NGP, pluvial years with an above average number of synoptic waves (Fig. 4.1d) show a similar signal as that seen in Chapter 3 for NGP Pattern pluvial years (Fig. 4.1b). A large area of negative EGH anomalies was located further to the north compared to EGH anomalies during NGP Pattern pluvial years, over northwestern North America. As for SST and streamfunction, no distinct signal in either field was seen during years with an above average number of synoptic waves (Fig. 4.2b). Results from the pluvial years with above average intensity synoptic waves are no more conclusive. EGH anomalies during above average intensity years (Fig. 4.1f), shows little similarity to the EGH composite during Pattern pluvial years (Fig. 4.1b), with the area of negative EGH anomalies shifted far to the west with positive EGH anomalies to the east. SST anomalies (Fig. 4.2d) during these years show a large area of positive SST anomalies across the tropical Pacific resembling an ENSO event, with stream anomalies across the Pacific Ocean basin resembling that of the SGP above average synoptic wave streamfunction composite (Fig. 4.2a). Positive streamfunction anomalies were seen just north of the tropical Pacific with negative anomalies over the north Pacific. These atmospheric anomalies are counter to that seen in Chapter 3 during NGP Pattern pluvial years, as this signal depicts the major height anomalies further to the west of the region noted in Chapter 3 (Fig. 4.1b). This analysis indicates that neither frequency of synoptic waves nor their intensity is related to the occurrence of NGP Pattern pluvial years. Thus, the results within this portion of the study show that the argument made in Chapter 3 were not valid.
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	Figure 4.2: SST (°C); shaded contours) and 250 mb streamfunction (10-6 m2s-1) anomalies for (a) SGP above average synoptic wave pluvial years, (b) NGP above average synoptic wave pluvial years, (c) SGP above average intensity synoptic wave pluvial years and (d) NGP above average intensity synoptic wave pluvial years. Contour interval 0.1°C for SST anomalies and 1 x 10-6 m2s-1 for streamfunction anomalies. Solid (dashed) contours represent positive (negative) streamfunction anomalies; zero contour omitted. Statistical significance at the 90% level is noted by stippling for the streamfunction anomalies and dashed areas for the sea surface temperature anomalies. 





4.4 Diagnosis of Great Plains Pattern Pluvial Years
4.4.1 SST and Streamfunction Composites
	Through an investigation into the frequency and intensity of synoptic waves, results show a connection between wave frequency and key features of Pattern pluvial years, i.e., confirming that synoptic wave frequency is crucial for the occurrence of GP Pattern pluvial years, with intensity being important for the SGP. However, these results do not show the state of the ocean or atmosphere during Pattern years specifically. Thus, analysis detailing the state of the ocean surface and atmosphere is still needed to definitively show the links between Pattern pluvial years and SST signals. 
The composite of SST anomalies during SGP Pattern years show a large area of positive SST anomalies across the tropical Pacific (Fig. 4.3). Similar to the SGP above average synoptic wave event SST composite, the center of largest magnitude anomalies was located over the central tropical Pacific. When the SGP analysis was broken into seasonal composites of SST (Fig. 4.3b,c,d,e), the same general signal appears in each season; SST anomalies in DJF (Fig. 4.3b) occurred mainly over the central tropical Pacific without any signal over the eastern tropical Pacific while MAM SST anomalies (Fig. 4.3c) show that the center of warm SST anomalies shift eastward. This composite anomaly signal continues during JJA (Fig. 4.3d) and SON (Fig. 4.3e). However, by SON, the SST composite signal resembles more of a canonical El Niño event. Thus, the seasonality of SSTs during Pattern pluvial years is important, given the seasonality of precipitation within these pluvial years. Results from Christian et al. (2015) into the seasonality of pluvial months during pluvial years found a higher probability of excessive rain later in the year (October and November) and early spring (February and March) compared to the rest of the year. From the seasonal analysis of SST and streamfunction, the results yield that the spring (MAM), fall (SON) and winter (DJF) seasons correspond to the times of year in which you see the largest SST anomalies coincident with the strongest atmospheric anomalies, although the atmospheric signal during fall (SON) isn’t as strong as seen in the spring or winter. Thus, while the seasonal signal of SST and streamfunction anomalies are persistent throughout the year, they are likely impacting SGP precipitation in different ways during different seasons. 
	During SGP Pattern pluvial years (Fig. 4.3), negative streamfunction anomalies cover most of the Northern Hemisphere, with the largest magnitudes over the northern Pacific and across the southwestern and south central North America (Fig. 4.3a). A positive anomaly area in the tropical Pacific, with a gradient between negative anomalies across the northern Pacific, show that the Pacific jet stream is located further south of its climatological position. As the jet stream is predominantly a zone of strong westerly winds, these westerly propagating waves will be concentrated along this narrow band of strong winds. Thus, these results agree with the event composite results. Both analyses show a shift in the North Pacific jet stream resulting from anomalies in the atmospheric height regime.
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	Figure 4.3: SGP Pattern pluvial year SST and 250 mb streamfunction anomalies (a) annual composite and seasonal composites during Pattern pluvial years for (b) DJF, (c) MAM, (d) JJA and (c) SON. Color shading is used for the sea surface temperature anomalies (°C), contoured from -1 to 1 by 0.1 and contours are used for the streamfunction anomalies (m), contoured from -4 to 4 by 1. Statistical significance at the 90% level is noted by stippling for the streamfunction anomalies and dashed areas for the sea surface temperature anomalies.





Seasonal composites of streamfunction anomalies during SGP Pattern pluvial years yield the same overall signal during all 4 seasons with minor differences, especially during DJF (Fig. 4.3b) and MAM (Fig. 4.3c).  During JJA (Fig. 4.3d), the negative anomalies over the tropical Pacific and the North Pacific exist, however positive anomalies between the two regions are no longer present. During SON (Fig. 4.3e), a signal resembling that of the DJF and MAM anomalies exists, with reduced magnitudes of the positive anomalies in the lower latitudes over the Pacific Ocean being the main difference. Even with all 4 seasons showing some atmospheric anomaly signal over the Pacific basin, the strongest atmospheric influence from the SST warm signal is likely during the boreal winter and spring.
	During NGP Pattern pluvial years, an area of positive SST anomalies (Figure 4.4) appears off the western coast of tropical South America (Fig. 4.4a). Additionally, positive anomalies off the coast of Japan show that the Kuroshio-Oyashio Extension (KOE) SST region could be involved in NGP pluvial years. These KOE SST anomalies may work to increase the baroclinicity across the North Pacific, increasing cyclogenesis, and maintaining the storm-track (jet stream) location over the North Pacific (Kwon et al. 2010; Ma et al. 2015, 2017). However, with the lack of a strong SST signal over the KOE region, these anomalies appear to have more of a tertiary impact on the precipitation variability of the NGP region.
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	Figure 4.4: NGP Pattern pluvial year SST and 250 mb streamfunction anomalies (a) annual composite and seasonal composites during Pattern pluvial years for (b) DJF, (c) MAM, (d) JJA and (c) SON. Color shading is used for the sea surface temperature anomalies (°C), contoured from -1 to 1 by 0.1 and contours are used for the streamfunction anomalies (m), contoured from -4 to 4 by 1. Statistical significance at the 90% level is noted by stippling for the streamfunction anomalies and dashed areas for the sea surface temperature anomalies.





	The seasonal composites of SST anomalies for NGP Pattern years yield statistically significant SST anomalies in the west central Pacific and KOE regions during DJF (Fig. 4.4b), JJA (Fig. 4.4d) and SON (Fig. 4.4e) and an eastern tropical Pacific warm signal during MAM (Fig. 4.4c). The most persistent and significant anomalies in the NGP SST composite, however, appear in the tropical Atlantic during all seasons, along with a positive anomaly signal over the Caribbean during JJA (Fig. 4.4d). Christian et al. (2015) shows that a majority of the excessive rainfall occurs during the warm or convective season of the NGP. Thus, given the lack of a consistent atmospheric or SST signal linked to the occurrence of excessive rainfall, it is likely that the occurrence of NGP pluvial years is likely related to anomalous convective activity, scales which are too small for this study. Yet, the western tropical Atlantic SST warm anomalies seen in JJA (Fig. 4.4d) likely have an influence on moisture transport through the low-level jet and thus could provide a secondary impact on precipitation amounts in the NGP (e.g., Oglesby et al. 1989; Schubert et al. 2008; Knippertz and Wernli 2010).
	During NGP Pattern pluvial years (Fig. 4.4a), an area of negative anomalies lies across northern North America, representative of the negative height anomalies that define this pattern in Chapter 3, but there is a lack of defined anomalies across most of the Northern Hemisphere during these years. Further, the seasonal streamfunction anomalies show a more variable signal. During DJF (Fig. 4.4b) and MAM (Fig. 4.4c) negative anomalies are seen over the northwestern United States, during JJA (Fig. 4.4d) these anomalies shift further to the east and are broader, and during SON (Fig. 4.4e) no significant streamfunction anomaly feature is noted. While negative heights are seen over the northwestern United States during DJF, MAM and JJA, the signals are quite different during each season. 

4.4.2 Eddy Geopotential Height Index Linear Regression Analysis
	While composite analyses detailed the linkages between Pacific SSTs, the atmospheric state, and the occurrence of excess rainfall over the GP during Pattern pluvial years, the linear facets of these connections are also investigated. A linear regression and correlation analysis was conducted using annually averaged upper tropospheric wind fields and SSTs along with the Chapter 3 standardized EGH anomaly indices (one for NGP and one for SGP) as the base indices. Regression of SST anomalies onto the standardized SGP EGH index (Figure 4.5a) illustrated positive SST anomalies across the tropical Pacific, with the largest anomalies in the central tropical Pacific. Statistically significant negative SST anomalies also exist in the North Pacific. The regression signal closely resembles the Pattern composite (Fig. 4.3a) and the SGP above average synoptic wave event SST composite (Fig. 4.2a), but with higher magnitude. The Pacific Ocean signal as a whole resembles that of the PDO, a feature that has been linked in its warm phase to GP precipitation (Hu and Huang 2009). However, as the PDO is a low-frequency oceanic signal (e.g., Mantua et al. 1997; Newman et la. 2003; Schneider and Cornuelle 2005; Mills and Walsh 2013; Newman et al. 2016), the linear regression methodology may mask the comparatively higher-frequency ENSO signal, which would not emerge strongly in annual-mean fields.
The regression of 250 mb streamfunction onto the SGP EGH index (Fig. 4.5b) shows a signal resembling that seen in the in the above average synoptic wave event and Pattern streamfunction composites (i.e., Figs. 4.2a and 4.3a). The SGP streamfunction regression plot shows that during years in which the SGP EGH index is higher, streamfunction across the tropical Pacific will be lower, south of Hawaii will see stronger ridges and across the north Pacific Ocean basin troughs will be deeper, including across the southern United States.  This consistent signal in the Pacific SST and streamfunction analyses suggests a link between SST and streamfunction anomalies during SGP Pattern pluvial years. As seen in the streamfunction plots (Fig. 4.5b) the SST signal is coincident with a gradient in streamfunction anomalies, located near 30°N over the Pacific Ocean, signifying the shift in the jet stream. Further, the 250 mb zonal wind anomalies (Fig. 4.5c) are analyzed to determine if a consistent shift in the jet occurs. The zonal wind anomaly regressions shows that during years with an enhanced SGP EGH index higher zonal winds would be analyzed across the north Pacific Ocean basin and the southern United States. Thus, the u wind field shows a corresponding shift in the location of the jet stream during years in which the EGH anomaly index is higher.
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	Figure 4.5: Regression of (a) SST (°C), (b) 250 mb streamfunction (m2s-1 *10-6), and (c) 250 mb u wind component (ms-1) onto the standardized SGP EGH index, contour interval 0.1°C; zero contour omitted. Stippled regions indicate regression coefficients which are statistically significant at the 90% level.





	The NGP SST regression coefficient plot (Fig. 4.6a) resembles the NGP Pattern SST composites (Fig. 4.4a) with higher NGP EGH index years having warmer SSTs over the western north Pacific and lower SSTs across the eastern west Pacific. Unlike the SGP, the tropical Pacific is devoid of significant SST anomalies. Thus, the NGP atmospheric signal is not (linearly) linked with the tropical Pacific or Atlantic. During higher NGP EGH index years, decreased streamfunction (Fig. 4.6b) over the northwestern United States depicts a height anomaly signal matching that of the NGP pattern in Chapter 3, with stronger troughs over the northwestern United States. Unlike the SGP, the regression of 250 mb zonal wind anomalies on the NGP EGH index yields no significant features (not shown). However, regressions with the 250 mb v wind anomalies (Fig. 4.6c) depicts a negative to positive couplet over the northwestern United States, a key feature of NGP Pattern pluvial years in which the troughs over the northwestern United States induce a southerly flow to the east and a northerly flow to the west of the trough. These wind anomalies indicate that height anomalies over the northwestern United States alter the flow pattern during NGP Pattern pluvial years, again agreeing with the results of Chapter 3 about the importance of the intensity of northwestern United States synoptic waves. 
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	Figure 4.6: Regression of (a) SST (°C), (b) 250 mb streamfunction (m2s-1 *10-6), and (c) 250 mb u wind component (ms-1) onto the standardized NGP EGH index, contour interval 0.1°C; zero contour omitted. Stippled regions indicate regression coefficients which are statistically significant at the 90% level.





4.5 Discussion
	The diagnosis of GP pluvial years was completed using composite analysis of various atmospheric and surface fields from the ERA-20C dataset. In the SGP, pluvial years were characterized by significant SST anomalies in the tropical Pacific (Fig. 4.2a,3,5a). However, while previous work showed links between eastern tropical Pacific SST anomalies (canonical ENSO signal) and precipitation variability in the GP (Ting and Wang 1997; Yang et al. 2007; Hu and Huang 2009; Findell and Delworth 2010; Hunt 2010; Cook et al. 2011), the results suggest a link between excess precipitation on annual time scales and central tropical Pacific SST anomalies. 
Streamfunction anomalies (Fig. 4.3) detail an “atmospheric bridge” (Lau 1997; Alexander et al. 2002) which connects the warm SST anomalies to North Pacific climate anomalies, including a southward shift in the jet stream and the subsequent enhancement of the frequency of GP synoptic waves during Pattern pluvial years. However, the atmospheric response to a warm ENSO event is a stationary wave pattern that is directed to the east as it goes higher in latitude, whereas the response seen during Pattern pluvial years is located directly north of the main anomaly center analyzed in the SST composites. This atmospheric response is typically associated with CP warm SST periods (Livezey et al. 1997; Ashok et al. 2007; Fu et al. 2013). 
The magnitude and structure of the streamfunction anomalies in the results compare well with previous works on CP ENSO teleconnections with NH atmospheric regimes (e.g., Livezey et al. 1997; Ashok et al. 2007; Graf and Zanchettin, 2012; Fu et al. 2013). Indeed, SGP Pattern pluvial year streamfunction anomalies and those streamfunction anomalies linearly related to variability in the Niño 4 index (a proxy for central tropical Pacific SST anomalies) are markedly similar to one another (Figure 4.7; spatial correlation of the two patterns is r = 0.96). Further, the response in the atmosphere to the CP SST anomalies is a ridge to the north of the tropical Pacific and a trough over the north Pacific as noted in the SGP Pattern pluvial results. These anomalous atmospheric height patterns cause an anomalous shift of the Pacific jet stream to the south. This shift in the jet stream shifts synoptic wave activity towards the southern United States, as the jet stream acts as the primary guide for synoptic waves across the Pacific Ocean basin (Branstator and Teng 2017). Hence, the results suggest a link between the atmospheric anomalies seen in the SGP Pattern pluvial year analysis and the SST anomalies seen in the central tropical Pacific during SGP Pattern pluvial years.
During NGP pluvial years, no clear Pacific SST anomaly signal emerges in all of the analyses. The NGP SST Pattern composites (Fig. 4.4) and the regression coefficient plot (Fig. 4.6a) both showed positive signals over the north central Pacific, the KOE region and the eastern-tropical Pacific, while the above average synoptic wave intensity pluvial years composite showed negative anomalies over the KOE region with more significant warm anomalies over the tropical Pacific. While previous studies have shown a possible connection between the tropical Pacific and NGP precipitation, the results do not show a clear pathway for such a connection. Instead, the seasonally-persistent NGP Pattern pluvial year tropical Atlantic SST signal is the unique feature seen during these NGP pluvial years. SST anomalies in the Caribbean and Gulf of Mexico contribute positively to moisture transport into the central United States via an amplified LLJ (e.g., Wang 2007; Wang and Lee 2007; Martin and Schumacher 2011). However, connections between those SST anomalies and tropical Atlantic are less clear. For example, Kushnir et al. (2010) found that tropical north Atlantic positive SST anomalies reduce the strength of the north Atlantic subtropical high and thus weaken moisture flow into the United States. Thus, while the statistical analysis indicates that the tropical Atlantic SST anomalies could be playing a role, building a physical connection between the tropical Atlantic and the NGP requires further analysis. 
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	Figure 4.7: 250 mb Streamfunction contours for SGP Pattern pluvial years and color shading for the linear regression of the global streamfunction field onto the Niño 4 Index. Contours and color shading was plotted between -5 and 5 every 1 m2 s-1 * 10-6.  



The NGP streamfunction analyses yield different atmospheric flow patterns during respective years. The annual NGP streamfunction anomaly Pattern composite (Fig. 4.4a) features only significant anomalies in the northwestern United States owing to the strong height anomalies that define the NGP pluvial pattern. A positive streamfunction anomaly (Fig. 4.6b) is seen over the North Pacific with a negative signal over the northwestern United States. These features link well with the North Central Pacific SST anomalies seen in the Pattern composite and regression plot. SST anomalies in the KOE region are known to anchor the Pacific jet stream further north and thus maintain a consistent synoptic wave signal over the region (Kwon et al. 2010; Ma et al. 2015, 2017). Thus, the SST anomalies could induce increased latent heat release, which would drive anomalously high heights across that region and force the jet stream northward, maintaining a Pacific jet that is located in the northern latitudes. 
In the SGP, the Chapter 3 atmospheric pattern associated with pluvial years shows a distinct SST and teleconnection signal connected to the tropical Pacific, a schematic of which is shown in Figure 4.8. The most important features of pluvial years in the SGP driven by anomalous synoptic conditions are the increased frequency of synoptic waves over the southwestern United States in association with the location of the significant central tropical Pacific SST anomalies.
Figure 4.8: Conceptual diagram of the SGP Pattern pluvial year paradigm. The light solid lines represent positive SST anomalies, the thick solid lines represent 250 mb streamfunction anomalies, the dashed bold lines represent 500 mb EGH anomalies and the solid bold lines represent the precipitation anomalies. The arrow represents the theorized jet stream resultant from the streamfunction anomalies, the “T” stands for trough (negative streamfunction anomalies) and the “R” stands for Ridge (positive streamfunction anomalies). All contours were created using ERA-20C anomaly fields.

For the NGP it is difficult to synthesize the results into single paradigm given the results differ significantly for each different analysis method. The inconsistent results within the NGP Pattern pluvial year analysis show the lack of a link between Pattern pluvial years and large-scale signals. Given the seasonality of pluvial years in the NGP (Christian et al. 2015), the excessive precipitation in this region may be more linked to anomalous convective events than large-scale low-frequency climate modes. Thus, further investigation into NGP pluvial years on shorter time scales using reanalysis datasets with spatial resolutions in which convection is better resolved would aid in diagnosing NGP pluvial years.
Finally, the atmospheric signals (namely the EGH and streamfunction anomaly signals) for NGP and SGP Pattern pluvial years found in Chapter 3 and this study can now be diagnosed within different datasets, namely global climate model simulations. Analysis of model simulations under present climate conditions can be used to validate the results reported here and in Chapter 3. Furthermore, using simulations of future climate change, one can determine the possible effects of climate variability and change on GP pluvial years and GP precipitation variability. Additionally, this work can be used for operational forecasting including an analysis of hindcast model simulations. Lastly, though the focus of this work is on longer time scales, it can be adapted for subseasonal to seasonal investigations of GP pluvial years. Being able to accurately simulate and forecast pluvial events in the GP would greatly improve the use of available water resources scenarios and aid in planning for future water use.
Chapter 5
Southern Great Plains Pluvial Year Case Study

5.1 Introduction
	While an investigation of GP pluvial years from a climatological standpoint is useful to diagnose the instantaneous drivers and conditions during such years, an investigation of an independent pluvial year using the results from the climatological investigation will aid the validation of the results. Given the period of the ERA-20C data used in Chapters 3 and 4 spanned 1926 to 2010, there are limited years outside of this period to utilize. However, during 2015, the SGP was impacted by a strong pluvial (Fig. 5.1) which caused record-breaking rainfall over portions of the SGP region, especially during the month of May (Duchon et al. 2017).  As a result, numerous flood events occurred across portions of Oklahoma and Texas, causing an estimated $2.5 billion in damages across the region (NOAA National Centers for Environmental Information “U.S. Billion-Dollar Weather and Climate Disasters 1980-2018” available at https://www.ncdc.noaa.gov/billions/events.pdf). Further, beyond May, precipitation accumulated throughout the year yielding record-breaking annual totals in Oklahoma (Fig. 5.2) whereby for the PRISM dataset, the annual total across the SGP was 52% above normal and via the methodology described in Chapter 3 for defining a pluvial (Eqn. 3.1), 2015 was the largest above average precipitation year within the PRISM dataset for the SGP. 
Because 2015 is not contained within the ERA-20C dataset used to describe the climatological analysis of SGP pluvial years, 2015 is an excellent period to test the SGP Pattern pluvial year framework. To this end, this case study explored the same fields used in Chapters 3 and 4, namely EGH, u and v wind components, SSTs and stream function on an annual and seasonal basis for 2015. In addition, an analysis of surface conditions during the year was completed to aid in the investigation of land-atmosphere coupling during 2015. Finally, an analysis of a non-Pattern pluvial year within the SGP domain (2007) was examined to contrast with the 2015 SGP pluvial year results. In all, the goal of this study was to investigate the 2015 SGP pluvial and validate the SGP Pattern pluvial framework.
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	Figure. 5.1: Annual precipitation anomalies (mm) for 2015 from the Oregon State PRISM precipitation dataset.
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	Figure 5.2: Statewide average annual precipitation record (in inches) for Oklahoma measured by Cooperative Observer Network (COOP) from 1895 to 2017. The solid black line represents the statewide climatological average, the dots represent the observation data points and the green/brown shaded regions are the 5-year running average of precipitation. The arrow indicates the 2015 precipitation statewide average for Oklahoma.



5.2 Atmospheric and surface datasets
	The ECMWF Reanalysis Interim (ERA-Interim; Dee et al. 2011) dataset was chosen for this case study given it contains the same dynamical core, but with different assimilation observations and temporal scope. The ERA-Interim dataset has a temporal period from 1979 to present, utilizing a 4D-Variational assimilation system with a variety of observations described within Dee et al. 2011. While the ERA-20C and ERA-Interim utilize different versions of the dynamical core and assimilation system, they both utilize the ECMWF Integrated Forecast System (IFS) model as the backbone of the reanalysis system. All atmospheric analyses within this component of the study will be from the ERA-Interim dataset focused the same atmospheric and surface fields seen in Chapters 3 and 4.
 
5.3 Synoptic Diagnosis of the Excessive Precipitation During 2015
	As was described in Chapter 3, EGH was used instead of Geopotential Height owing to EGH’s “representation of transient zonal inhomogeneities which distinguish wave features from the zonal-mean flow pattern” (Randall 2014), which allows for an investigation of synoptic patterns that cause weather events. In 2015, EGH anomalies (Fig. 5.3a) depict an area of negative EGH anomalies over the southwestern United States with a larger area of negative anomalies over the northern Pacific Ocean basin, north of Hawaii. Positive EGH anomalies dominate over Alaska, northwestern Canada and China, with lesser magnitude positive anomalies across the southeastern United States. This pattern is reminiscent of the signals seen in the SGP Pattern pluvial year EGH composites (Fig. 3.4c). However, the geopotential height field (Fig. 5.3b) allows for an analysis of stationary wave features and during 2015 a large band of positive anomalies was seen across the entire northern hemisphere, with small areas of lower height anomalies across the central North Pacific Ocean and just off the coast of the southwestern United States. Thus, the pattern of a ridge over the tropical Pacific, lowered heights north of Hawaii was evident, but weaker than expected given the fit of the EGH anomaly field (Fig. 5.3a) with the SGP Pattern pluvial year EGH anomaly field (Fig. 3.4c).
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	Figure 5.3: Height anomalies for 2015 measure in meters, (a) eddy (zonal mean removed) geoptential height (EGH) anomalies, (b) geoptential height anomalies, (c) EGH anomalies for winter (DJF) and (d) spring (MAM). Contoured from -50 to 50 every 10 meters.



During the winter of 2015, a large magnitude ridge occurred over the western coast of North America (Fig. 5.3c), largely blocking the synoptic waves over the North Pacific Ocean basin from impacting the United States. As such, the pattern appeared to be blocked during this season and had little influence on SGP precipitation. However, during the spring (Fig. 5.3d), the EGH anomaly pattern suggests that a Rex block (Rex 1950) was in place over western North America given the positive EGH anomalies over the northeastern Pacific and the negative EGH anomalies over the east central North Pacific. This stagnated the atmospheric flow pattern and locked the trough over the southern United States providing ample, persistent forcing for precipitation observed during May 2015.  
	The u wind component anomalies (Fig. 5.4a), detail a different picture compared to the findings from SGP Pattern pluvial years in Chapter 3 (Fig. 3.6a). Negative u wind component anomalies were analyzed over the North Pacific Ocean that stretch across the southwestern and southern United States. Positive u wind component anomalies occurred across the central North Pacific Ocean, however, the spatial extent of the anomalies were not as large compared to the u wind component anomalies from the composite of all SGP Pattern pluvial years (Fig. 3.6a). The v wind component anomalies (Fig. 5.4b) differ from the signal seen during Pattern pluvial years as well (Fig. 3.5a). Positive v wind component anomalies are analyzed across most of the globe, with an area of increased positive anomalies seen over the central United States. This area of positive anomalies matches well with the center of positive anomalies over the United States during SGP Pattern pluvial years (Fig. 3.5a), however, the lack of negative anomalies during 2015 within this analysis denotes the lack of a strong influence on the background flow by the synoptic wave regime. 
To further investigate these patterns of wind anomalies, the zonal mean of each anomaly field was removed from the time mean anomalies. These eddy wind component anomalies detail the influence of the transient eddies on the background flow during 2015. While the eddy u wind component anomalies (Fig. 5.4c) were similar to the u wind component anomalies seen in Figure 5.4a, the eddy v wind component anomalies (Fig. 5.4d) do not remain the same. While the positive area of v wind anomalies remained over the central United States, negative eddy v wind anomalies occurred to the west over the eastern Pacific Ocean. Thus, from the eddy wind component analyses, these transient synoptic waves did influence the background flow during this year, however, the flow perturbation did not occur on time scales long enough to influence the annual mean fields. Further, it does not appear that the u wind field was influenced by these transient eddies, as the two analyses were largely the same. As such the main influence on the u wind field was likely the stationary wave pattern more evident in the annual mean anomaly composites shown in Figure 5.3b. The lack of a strong negative anomaly evident in the stationary wave pattern would facilitate the lack of a strong response in the u wind component anomaly field, as the anomaly created by the enhanced ridge was dampened by the lack of a strong gradient of height anomalies owing to the lack of strong negative height anomalies to the north. Thus, the spatial extent of the positive u wind component anomalies during 2015 were diminished compared to those seen during SGP Pattern pluvial years (Fig. 3.6a).
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	Figure 5.4: Wind component anomalies for 2015 measure in m s-1, (a) u wind component anomalies, (b) v wind component anomalies, (c) eddy (zonal mean removed) u wind component anomalies and (d) eddy (zonal mean removed) v wind component anomalies. Contoured from -6 to 6 every 1 m s-1.



5.4 Climate Scale Diagnosis of the 2015 Southern Great Plains Pluvial
	To further investigate the stationary wave field, an investigation into SSTs and stream function during 2015 was completed, similar to the analysis of Chapter 4. This was completed to diagnose the impacts of the SSTs on the atmospheric signals observed from the synoptic analysis. During 2015, SSTs (Fig. 5.5a) were anomalously warm across the tropical Pacific and the eastern north Pacific along the western North American coastline. However, the strong canonical El Niño during 2015 did not develop until later that year after the month of May. This can be seen via the seasonal SST analyses, as during winter (DJF; Fig. 5.5b) and spring (MAM; Fig. 5.5c) warm SST anomalies were mostly contained in the central Pacific. Conversely, during the summer (JJA; Fig. 5.5d) and fall (SON; Fig. 5.5e), warm anomalies were analyzed in the eastern tropical Pacific Ocean which denote the strong 2015 canonical El Niño event. 
Annual mean stream function anomalies during 2015 (Fig. 5.5) show a deeper ridge north of the tropical Pacific with a slight strengthening of the North Pacific trough. The negative stream function anomalies across the north Pacific were not as large in magnitude as within the SGP Pattern pluvial year composites (Fig. 4.3a), but the signal was present during 2015 in the North Pacific. In the seasonal analyses, the southern ridge to northern trough signal was observed during the winter (Fig. 5.5b) and spring (Fig. 5.5c), when SST anomalies are more supportive of the CP/atmospheric teleconnection described in Chapter 4 (Fig. 4.8). Again, however, the stream function anomaly signals seen during the summer (Fig. 5.5d) and fall (Fig. 5.5e) were not consistent with the Pattern signal. 
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	Figure 5.5: Sea surface temperature (°C) and stream function (m2 s-1 * 10-6) anomalies during 2015 for (a) annual mean, (b) winter (DJF) mean, (c) spring (MAM) mean, (d) summer (JJA) mean, and (e) fall (SON) mean. Sea surface temperature is plotted from -2 to 2 every 0.2 (°C) and stream function is contoured from -8 to 8 every 1 m2 s-1 * 10-6.





5.5 Discussion  
	This study demonstrated via the ERA-Interim dataset that 2015 fits the SGP Pattern pluvial year framework described in Chapters 3 and 4. Through analysis of EGH, SST, streamfunction and wind components, the anomaly signals observed in these fields display key features that describe the average anomaly fields across all SGP Pattern pluvial years. Conversely, while 2007 was also a pluvial year, it does not fit into the SGP Pattern pluvial year framework. Anomalous precipitation (Fig. 5.6a) during 2007 fell across much of the GP, with larger positive anomalies across Oklahoma and Texas. The 2007 EGH anomaly field (Fig. 5.6b) yielded a large area of negative EGH anomalies across the central Pacific, with a negative EGH signal over the Bay of California. Positive EGH anomaly signals stretched across most of the north hemisphere, with an area of higher magnitude positive EGH anomalies over the northwestern United States. With neutral to slightly higher EGHs over the SGP, specific atmospheric signatures associated with enhanced precipitation over the SGP and the key feature of a SGP Pattern pluvial year, the closed negative EGH anomaly area over the southwestern United States, did not occur. In terms of a climate signal, the 2007 SST and streamfunction anomalies (Fig. 5.6c) were very different when compared to 2015 and the SGP Pattern pluvial year framework. Instead of positive SST anomalies across the tropical Pacific, negative SST anomalies occurred across the tropical Pacific in a pattern consistent of a canonical La Niña. This feature is typically associated with drought conditions across the GP (e.g., Schubert et al. 2009; Findell and Delworth 2010; Wang et al. 2010; Seager and Hoerling 2014; Schubert et al. 2016). However the La Niña episode did not develop until later in the year and the typical atmospheric conditions forced by La Niña periods were not prevalent during the period when the majority of the precipitation occurred. Thus, the EGH, SST and streamfunction anomalies demonstrated that the excessive rainfall over the SGP in 2007 did not occur owing to large-scale dynamic atmospheric flow anomalies. Overall, these results detail why 2007 was not included in the SGP Pattern pluvial year analysis while 2015 fits into that categorization. However, this does not explain the processes that describe why an above average precipitation regime existed in 2007. While this research focuses on the anomalous atmospheric component of pluvial years in the GP, focus on these non-Pattern pluvial years and their drivers should be completed to detail the causation of all GP pluvial years. 
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	Figure 5.6: Analyses for 2007. (a) Annual precipitation anomalies (mm) for 2007 form the Oregon State PRISM precipitation dataset, (b) eddy geopotential height (m) anomalies for 2007, contoured from -50 to 50 every 10 meters, (c) annual mean sea surface temperature (°C) and stream function (m2 s-1 * 10-6) anomalies for 2007 with sea surface temperature plotted from -2 to 2 every 0.2 (°C) and stream function contoured from -8 to 8 every 1 m2 s-1 * 10-6.






Chapter 6
Summary and Conclusions

6.1 Introduction
	Whether for agriculture, society, ecosystem services, or weather, water is crucial to the sustainability of the GP region. Thus, it is critical to understand the variability of water within the region to be able to adapt to changing water availability. Yet, without a complete understanding of the GP climate addressing these changes is not possible. Thus, the goal of this work was to develop a more complete understanding of the GP climate from a local to global standpoint to understand the implications on water availability in the GP into the future. This study addressed the knowledge gap in three parts;
1. Analyze the annual climate of the GP,
2. Developing an understanding of the drivers of the anomalous excessive precipitation during NGP and SGP pluvial years,
3. Diagnosing the anomaly signals found in (2) to quantify the predictive (climate) anomaly signals associated with NGP or SGP pluvial years.

6.2 Analysis of the Great Plains Annual Climate
	The impact of the shifts between temperature and precipitation maxima is critical to the climate of the GP region. Changes to the growing season of the region impact ecosystem health, water resources, and socioeconomic viability and sustainability. For example, small shifts in the timing of maximum temperature (e.g., Bertin 2008; Menzel et al. 2006; Hughes 2000; Menzel 2003; Cleland et al. 2007; Badeck et al. 2004) and precipitation (Méndez-Barroso et al. 2009; Vivoni et al. 2008; Di et al. 1994; Fay 2009) incur significant changes to plant and crop phenology. This results in changes in water resource management (i.e., irrigation, land management, etc.) along with the timing of seeding and harvesting (Terjung et al. 1984; Rosenzweig 1990) to maintain the current ecosystem and level of agricultural production. However, not all shifts in ADI could impact the ecosystem negatively. Lower values of ADI could indicate higher soil moisture values during the peak time of water stress, or when temperatures begin to peak, thus mitigating the impact of the peak temperatures on the ecosystem (Schlenker and Roberts 2009). 
These results provide an insight into the changes that are occurring to the regional climate system within the GP. While the synoptic patterns for precipitation and temperature over the region are better understood, the influences of other critical features that drive climatological processes such as land-atmosphere interactions are less so, especially for precipitation (Alfieri et al. 2008; Haugland and Crawford 2005; André et al. 1990; Pielke et al. 1991; Koster et al. 2004). Future work is likely to be directed into two different areas: 1) investigating the ADI in terms of reanalysis and model output and 2) investigating the connection between plant vigor and health (Vegetation indices (e.g., NDVI, EVI), Net Primary Productivity (NPP) or Gross Primary Productivity (GPP)) of terrestrial ecosystems (Zhang et al., 2016). Analysis of model and reanalysis output of ADI values and trends will allow for further quantification of the causes of ADI variability and the changes this feature could incur in the future. Further the analysis of modeled ADI across the GP would allow for features seen in the observational dataset identified within this study to be investigated in more detail, specifically the differences observed between positive and negative ADI regimes and the causes of the increased variability of ADI. Additionally, while the link between this feature of the GP climate and the ecosystem is intuitive and supported by literature, quantifying it using vegetation indices or vegetation health statistics could provide insights into the direct effect the shifts in the ADI detailed by this study are having on the ecosystem. 
Whether the noted shifts in the ADI are being caused by human influences or natural variability cannot be determined within the scope of this study. However, the duration of these trends along with the specific signals noted after 1950 in the variability of ADI yield evidence that a change has occurred within the natural variability likely impacted by anthropogenic influences. Further, the results are consistent with Christian et al. (2015) and Weaver et al. (2016) which both demonstrated increased variability of precipitation in the GP domain.

6.3 Primary Atmospheric Drivers of Great Plain Pluvial Years
	The primary large-scale atmospheric drivers of pluvial years over the Southern Great Plains (SGP) and Northern Great Plains (NGP) were investigated via composite analysis of atmospheric reanalysis products. The goal of this study was to generalize previous works on GP pluvial periods, which focused on specific pluvial events, and develop a more meteorological framework of understanding of GP precipitation variability. Subsetting the pluvial years into the Pattern and Break composite analyses illustrated that (a) the associated atmospheric patterns are indeed features of the pluvial years and not an artifact of extreme events in the Total composites and (b) changing statistics of GP precipitation have minimal impact on the atmospheric driving patterns identified in this study. The results were tested with several atmospheric datasets and found to be robust findings, adding confidence to the conclusions drawn from this work (e.g., Fig. 3.7).
	The study yielded two distinct annual-mean atmospheric patterns that are linked to pluvial events in the subregions of the GP. The SGP pluvial pattern consists of a closed area of negative height anomalies across the SW United States with the wind anomalies showing a coherent hemispheric wavetrain pattern and an enhanced southward shift in the jet stream associated with the passage of storm systems (Fig. 3.4a and 3.4c). This pattern would lead to enhanced moisture flow from the south within the boundary layer leading to a higher chance of heavy precipitation (Fig. 3.8a). However, enhanced moisture transport is not necessary to drive pluvial years, but rather an increase in the number of precipitation events themselves. The lack of a relevant intensity signal in moisture fluxes in the SGP is likely due to the larger variability in precipitation in the SGP (Fig. 3.2) and thus the propensity for heavy precipitation events in the SGP from year to year. The pattern of EGH anomalies analyzed through the Pattern composite analysis is a common feature in daily heavy precipitation events over the SGP (Zhao et al. 2017) and is seen in the daily heavy precipitation event results as well. 
The NGP pattern features negative height anomalies over the NW United States and Southern Canada with an eastward extension of the North Pacific jet (Figs. 3.4b and 3.4d). The NGP EGH pattern is consistent with enhanced moisture advection into the NGP (Fig. 3.8b). This jet extension aids in the propagation of synoptic waves towards the NGP region. The NGP v wind anomalies (Fig. 3.5b) depict a pattern of couplets across the northern United States; however the pattern is less coherent than in the SGP composites and regionally confined. Thus, the passage of more amplified synoptic waves over the northern United States, rather than the occurrence of frequent synoptic events important to SGP pluvial years, likely drives the heavy precipitation during NGP pluvial years. These stronger storm systems also provide enhanced moisture transport from the Gulf of Mexico causing even more precipitation to occur during the year. The difference in synoptic activity can be seen in the daily heavy precipitation analysis, as comparisons between the SGP and NGP results (Fig. 3.8) show that the magnitude of the EGH anomalies in the NGP are higher than that of the SGP anomalies.
	From a meteorological standpoint, the results presented in this work detail a complex atmospheric pattern that is the initial step in understanding the wet side of GP precipitation variability. From a water resources standpoint, the work details a pathway to understanding the processes that bring excess water to the region. Though the study represents an initial step in diagnosing these atmospheric patterns responsible for pluvial years over the GP, the results present a possible framework for predicting excess precipitation periods over the GP region. As of now, such long-range precipitation forecasts from the NOAA Climate Prediction Center, for example, rely on statistical models relating SST, trends and other long-time-scale signals over the United States (e.g., O’Lenic et al. 2008). The GP pluvial results present a new opportunity to explore predicting GP pluvial years, which will be explored in future work. 
	Understanding GP precipitation variability is a difficult challenge, from the lack of previous research into the wet side of precipitation variability (Cook et al. 2011), to the multifaceted drivers of precipitation over the region such as land-atmosphere interactions (Mo et al. 1997; Koster et al. 2000; Schubert et al. 2004), internal atmospheric variability (Ruiz-Barradas and Nigam 2005; Seager et al. 2014), and climate teleconnections (e.g., Trenberth and Branstator 1992; Schubert et al. 2004; Seager et al. 2005; Cook et al. 2008; Seager and Hoerling 2014). However, variability of water resources is important to the region as agriculture is a dominant component of the regional economy (Fisher et al. 2007). Thus, increasing the current understanding of the causes of GP precipitation variability is key to successfully managing and maintaining the socioeconomic and ecosystem success of the GP region. 
	The results presented in this study advance the current knowledge in understanding one facet of the GP precipitation variability that has largely gone unstudied. Previous studies have investigated pluvial/flood cases (Trenberth and Guillmot 1996; Cook et al. 2011) and pluvials on seasonal time scales (Mo et al 1997; Hu and Huang 2009) with a focus on eddy frequency and intensity, moisture flux, flow patterns and associated climate patterns. My results largely agree with their findings – enhanced synoptic wave activity, either in terms of frequency (SGP) or intensity (NGP), enhanced moisture transport during precipitation events, and anomalous flow patterns over the northern Pacific Ocean all play a role in driving GP pluvial events. However, this study extends the validity of these results through analysis of annual reanalysis data spanning over 80 years, a feature lacking in all other studies. Thus, while similar results as the other studies were found, this work advances the understanding of pluvial events by providing a more robust analysis on their occurrences.
Some caveats for this study exist. First, this study relied on composite analyses for distinguishing the associated atmospheric patterns with the pluvial years. Other statistical tools such as empirical orthogonal functions (EOF) / principal component analysis (PCA) could offer insights into the data and the covariability between GP precipitation and geophysical fields that were not seen within this study. Further investigation using linear and nonlinear methods will be completed as part of future work in further diagnosing the patterns found in this study. Secondly, these results are mainly focused on a subset of pluvial years, and as such, the atmospheric patterns identified in these analyses cannot fully explain the occurrence of all pluvial events. The lack of any significant atmospheric signal in pluvial years not included within the Pattern composites highlights the complex nature of the variability of precipitation over the GP. Additionally, the non-pluvial years that were found to meet the criteria for the Pattern composite (EGH anomaly index value over 0.5) need to be further investigated and tested. Determining the reasons why these years matched the pattern found in the Total composite yet did not have excessive precipitation could further enhance the understanding of GP precipitation variability. 
Overall, the results of this study bridge the gap between past studies by demonstrating the linkage between the atmospheric patterns contributing to heavy precipitation events and annual GP precipitation variability. Analysis into the causes of the SGP and NGP patterns is necessary to apply this work to predictability of pluvial years in the GP. This predictability aspect is tied to predicting both frequency and intensity of storm systems, as both play a role in different regions of the GP. Owing to the synoptic nature of these waves, this study also supports the need for more studies in subseasonal-to-seasonal (S2S) forecasting and predictions, an emerging area of importance in the weather and climate communities.
 
6.4 Links Between Great Plain Pluvial Years and Pacific Sea Surface Temperatures
The overall goal of this section was to (1) diagnose the atmospheric signals found in Chapter 3, (2) investigate the critical atmospheric and oceanic features seen during Pattern pluvial years, and (3) determine whether a robust, predictive SST signature existed for both the SGP and NGP domains. Through the analysis, it was demonstrated that: 
· The frequency of synoptic waves over the southwestern United States is the defining feature for SGP Pattern pluvial years.
· Streamfunction composites during SGP Pattern pluvial years revealed that an anomalous stationary wave feature over the central and north Pacific Ocean basin explains the shift in the Pacific jet stream, which subsequently increases the frequency of synoptic waves in the southwestern United Sates during these years.
· Warm SST anomalies over the tropical Pacific Ocean were found during Pattern pluvial years, showing a link between central tropical Pacific warm SST anomalies and SGP excessive precipitation during Pattern pluvial years. 
· Statistical analysis showed that the frequency of synoptic waves over the northwestern United States could be crucial for the occurrence of NGP Pattern pluvial years, counter to results from Chapter 3.
· Tropical Pacific and Atlantic SST signals were seen in some NGP pluvial year analyses.
Thus, from these results a framework for explaining the occurrence of SGP Pattern pluvial years was developed (Fig. 4.8) while it was not possible to do the same for NGP Pattern pluvial years. 
	Further, with the primary atmospheric drivers of pluvial years diagnosed along with their associated climate signals, comments on the future of GP pluvials can be made. While NGP pluvials are not associated with a known climate signal from this analysis, SGP Pattern pluvial years can be associated with CP SST warm anomalies. Thus, the frequency of CP warm SST events would theoretically impact the frequency of SGP Pattern pluvial years. With studies noting an increased frequency of CP warm SST events in recent decades (e.g., Ashok et al. 2007; Kao and Yu 2009; Yeh et al. 2009; Yu et al. 2010), this does appear to be the case. Owing to the noted increase in frequency of drought events seen in climate model simulation studies (e.g., Easterling et al. 2000, Dai 2011; Cook et al. 2015), excess precipitation years could become increasingly valuable to the region in terms of restoring water resources. This result fits in line with the noted increase in the variability of precipitation over the GP (Weaver et al. 2016; Chapter 2), which implies that the frequency of drought and pluvial events is increasing. Thus, the increase in pluvial years over the SGP owing to an increase in CP SST warm events could become invaluable for the SGP if the noted future drying prediction proves correct. For the NGP, the reasoning behind why this is occurring still is not answered. The research completed in this project did not provide a conclusive answer as to how NGP pluvial years occur. However, for the SGP, the links between CP SST anomalies, the stationary wave anomalies over the North Pacific Ocean basin, the shift of the Pacific jet stream and excessive precipitation were more conclusive. Thus, from this work it can be theorized that SGP Pattern pluvial years are increasing in frequency owing to the increased frequency of CP SST anomaly events. However, further research is needed to show that the connection between the increased frequency of SGP pluvial events is valid.
 
6.5 Southern Great Plains Pluvial Year Case Study
	The overall goal of this study was to diagnose the 2015 SGP pluvial year in terms of the results from Chapters 3 and 4, to see if the atmospheric conditions were such that the 2015 SGP pluvial could be fit into the SGP Pattern pluvial year framework. To this end, ERA-Interim data was used to analyze the atmospheric and surface conditions during 2015 using the EGH, SST, streamfunction and wind component fields. Results showed that 2015 fits into the SGP Pattern pluvial year framework, in terms of the EGH (Fig. 5.3), SST, and streamfunction (Fig. 5.5) anomaly fields. However, the wind component anomalies (Fig. 5.4) did not produce similar signals as those seen during SGP Pattern pluvial years. When eddy wind component anomalies were analyzed, eddy v wind component anomalies (Fig. 5.4d) showed a similar couplet as that seen during SGP Pattern pluvial years, in which the negative EGH anomalies impact the typical meridional flow regime. However, removing the zonal mean from the u wind component anomaly field (Fig. 5.4c) did not produce an analysis similar to that of SGP Pattern pluvial year u wind component anomalies. It was shown that during 2015, large positive height anomalies served to interrupt the anomalous westerly flow typical during these SGP Pattern pluvial years through a weakened enhancement of the North Pacific basin trough. However, EGH (Fig. 5.3), SST, and streamfunction anomalies (Fig. 5.5) during 2015 well represented the SGP Pattern pluvial year composites seen in Chapters 3 and 4 and thus 2015 is likely a SGP Pattern pluvial year. The pluvial of 2015 was then compared to the SGP pluvial of 2007, a year which was not categorized as a Pattern pluvial year. An investigation into EGH (Fig. 5.6b) and SST and streamfunction (Fig. 5.6c) anomalies during 2007 detailed the differences between a SGP non-Pattern and SGP Pattern pluvial year, with the largest difference being in regards to the SST and streamfunction annual anomalies which were nearly complete opposites. While the drivers of Pattern pluvial years were discussed in this work, it is left for future work to further investigate these non-Pattern pluvial years to diagnose their drivers. 

6.6 Final Remarks
	The overall goal of this work was to investigate the GP hydroclimate to more thoroughly understand how changes in climate could impact water resources in the GP region. In accomplishing this task, two features of the GP hydroclimate were investigated: 1) the asynchronous nature between annual temperature and precipitation maxima over the region and 2) annual above average precipitation events (pluvials). The asynchronous nature of temperature and precipitation impacts water availability, especially related to plant physiology, and thus shifts in this feature can impact the growth, maintenance and overall health of the region’s ecology. Pluvial events represent the possible recovery of water resources in drought stricken areas, and increased risk of flood events on multiple time-scales, thus they greatly impact the hydroclimate of the GP. This project set about to fill in these gaps in the literature and put these results in the context of the GP hydroclimate to show how local to global changes in the GP climate impact the region’s hydroclimate. With the hypothesis of this work stating “shifts in GP and global climate variability will result in changes to the GP hydroclimate” the conclusions of this project have shown that shifts in the GP and global climate variability impact the GP hydroclimate and thus the hypothesis is accepted.  
While results for the analysis of the annual GP climate showed distinct changes in the statistical relationship between temperature and precipitation maxima, this analysis was completed on a larger spatial scale (statewide) and thus these results cannot be used to described smaller scale variability in the GP climate. Investigating ADI on a smaller scale (climate regions, station data, etc.) would provide further insight into the changes of the GP climate and hydroclimate owing to shifts in the ADI. However, the results still can be used to describe how the overall climate in the GP is affecting water availability and the ecology of the region, even with the caveat that these results should not be utilized to describe smaller scale climate without further analysis of ADI across the region. 
Results from the second portion of this study identified an atmospheric anomaly pattern that is connected with the excessive precipitation that occurs during NGP and SGP pluvial years. In this, years in which the atmospheric anomaly pattern was identified were separated out to further diagnose this atmospheric signal. Although the investigation focused on these Pattern pluvial years, the remaining pluvial years for both the NGP and SGP are still important to diagnose as well. Further, the focus of the results in Chapter 4 and 5 pertained to SGP Pattern pluvial years, as the methodology utilized in this work could not provide conclusive results into NGP Pattern pluvial years. As precipitation in the NGP is closely linked to nocturnal convective events (Wallace 1975), along with the seasonality of pluvial events showing higher chances of pluvial months during the warm season (Christian et al. 2015), an investigation into the role of anomalous convective events and their drivers is needed to further diagnose NGP pluvial years. Lastly, an investigation into the nature of precipitation in the GP (Fig. 3.2) revealed that processes within the GP are shifting the variability in precipitation, especially in the SGP, which leads to changes in the hydroclimate of the GP. This result supports the hypothesis stated in Chapter 1 in that shifts in the GP climate is leading to changes in water over the GP.
Finally, it would be remise not to note the small sample size of pluvial years, especially Pattern pluvial years, identified using the PRISM and ERA-20C datasets in concert. While the sample size is limited not by the methodology but by the temporal limitations of the dataset itself, the small sample size could be impacting the results of the study. However, statistical significance showed that this is likely not the case for the results detailed in this study, as focus has been placed on anomaly signals that showed statistical significance when compared to 1000 random samples from the dataset used. While the sample size does necessitate further investigation into GP pluvial periods, the results from this study are useful for the diagnosis and prediction of GP pluvial events. Utilizing the signals seen during Pattern pluvial years can help diagnose climate model simulations to determine the probability of pluvial occurrences across the central United States. While the atmospheric anomalies that define Pattern pluvial years were identified on an annual scale, analysis of the 2015 SGP pluvial has shown that these signals can be seen on seasonal time scales, thus analysis of smaller time scales, utilizing the results from this work, could provide more information into seasonal to sub-seasonal pluvial periods across the GP. 
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Appendix 1
List of All Pluvial Years from All Datasets Utilized
	Table A1. List of all pluvial years for the SGP and NGP found in each of the datasets considered. Bold years are pluvial years that match with observed (PRISM) pluvial years. Length of period for each dataset is located below the datasets name.

	Pluvial Years SGP
	Pluvial Years NGP

	ERA-20C
	20CR
	NCEP-NCAR
	JRA55
	PRISM
	ERA-20C
	20CR
	NCEP-NCAR
	JRA55
	PRISM

	1900-2010
	1851-2014
	1949-2016
	1958-2013
	1895-2016
	1900-2010
	1851-2014
	1949-2016
	1958-2013
	1895-2016

	(15)
	(10)
	(13)
	(11)
	
	(15)
	(10)
	(11)
	(4)
	

	
	
	
	
	
	
	
	
	
	

	2009
	2009
	2016
	2009
	2015
	2010
	2012
	2013
	1995
	2015

	2008
	2007
	2015
	2007
	2009
	2009
	2011
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	2014

	2007
	2004
	2010
	2004
	2007
	2008
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	2010
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	2013

	2004
	2002
	2007
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	2004
	2007
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	2008
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	2002
	2001
	2004
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	2002
	2005
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	2005
	1984
	2010

	2001
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	2002
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	1997
	2004
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	1998
	1983
	2009

	1999
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	1997
	1990
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	1982
	2008

	1998
	1990
	1995
	1987
	1991
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	1982
	1996
	1975
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	1974
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	1986
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	1977
	1995
	
	2005

	1994
	1968
	1987
	1985
	1987
	1995
	1975
	1993
	
	1998

	1993
	1967
	1986
	1981
	1986
	1994
	1971
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	1995

	1992
	1960
	1984
	1973
	1985
	1993
	1968
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	1993
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	1957
	1983
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	1986
	1967
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	1955
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	1965
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	1952
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	1949
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	1979
	
	
	
	1959
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	1958
	1965
	1953
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	1941
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	1926
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Max Temperature and Precipitation Amount Climatology (Smoothed) for all Great Plains States
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Table 1. Average date of temperature and precipitation maxima, separated by state and for negative/positive ADI. The number of
observations and the percent of total are also shown.

Daily Temp. Prec. Number of obs. Percent of total
GHCN-Daily data
Texas Negative ADI 177.66 209.03 2261 27.80
Positive ADI 209.1 136.82 5872 72.20
Oklahoma Negative ADI 192.16 216.8 831 25.57
Positive ADI 211.91 140.66 2419 7443
Kansas Negative ADI 189.6 214.83 2080 31.12
Positive ADI 208.5 149.6 4604 68.88
Nebraska Negative ADI 184.84 210.54 1460 31.71
Positive ADI 206.62 152.09 3144 68.29
South Dakota Negative ADI 186.09 212.34 1753 28.70
Positive ADI 209.52 150.67 4354 71.30
North Dakota Negative ADI 186.03 211.53 1420 29.65
Positive ADI 212.96 159.23 3369 70.35
‘Weekly Temp. Prec. Number of obs. Percent of total
GHCN-Daily data
Texas Negative ADI 18.76 22.54 1888 23.18
Positive ADI 21.92 11.62 6257 76.82
Oklahoma Negative ADI 19.51 228 634 19.44
Positive ADI 21.91 11.86 2627 80.56
Kansas Negative ADI 19.22 22.67 1711 25.60
Positive ADI 21.61 13.17 4973 74.40
Nebraska Negative ADI 18.85 2231 1005 21.83
Positive ADI 21.42 13.42 3599 78.17
South Dakota Negative ADI 18.71 22.39 1183 19.25
Positive ADI 21.64 13.13 4963 80.75
North Dakota Negative ADI 18.19 22.14 1093 22.75
Positive ADI 21.74 14.28 3711 77.25

The bolded information is the average day (for daily method) or week (for weekly method) of the maximum of temp/prec. This was used to show
the difference between the average date of each for negative ADI and positive ADI observations.
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Mean Decadal Async Difference Index (ADI; Daily ADI) for all Great Plains States
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Decadal ADI Standard Deviation (Daily ADI) for all Great Plains States
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Mean Decadal Async Difference Index (ADI; Weekly ADI) for all Great Plains States
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Decadal ADI Standard Deviation (Weekly ADI) for all Great Plains States
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Average Julian Day of Maximum (Daily ADI) for all Great Plains States
 Temperature
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Average Julian Day of Maximum (Daily ADI) for all Great Plains States
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Average Week of Maximum (Weekly ADI) for all Great Plains States
 Temperature
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Average Week of Maximum (Weekly ADI) for all Great Plains States
 Precipitation
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