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ABSTRACT

EVAPORATIVE MOISTURE SOURCES OF COLORADO’S FRONT RANGE: A CASE

STUDY OF THE EXCEPTIONALLY WET MAY-JULY SEASON OF 2023

In 2023, some of Colorado’s eastern plains experienced its wettest three-month period
(May - July) out of 129 years of record (Colorado Climate Center, 2024). This extreme
precipitation led to flash flooding, road washouts, and significant property damage among
Colorado communities along the Front Range including Denver, Boulder, and Fort Collins.
Although much is known about the seasonality of precipitation in Colorado, few studies have
explored the evaporative origin of precipitation in the Front Range. To better anticipate and
understand extreme precipitation events across the Front Range, we investigated the evaporative
origin of 2023’s extreme precipitation and how it compares to moisture sources during the
previous 23 years. Specifically, this study uses the Water Accounting Model 2 Layers
(WAM2layers) and hourly ERAS reanalysis data to quantify the sources of precipitation in
Colorado’s Front Range during the early summer of 2023 and over the past 23 years (2000-
2023). Our moisture source analysis reveals that for the Front Range region in May-July of 2023:
(1) the three primary moisture sources were the Pacific Ocean, the western United States, and
Colorado itself, contributing just over 66.2% of total precipitation; (2) while these sources are
historically dominant, terrestrial contributions and local moisture recycling (i.e., precipitation
that recently evaporated from within the Front Range) accounted for a signiPatrickficantly larger

share



than in prior years; (3) moisture sources in May-July 2023 were a statistical outlier in terms of
the magnitude of moisture contributed to the Front Range, forming a cluster of its own relative to
the past 24 years; and (4) between the two most dominant modes of variability, 2023 aligns more
with a basin-wide pulsing pattern rather than a north-south dipole pattern of moisture sources.
This research provides new insights into the extreme rainfall in the summer of 2023 as well as

the historical origins of warm-season precipitation in the Front Range.
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CHAPTER 1: INTRODUCTION

In May through July of 2023, parts of Eastern Colorado experienced its wettest three-
month period out of 129 years of record, as seen in Figure 1. Multiple heavy and convective rain
events during these months caused some regions across Eastern Colorado to receive over 16
inches of rain, exceeding their average annual precipitation. Out of Colorado’s 5.7 million
residents, the Front Range urban corridor is home to an estimated 4.9 million people as per the
U.S. Census Bureau's 2020 census. This record-breaking rainfall affected many residents along
the Front Range in the form of urban flooding, property damage, and infrastructure damage such
as road washouts and sinkholes.

precipitation rank: 3 months ending July 2023 (May-)Jul)
[

statewide rank: 114th driest/16th wettest

I — T
statewide anomaly from 1901-2000 avg: +1.53 inches |>A L W

source: NOAA/NCEI nclimgrid
map: Colorado Climate Center/Colorado State University
map generated 10 June 2024
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Figure 1: Ranking of precipitation from May-July 2023, compared to all 129 May-July periods
in the PRISM precipitation dataset. The areas in darkest green had record-breaking wet
conditions in 2023. Note, this Figure was created by the Colorado Climate Center (CCC) and
was sourced from the CCC’s Climate at a Glance webpage (Colorado Climate Center, 2024).



1.1 Moisture Source Research

One useful lens to study precipitation is through its source regions or evaluating where
that moisture last evaporated from before falling as precipitation. Studying moisture sources
provides insight into how water is exchanged between the surface and the atmosphere, overall,
furthering our knowledge of the hydrologic cycle (Gimeno et al., 2020). This form of analysis is
also specifically useful in identifying regions where precipitation patterns are vulnerable to land-
use changes in upwind regions (Keys et al., 2016).

There is an extensive and growing body of research exploring extreme precipitation
through the identification of its moisture sources and the associated pathways of water vapor
transport. The specific moisture sources and mechanisms behind water vapor transport can vary
considerably by location (Gimeno et al., 2020), so many researchers have opted to conduct
regional analyses of precipitation at multiple timescales (i.e. multi month to sub weekly periods).
Previous studies have explored the moisture sources of regions within Europe (e.g. Gustafson et
al., 2010; Pinto et al. 2013; Rios-Entenza and Miguez-Macho, 2014; Ciric et al., 2018; Cloux et
al., 2021), Asia (e.g. Zhao et al., 2016; Liu et al., 2021; Zhang et al., 2023; Liu et al., 2024;
Zhang et al., 2024), Africa (e.g. Durmond et al., 2011; Rapolaki et al., 2021), South America
(e.g. Arias et al., 2015; Marengo et al., 2013; Espinoza et al., 2014), and North America (e.g. Tan
et al., 2018). There is also abundant research studying the moisture of precipitation in the United
States, including regions that overlap Colorado’s Front Range such as the Southwestern US (e.g.
Jana et al., 2018; Erlingis et al 2019a; Erlingis et al., 2019b; Skinner et al., 2023), Midwestern
US (e.g. Dirmeyer and Brubaker, 1999; Yang et al., 2023; Kim and Dominguez, 2023), and

broadly across the country (e.g. Dirmeyer et al., 2009; Hu and Dominguez, 2015).



1.2 Colorado Precipitation & Moisture Sources

Since no major rivers flow into Colorado, the state receives almost all new water in the
form of precipitation (Mckee et al., 2000). Thus, precipitation patterns throughout the year,
especially within the wet season, govern key changes in drought conditions throughout the state.
In general, the Front Range’s wet season occurs in late spring to early summer months (Doesken,
2011). For example, Denver and the eastern foothills typically receive the most rainfall in May
(Doesken et al., 2003). During the wet season, most of the precipitation in Eastern Colorado falls
from convective thunderstorms forming over the mountains and moving eastward over the plains
(Doesken, 2011).

In Colorado, the North American Monsoon (NAM) creates a circulation pattern favorable
for transporting warm moist air from the Gulf of Mexico and the Gulf of California into
Colorado’s eastern plains (Mckee et al., 2000, Doesken et al., 2003). Although the North
American Monsoon provides some predictability for moisture sources in the northern Front
Range during July and August, this circulation typically does not strengthen until after peak
rainfall in May and June. South of the Palmer Divide, however, peak precipitation occurs in July-
August, coinciding with the onset of the Noth American Monsoon. While some studies have
examined regional-scale source regions across multistate areas, such as the Upper Colorado
River Basin (Kirk and Schmidlin, 2018) or the Southeastern U.S. (Skinner et al., 2023), others
have focused on point-specific sites like Grand Junction in western Colorado and Eastville
located just east of the Rocky Mountains (Jana et al., 2018). For the goals of our study, these
efforts have added valuable insights, but they either cover too expansive a region or are too
geographically limited to comprehensively represent the unique hydroclimatic characteristics of

the Front Range.



While prior research has examined sources of moisture in the Southwestern US, limited
attention has been given specifically to Colorado’s Front Range, especially regarding the
extremely wet conditions observed in 2023. This study aims to identify and quantify the
evaporative sources of precipitation in Colorado’s Front Range during its wet season (May -
July), with an intentional focus on the exceptionally wet period from May through July 2023.

1.3 Study Goals

This study’s goal is to better understand the extreme precipitation in 2023 by quantifying
where it last evaporated from and putting those results into the context of the past 23 years.
Exploring this region’s historical sources of precipitation provides a baseline in which we can
compare 2023 moisture sources to. These goals were designed to inform the emergency
management team within the Colorado Water Conservation Board to whom this project is
partially funded by. Although this paper focuses on Colorado’s Front Range, these analyses were
conducted for four other regions within Eastern Colorado and their results can be found in the
appendix A.

The results reported here are organized into two main topics. First, we identify the
moisture sources of Front Range precipitation across the three-month period and for individual
months in May, June, and July of 2023. Second, we examine the average moisture sources of the

Front Range from the past 23 years (2000-2022) and compare them to 2023.



CHAPTER 2: METHODOLOGY

2.1 Water Vapor Tracking Methods

Precipitation in a given area can be thought of as the sum of two components: (1)
moisture that evaporated remotely and advected into a region and (2) moisture that evaporated
from within it (Burde and Zangvil, 2001). Moisture that evaporates from the land surface and
returns as precipitation within the same region is a process called moisture recycling (Keys et al.,
2012). To quantify the source regions of rainfall, it is essential to have a method for tracking
water vapor as it moves through the atmosphere. Observational data related to moisture sources
typically rely on measuring the stable isotopes of water to infer the origins of precipitation in the
region. To address the goals of our study, these approaches are too spatially and temporally
limited. Current methods of tracing water vapor through the atmosphere mostly rely on model-
based tools that use numerical tracking methods. The types of numerical tracking methods can
generally be defined by two characteristics: (1) whether the methods are online or offline and (2)
whether they use a Lagrangian or Eulerian framework.

In online methods, water vapor tracking occurs concurrently as the weather or climate
model progresses in time (e.g. Bosilovich and Schubert 2002; Knoche and Kunstmann, 2013;
Rios-Entenza & Miguez-Macho, 2014). Offline methods are typically those that track moisture
by using observational data, reanalysis data, and/or model output once it becomes available (e.g.,
Tuinenburg et al., 2012; Tuinenburg and Staal, 2020). Eulerian approaches track the budget of
moisture that enters and exits a given column of atmosphere (e.g., van der Ent et al., 2010), while
Lagrangian approaches track the pathway of moisture through time (e.g., Wei et al., 2013). This

current work uses an Offline, Eulerian approach due to their inexpensive computational nature



compared to online, Lagrangian techniques. In the future, it would be interesting to explore and
compare the results of this study through a Lagrangian model perspective.
2.2 Model: WAM2layers

To estimate the moisture for Colorado’s Front Range, we used the WAM?2layers Model
(Water Accounting Model 2-Layers, v3.0.0-beta.5). This specific version of the WAM?2layers
used in this study can be downloaded from van der Ent et al. (2023), and more detailed
information about version 3 can be found within Kalverla et al. (2024), currently a preprint at the
time of writing this thesis. Previous versions of the WAM2layers are documented in van der Ent
et al., (2010) and van der Ent et al., (2014). This section will first describe the model in general,
how it was specifically used in this study, model assumptions, and close with other scholars who
have used this model before.

The WAM2layers is an Offline, Eulerian model used to track water vapor forward and
backward in time based on the conservation of atmospheric moisture or sometimes referred to as
water balance (van der Ent et al., 2014). Instead of simulating atmospheric processes like a
general circulation model, the WAM2layers acts as an accounting system that tracks the
exchange of water vapor between grid cells using input meteorological data, most often a
reanalysis dataset (Kalverla et al., 2024). Atmospheric moisture balance implies that the change
in water vapor overtime must be equal to the horizontal and vertical fluxes in and out of the
gridcell as well as the land-atmosphere moisture exchanges via evaporation and precipitation.

As the model’s name suggests, the WAM2layers simplifies the atmosphere into two
layers, an upper and a lower layer, to track the transport of water vapor. Within the model, this
boundary typically occurs just above the planetary boundary layer with slightly more moisture

contained in the lower layer on average. By default, the boundary between the upper and lower



layer of the atmosphere occurs in between levels 111 and 112 out of 137 total levels defined by
the Integrated Forecasting System’s (IFS) hybrid sigma-pressure vertical coordinate system,
corresponding to about 812 hPa for a standard atmospheric surface pressure of 1013.25 hPa
(Kalverla et al., 2024). Model resolution is dependent on the input data used which is described
in the following section, section 2.3.

In this study, we only employed the backward tracking mode of the WAM?2layers, or
commonly called backtracking, to identify where Front Range precipitation last evaporated from.
This backtracking process begins with global hourly meteorological data and a defined region of
interest and then traces the precipitation backwards in time to where it most recently evaporated
from. This process is then repeated over the indicated period. Output from backtracking consists
of daily tracked evaporation data on a latitude longitude grid according to the resolution of the
input meteorological data. Tracked evaporation is defined as the component of a given grid cell’s
total evaporation that will later fall as precipitation in the given region of interest (i.e. Colorado’s
Front Range defined in section 2.4).

For this research, we backtracked Front Range precipitation from 19 December 2023 to 1
January 2000. However, in our analysis, we do not include data from December, November,
October, nor September of 2023 to allow over three months of spin-up time for the model. Since
water vapor is estimated to have a short lifetime of around nine days on average (van der Ent et
al., 2014; van der Ent and Tuinenburg, 2017), three months is ample time required for the
WAM2layers to reach a stable state. Based on a sensitivity analysis, we also decided to run the
WAM2layers with a limited domain of only the Northern Hemisphere from 80°N to 0°N/S to
reduce the amount of core hours needed to run the model and store output. Reducing the domain

to exclude the Southern Hemisphere did not dramatically affect the results of this study but did,



however, dramatically reduce the computational time of the model (Figure A.2.1 in the
appendix). We also limited the domain to below 80°N latitude because, at high latitudes, the
model’s method for moving moisture between grid cells can lead to unrealistic distribution of
water vapor, a known issue related to numerical diffusion (Kalverla et al., 2024).
2.3 Data: ERAS Reanalysis

The WAM?2layers relies on meteorological variables from the 0.25-degree latitude-
longitude ERAS Reanalysis dataset (Hersbach et al., 2020). For this project, we use variables
measured hourly that include specific humidity, zonal and meridional wind speed, surface
pressure, evaporation, and precipitation. In addition to the meteorological variables from ERAS,
we also used ECMWEF’s land-sea mask to quantify the evaporative contributions of terrestrial
versus aquatic regions. This land-sea mask assigns each cell a value ranging from 0 to 1
representing the cell’s land to water ratio based on land surface calculations last updated in
December of 2019. ERAS is the most current version of the European Centre for Medium-Range
Weather Forecasts’ global climate reanalysis data product and performs well against
precipitation observations in North America (Crossett et al., 2020; Beck et al., 2019; Tarek et al.,
2020). Since the Front Range region sits just east of the Rocky Mountains, local details of

precipitation are unable to be well represented.



2.4 Study Region: Colorado’s Front Range

There are many geographical definitions of the Front Range, but we decided to use the
Front Range region (FTR) of the alternate climate divisions developed for Colorado by
Schumacher et al. (2024). That region was adapted to a quarter degree by quarter degree grid as
depicted in Figure 2, and contains major cities such as Denver, Fort Collins, and Boulder. To be
clear, these alternate climate divisions are not NOAA’s (National Oceanic and Atmospheric
Administration) official Climate Divisions that characterize Colorado regions by river basin.
Instead, these alternate climate divisions characterize regions in Colorado by climate variability
(Schumacher et al., 2024). For our specific purposes, we focus on the Front Range region of
Colorado’s Alternate Climate Divisions due to this region receiving extreme precipitation in

May-July of 2023 and it is the most populous region among all 11 alternate climate divisions.

Colorado's Front Range Region

Figure 2: Map of Colorado depicting the Front Range region in green. Dark gray lines represent
state boundaries, and the lighter gray lines represent county boundaries.



To note, this analysis was also conducted for the other four alternate climate divisions in
Eastern Colorado (the Eastern Plains region, High Mountain Valley region, Pikes Peak region,
and the Arkansas Basin region that also experienced an extremely wet May-July season in 2023.
Results for these regions can be found in appendix A.

2.5 K-Means Clustering Analysis

To identify how moisture sources in 2023 compared to individual years instead of a
climatological average, we applied a k-means clustering analysis to tracked-evaporation
anomalies accumulated across May-July (MJJ) from 2000 to 2023. This method is an
unsupervised machine learning algorithm chosen for its ease of physical interpretation and
minimal required user inputs, reducing the interference from researcher specific bias. The goal of
k-means clustering is to minimize the distance between each sample and the centroid of its
assigned cluster and maximize the distance between the sample and centroids of different
clusters (Loyd, 1982). For the purposes of this study, this method will group all twenty-four
years (2000-2023) such that years with the most similar moisture source anomaly patterns will be
sorted into the same group and that each cluster will be as distinct from each other as possible.
This allows us to understand which individual MJJs are most similar to 2023, further putting this
extreme year into context.

To do so, we used Scikit-Learn’s k-means clustering algorithm as described in Pedregosa
et al. (2012). As for every k-means analysis, we must decide and specify “k”, i.e. the number of
clusters to create. To select the optimal number of clusters for our data, we decided to use
clustering metrics in combination with our personal knowledge of moisture sources to access the
optimal number of clusters and avoid over-fitting. Since there are only twenty-four MJJ periods

between 2000 and 2023, we decided to limit the maximum number of clusters to ten to avoid
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over-fitting. Using more than ten clusters would decrease the interpretability of the results and
inhibit our ability to contextualize moisture sources in MJJ of 2023. The further selection of our
k value relies on a clustering metric, the elbow method. Results of the elbow method are
described in section 3.3.
2.6 Empirical Orthogonal Function (EOF) Analysis

Empirical orthogonal function (EOF) analyses, sometimes referred to as principal
component analysis (PCA), is a popular and robust method among the climate research
community to study spatial patterns of the major modes of variability for a given variable. In
moisture sources research, they have been applied to identify the spatial patterns of major modes
of moisture source variability for a specific study region (e.g. Keys et al., 2014; Hu and
Dominguez, 2015). In this study, we preprocessed tracked evaporation data by removing the grid
cell mean with respect to time, leaving anomalous MJJ track evaporation anomalies to analyze.
We then computed an EOF analysis on anomalous tracked evaporation accumulated over May,
June, and July (MJJ) of a given year during 2000 to 2023. Our goal was to analyze how the
moisture sources across MJJ of 2023 relate spatially to the major patterns of moisture source
variability of Front Range precipitation. The first EOF is considered the eigenvector with the
greatest associated eigenvalue that represents the spatial pattern that explains the most variance
in Front Range moisture sources. In this study, we will focus on the two leading EOFs to better
understand the Front Range’s moisture source inter-annual variability and how moisture sources
in 2023 compare. Due to memory constraints, we reduced the size of the data by only including
data within the contiguous US and some of the surrounding oceans (67.0° W to 134.0° W
longitude and 23.0° N to 49° N latitude). Our results are constrained to the portion of Front

Range moisture sources within these bounds.
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CHAPTER 3: RESULTS

3.1 Moisture Sources of May, June, and July 2023 Precipitation

Here we discuss the moisture sources of Front Range precipitation in the months of May,
June, and July of 2023 spatially (figure 3.a), by absolute regional contribution (3.b and 3.c.), and
relative regional contributions (3.d and 3.e). Bar chart colors indicate the different evaporative
source regions: terrestrial sources are shown in brown and yellow hues, with yellow representing
moisture originating from within Colorado. Aquatic sources are depicted in teal and blue,
representing contributions from the Atlantic and Pacific Ocean basins, respectively. The bar
chart is stacked in such a way that contributions from aquatic source regions are stacked at the
bottom, followed by terrestrial sources on the top for easy differentiation. In Figures 3.b and 3.c,
the height of the bar charts represents the accumulated monthly volume of evaporation that will
fall as precipitation in the Front Range region. Bar height in Figures 3.d and 3.e are all 100% to
represent the proportion of regional contribution during the specified time.

To note, at the monthly and annual time scale, total (spatially summed) tracked
evaporation can be considered equivalent to accumulated precipitation (van der Ent and
Tuinenburg, 2017; Gimeno et al., 2021). Moving forward, total annual or monthly tracked
evaporation can also be considered as annual or monthly total precipitation, subject to the
limitations of ERAS as outlined above. This section is organized as follows, first detailing the
amount and composition of rainfall accumulation cumulatively across these three months and

then individually thereafter.
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Sources of Front Range Precipitation
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According to ERA 5 reanalysis data, the Front Range received just over 1.8 trillion
gallons of water cumulatively in the late spring and early summer of 2023, equivalent to 13.3
inches of water covering the entire Front Range. Based on a 23-year average, this region
typically accumulates 7.5 inches of precipitation across May, June, and July (MJJ). This almost
doubling in MJJ precipitation aligns well with observations taken from this period and confirms
the extreme nature of rainfall during this period.

Precipitation across May, June, and July of 2023 broadly originated from both terrestrial
and aquatic areas spanning from the Northwest to the Southeast of the Front Range (FTR) with
grid cells in Colorado, the Gulf of California, and Utah making up some of the greatest
individual cell-based contributions (figure 3.a). In May through July of 2023, evaporation from
terrestrial sources made up 50.1% of accumulated precipitation in the Front Range, whereas
aquatic sources made up 49.9% (figure 3.e). Looking at regional contributions, the Pacific
Ocean, Western US, and Colorado (including FTR) are the largest contributing regions by
volume across the three-month period. These regions made up 33.7%, 19.3%, and 13.2%
respectively of precipitation in the Front Range, or 66.2% of the precipitation combined in this
three-month period (figure 3.e). Moisture recycling from within the FTR itself made up 3.8% of
total precipitation during these three months or 269.6 million cubic meters of rainfall in absolute

terms. The following text will discuss results from each month individually.
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May 2023 is characterized as the wettest month of this MJJ period with multiple heavy,
convective rainfall events producing just under 3 million cubic meters of water in total,
equivalent to just over 5.5 inches of water covering the entire Front Range (Figure 3.b).
Compared to the last 23 years, May 2023 received 167.9% of average May rainfall. Out of
eleven regions, the three most contributing regions by volume were the Pacific Ocean, Western
US, and Colorado (including the FTR) listed from greatest to least contribution. These regions
made up 35.0%, 16.7%, and 9.5% respectively of Front Range precipitation, or 61.2% of
precipitation combined (figure 3.d). From moisture evaporated from within the FTR, moisture
recycling made up 3.0% (figure 3.d) of total monthly precipitation or, in absolute terms, 88.2
million cubic meters (figure 3.b) of water. Interestingly, regions such as the Southern US and the
Gulf of Mexico may not be the largest contributors to May precipitation (figure 3.b), but in
comparison to the last 23 years (figure 4.b), these regions contributed up to 5 times more water
than they typically do this time of year.

June 2023 notably received the most anomalous amount of precipitation received in a
single month that year, despite being the second wettest month. In total, the Front Range
accumulated just over 4.8 inches of rain, 2.7 inches more than average June rainfall. This is
225.4% of average July rainfall throughout the past 23 years. In other words, June 2023 received
over twice its usual amount of precipitation. The three most contributing moisture sources by
volume were the Pacific Ocean, Western US, and Colorado (including the FTR), listed from
greatest to least contribution. These regions made up 38.1%, 22.0%, and 17.3% respectively of
Front Range precipitation, or 77.4% of precipitation combined (figure 3.d). Compared to May
and July of 2023, the Atlantic Ocean and the Gulf of Mexico was less important to this

anomalous precipitation in June (figure 3.b). In terms of moisture recycling, evaporation from
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the FTR comprised 4.7% of total rainfall or 119.4 million cubic meters of water evaporated in
the FTR returned as rainfall in the region during June (figure 3.b and 3.d).

July 2023 is designated by moderately above average precipitation and likely monsoonal
influence. Total rainfall in July 2023 was equivalent to a depth of 3.0 inches of water, amounting
to receiving 142.9% of average July precipitation over the last twenty-three Julys. In 2023, this
month’s three most contributing moisture sources to precipitation by volume were the Pacific
Ocean, Western US, and Atlantic Ocean listed from greatest to least contribution. These regions
made up 24.1%, 19.6%, and 17.6% of the total monthly precipitation respectively, or 61.3% of
precipitation collectively (figure 3.d). The Atlantic Ocean is among the greater moisture sources
in July, likely due to the onset of the North American Monsoon, known for being active
throughout the late summer. This synoptic circulation pattern favors the advection of moisture
from the Atlantic Ocean, Gulf of Mexico, and the Gulf of California into the region.

3.2 Comparing 2023 to 23-Year Average

The previous section established the moisture sources of extreme rainfall in May, June,
and July of 2023 in the Front Range region; this section aims to compare how these results relate
to the average of moisture sources from 2000-2022 (Figure 4.a-¢). Since the moisture sources
from the past twenty-three years are presented as an average instead of a single year (like figure
3.a-e), we defined average regional contribution as follows. First, we start by summing up the
daily tracked evaporation in each time period (MJJ, month, etc.). Secondly, we take the summed
tracked evaporation at each grid cell and take its mean through time, producing a map of average
grid cell tracked evaporation in the given time period (Figure 4.a). To calculate the average
regional tracked evaporation contribution, I then multiply the map in Figure 4.a by a binary mask

of each region with 1 representing a grid cell inside the region and 0 indicating outside of the
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source region. To be clear, the average regional contribution is not the simple average of regional
contribution over time. We calculated the regional contributions such that their relative

contributions all add up to 100%.
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Average sources of Front Range Precipitation
May-July 2000-2022
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through July. (b) Average monthly regional contributions to the FTR in volume of water vapor
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precipitation in volume of water vapor (m?). A map defining each of these regions is provided in
the supplementary material.
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Over the last 23 years, the Front Range (FTR) region typically accumulates 7.5 inches of
precipitation across May, June, and July (MJJ). On average, rainfall during these three months
mostly originated from aquatic and terrestrial areas directly to the west and southwest of the
FTR. Comparatively, the moisture sources of MJJ rainfall in 2023 (Figure 3.a) originated from a
much broader range of regions than the average moisture sources from the past 23-years (Figure
4.a). For example, grid cells in regions like the Midwest, Southeastern US, and the Gulf of
Mexico have historically contributed less than 100,000 m? of water (Figure 4.a) in MJJ, whereas
in 2023, many of these grid cells contributed >200,000 m? (figure 3.a) of water during the same
timeframe shaded in brown hues.

In May through July, evaporation from terrestrial regions have on average made up
46.2% of precipitation in the Front Range, whereas aquatic sources made up 53.8% of
precipitation. In 2023, terrestrial moisture sources (represented by brown and yellow hues of
Figure 4.c and 3.c) increased their contribution from an average of 2.1 billion cubic meters of
water (Figure 4.c) to 3.5 billion cubic meters (figure 3.c) in May through July. Not only did
terrestrial surfaces contribute water vapor to the FTR, but these regions also made up a greater
proportion of total MJJ rainfall increasing from 46.2% on average to 50.1% in 2023.

Over the past 23 years, the three regions that contributed the most to FTR rainfall across
MIJJ on average are the Pacific Ocean, the Western US, and Colorado itself (including FTR)
(Figure 4.c). Respectively, these regions made up 39.3%, 19.2%, and 13.1% of MJJ rainfall on
average, or 71.6% cumulatively. These three regions were also the largest moisture sources in
2023 (figure 3.c). According to these estimates, this means that the usual most important regions
(in terms of volume of water contributed to FTR precipitation) remained the most important in

2023, but these major source regions shared a smaller proportion of the total MJJ precipitation.
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Differing by 5.4% compared to the average share of FTR rainfall (71.6%). Although the largest
moisture sources still did contribute more volume of water in 2023 (Figures 3.c and 4.c) than on
average, smaller moisture sources (in terms of volume of water contributed) must have
contributed twice or three times as much to account for the observed decrease in the largest
moisture sources share of FTR precipitation in 2023.

Less dominant regions, such as the Midwest, Southeastern US, and Gulf of Mexico,
contributed to extreme precipitation in May, June, and July (MJJ) of 2023 by contributing up to 4
times the amount of water they typically contribute on average. Typically, these regions
contribute 73.2, 88.2, 99.5 million cubic meters of water to FTR precipitation respectively
(Figure 4.c), whereas they contributed 193.1, 353.6, and 274.7 million cubic meters in May
through July of 2023 (Figure 3.c). Although these regions still only account for 2.7%, 5.0%, and
3.9% of FTR precipitation in 2023 respectively, the Midwestern US contributed 2.6x, the
Southern US contributed 4.0x, and the Gulf of Mexico contributed 2.8x the volume of water than
they have on average. Not only did these regions contribute much larger amounts of moisture,
they also made-up greater proportions of FTR precipitation in 2023 as alluded to in the
paragraph above.

Ultimately, this suggests that 2023’s extreme precipitation mostly originated from its
most typical source regions, rather than being driven by an anomalous influx of moisture from an
atypical location. However, smaller regions may have enhanced the anomalous amount of

moisture reaching the FTR by contributing up to 4x their usual amount of moisture.
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3.3 Clustering of Interannual Evaporation Patterns

To contextualize the moisture sources in 2023 with individual years, we applied a k-
means clustering analysis to MJJ tracked evaporation anomalies from 2000-2023. The elbow
method is one of the most popular methods used to determine optimal k values. This method is
often criticized for its subjectivity when the ‘crook’ of the elbow is not well defined. However,
as seen in figure 5, we believe the crook of the elbow is clear and well defined. This method
identifies the optimal number of clusters by calculating the within-cluster sum of the squared
errors (WCSS) between all samples and their identified centroid. The optimal cluster number is
apparent when adding more clusters does not significantly reduce the WCSS significantly
(Syakur et al., 2018). As shown in figure 5, after k values of three or four, WCSS decreases
minimally. As such, we decided to use three clusters in efforts to strike a balance between model

simplicity and capturing meaningful structure in the data.
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Figure 5: The elbow method with within-cluster sum of the squared error on the y axis and k,
the number of specified clusters, plotted on the x axis. Before WCSS was calculated, the centroid
clusters were calculated iteratively 100 times.
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K-means clustering is an unsupervised machine learning technique and we use it to group
the twenty-four MJJs into three distinct categories with similar spatial patterns. The results
shown below are after 10,000 iterations to ensure a stable convergence of the clusters. Figure
6.a-c describes the average MJJ tracked-evaporation anomaly pattern for each cluster. Figure 6.d
is a time series of the spatially summed tracked evaporation for a given MJJ. At the 3-month
timeframe, total tracked evaporation is also equivalent to total precipitation (van der Ent and
Tuinenburg, 2017; Gimeno et al., 2021). Each MJJ is then colored by what cluster they were
assigned to.

Clusters one and two represent years with generally increased or decreased moisture
contributions from Colorado, along with modest shifts in contributions from the Pacific Ocean,
Gulf of California, and Western US (Figures 6.a and 6.b). From analysis in section 3.2, these
regions closely coincide with major moisture sources of Front Range precipitation. Essentially,
these two clusters distinguish between years with a surplus (cluster one) or deficit (cluster two)
of moisture from largely local source regions. Figure 6.d describes the years assigned to each
cluster as well as the total Front Range precipitation associated with that given season. This
graph hints that anomalous moisture especially from local sources within Colorado may coincide
with drier or wetter wet seasons in the Front Range. Though this pattern is interesting, it serves
mainly as context for interpreting the more unusual case of 2023, and further investigation sits

outside of the scope of this project.
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Figure 6: Spatiotemporal patterns of MJJ evaporation anomalies from k-means Clustering. (a),
(b), (c) Cluster average MJJ moisture contribution. (d) MJJ total precipitation (spatially summed
e-track) overtime colored by the assigned cluster.
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MIJJ of 2023 was the only year assigned to cluster three (Figure 6.d), making it an outlier
in this 24-year record. As a result, the centroid in Figure 6.c reflects only 2023’s tracked
evaporation anomalies and is not a composite of multiple years. This separation from clusters
one and two is interesting. Although 2023 shared the same dominant moisture sources (e.g.
Colorado and the Pacific Ocean), the magnitude of contributions from those regions was
dramatically higher than in any previous year. This extreme anomaly likely drove the clustering
algorithm to isolate 2023 into its own group.

The distinctiveness of 2023 highlights how abnormally intense the moisture inflow was,
despite the familiar major source regions. It suggests that while the spatial pattern of source
region remains consistent with climatological norms found in previous sections, the volume of
these contributions varied enough to distinguish 2023 entirely. This raises compelling questions
about the cause of such intense moisture transport. Future research could examine the dynamical
drivers behind moisture transport in the early summer of 2023. Although such interpretation is
beyond the scope of this project, the isolation of 2023 underscores the value of moisture source
tracking in identifying and contextualizing the nature of extreme hydroclimatic events.

3.4 Dominant Variability Patterns

In this last section of analysis, we identify the dominant variability patterns of MJJ
season moisture sources using an empirical orthogonal function (EOF) analysis. Figure 7
illustrates the percent of variance explained (PVE) by a given eigenvector sorted from most to
least variance explained. This value is determined by dividing the eigenvalue of a given

eigenvector by the sum of all eigenvalues and multiplying by one hundred.
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assuming that each MJJ season is independent of one another.
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In this analysis, we only discuss the first two eigenvectors which together account for
72.0% of the variance in MJJ season tracked evaporation from 2000 to 2023. Separately,
eigenvector one accounts for 60.0% of variance and with 95% confidence, it could range from
68.7% to 51.4% of variance in our data. Eigenvector two accounts for 12.8% of variance and its

confidence bounds range from 14.7% - 11.0%. By convention, eigenvector one represents the
most variance in the system, but it accounts for much more variance than all of the other
eigenvectors (i.e. vectors 2-28,245) combined. As seen in Figure 7, after eigenvector two,
percent variance explained decreases very little with increases in each subsequent eigenvector,
indicating that these eigenvectors could represent noise rather than physically meaningful

variability. As such, this analysis only focuses on the first two eigenvectors and their associated
principal components.
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As seen in Figure 8.a, the first eigenvector (EOF1) describes a pulsing of positive and
negative tracked evaporation anomalies from within Colorado. Notably, the highest evaporation
contribution anomalies occur within the sink region itself, extending beyond the color bar range
plotted. This eigenvector accounts for the largest portion of variance in the data, representing the
dominant mode of variability among MJJ seasons from 2000 to 2023. Figure 8.b shows the
normalized principal component (PC1) associated with eigenvector one. Essentially, the values
in PC1 represent how much of the spatial pattern shown in EOF1 is in a given year. The MJJ
season of 2023 has the strongest expression of EOF1 with over 2.5 standard deviations above the
average. The dominant mode of variability that throughout 2000-2024 is expressed most
intensely in the 2023 MJJ season. This further emphasizes to the extreme nature of Colorado and

moisture recycling’s contribution to Front Range rainfall in 2023.

a) EOF 1 Spatial Pattern b) Principal Component 1 (Standardized)

Sigmas

-4.0 2.0 0.0 2.0 4.0
Amplitude (x10° m3)

2000 2003 2006 2009 2012 2015 2018 2021 2023
Year

Figure 8: (a) Spatial pattern of the first empirical orthogonal function (EOF2) of MJJ tracked
evaporation anomalies for the Front Range region (FTR) from 2000-2023. (b) Standardized
principal component time series (PC1) corresponding to EOF1.

While EOF1 represents the pulsing behavior of Colorado moisture contribution, EOF2

describes a north-south dipole pattern in anomalous tracked evaporation as seen in Figure 9.a.
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This spatial pattern implies that years with large negative values in PC2 (Figure 9.b) received
anomalously high amounts of moisture from the Pacific Ocean and the Southwestern US and
anomalously low amounts of moisture from Western US, and vice versa. The most intense
tracked evaporation anomalies still reside within Colorado but also expanded to northern Utah
and the Pacific Ocean. EOF2 represents 12.8% of the variance in evaporative contribution in
MJJ, considerably less than EOF1, but nonetheless represents the secondary mode of variability
in our data. To understand the physical basis of EOF2, more research would need to be
conducted looking at the dominant synoptic environment within years with strong positive or
negative PC2 values. To speculate, EOF2 could represent the movement of the subtropical jet
stream altering north south moisture sources from latitudinal movement, or the variability in the
North American Monsoon circulation which could lead to increased contributions from the
American Southwest and Pacific Ocean. In 2023, PC2 value is only 0.2 standard deviations from
the average. Since the PC2 value in 2023 is near neutral, this secondary mode of variability had

little role in the 2023 MJJ season precipitation.
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Figure 9: (a) Spatial pattern of the second empirical orthogonal function (EOF2) of MJJ tracked
evaporation anomalies from 2000-2023. (b) Standardized principal component time series (PC2)
corresponding to EOF2.
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To conclude, this EOF analysis reveals the two dominant modes of moisture source
variability among the past twenty-four MJJ seasons and which modes were more important in
2023. The dominant mode of variability in our dataset, EOF1, was a pulsing behavior depicting
whether a given year had anomalously high or low contributions from Colorado, the Gulf of
California, and the Pacific Ocean. The positive phase of EOF1 indicating increased evaporative
contributions from these regions played a significant role in 2023 compared to other years. In
contrast, the secondary mode of variability, EOF2, describes a dipole between northern and

southern moisture sources and had much less of a role in 2023.
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CHAPTER 4: DISCUSSION AND CONCLUSION

4.1 Discussion

In summary, this study provides new insights into the moisture sources of the extreme
precipitation in May-July of 2023 for Colorado’s Front Range region. This work demonstrated
that in the 2023 May, June, and July season:

1. The three dominant moisture sources were the Pacific Ocean, Western US, and
Colorado, accounting for just over 66.2% of total precipitation.

2. While those regions are consistent with the dominant historical moisture sources,
terrestrial sources and moisture recycling made up a greater proportion of
precipitation than they have historically.

3. Moisture sources in May-July 2023 were a statistical outlier in terms of the
magnitude of moisture contributed to the Front Range, forming a cluster of its own
relative to the past 24 years.

4. Among the two dominant modes of variability, 2023 aligns more with a basin-wide

pulsing pattern rather than a north—south dipole pattern of moisture sources.

In this section, we put these findings into a broader perspective of moisture recycling research in
the Southwestern US.

Due to the recency of the 2023 events, our conclusions were more difficult to corroborate
since no peer-reviewed studies had been published on these same events at the time of this
writing. There is, however, literature examining moisture sources during historically wet seasons
for the entire Southwestern United States (including Colorado). Based on this, we will

qualitatively review how 2023 moisture sources compare broadly to sources during other wet
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years. Skinner et al. (2023) found that during the wettest summers (June, July, August) in the
Southwestern United States, the percent change in moisture from areas inside the region
compared to normal increased by 42% and from areas outside of the Southwest, increased by
48% (Skinner et al., 2023). This could suggest that during wet years in the Southwest, there is a
widespread increase in moisture content from nearly all source regions, rather than a singular
anomalous import from a specific source region. Our findings indicate a similar pattern. We
found that Colorado's northern Front Range received anomalously high precipitation
contributions from all dominant moisture source regions. To truly understand the potential
mechanism of enhanced wet season precipitation, additional modeling and analysis beyond the
scope of this work would be required.

Our understanding of the northern Front Range’s typical moisture sources aligns with and
contrasts various findings in existing research. In a 2000 report from the Colorado Climate
Center, they state that the statewide primary sources of summertime precipitation strictly come
from aquatic sources such as the Pacific Ocean, the Gulf of Mexico and the Gulf of California
(Mckee et al., 2000). Our results concur that the Pacific Ocean is the greatest moisture source by
volume for the Front Range in May, June, and July, but we also find that the western US and
Colorado itself are some of the major sources of moisture. We also affirm that aquatic sources all
together make up over 50% precipitation on average and consider aquatic source regions to be
more dominant source of moisture to Front Range precipitation than terrestrial sources on
average (Figure 4.¢).

However, our study indicates that the Gulf of California and the Gulf of Mexico are
considered minor moisture sources, only making up 2.3% and 2.5% of MJJ precipitation on

average. The report by Mckee does not provide quantitative estimates of moisture sources for
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Colorado nor the Front Range specifically, so we are unable to directly compare results.
Nonetheless, we do find general agreement in the prominence of large-scale aquatic sources,
particularly the Pacific Ocean, as major contributors to MJJ precipitation in Colorado. Another
likely source of discrepancy could be how we define evaporative contributions from sources.
Since we define moisture sources by where precipitation last evaporated from, these regional
contributions do not include moisture that initially evaporated from the Gulf of Mexico or Gulf
of California but later precipitated and reevaporated again before reaching the Front Range.

Jana et al. (2018) used the Lagrangian particle tracking model, HYSPLIT, to trace the
moisture trajectories of precipitation falling at a point location in Eastonville, Colorado (south of
the Front Range region) from 1979-2013. This study found evidence that the dominant source of
moisture in Eastern Colorado is almost exclusively land evaporation followed by modest
amounts from the Gulf of California (Jana et al., 2018). In contrast, our study found that on
average, terrestrial sources make up 46.2% in the Front Range which sits just north of
Eastonville. Since these regions do not overlap, we expect some discrepancies in moisture
sources, but due to the proximity of these areas, it is interesting that Eastonville appears to
receive a much larger proportion of its rainfall from terrestrial sources.

One likely reason for this is that the Jana et al. (2018) study traced moisture backwards
only for 3 days before the precipitation event. It is possible that the moisture from other sources
identified in our study, such the Pacific Ocean or Atlantic Ocean, surpasses the three-day
tracking limit for the HYSPLIT simulations, and so was excluded from consideration of this
study. As mentioned before, water vapor has an average residence time of under nine days (van

der Ent et al., 2014), so considering the Front Range’s distance from oceanic bodies of water, it
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1s reasonable to expect water from aquatic sources to take longer than 3 days to travel to
Colorado.

Our finding that terrestrial regions contributed a greater proportion of total precipitation
during this specific wet year in Colorado’s Front Range, is consistent with observations from
other studies of wet years in the Southwest. The Skinner et al. (2023) study discussed earlier in
this section found that during the wettest Springs (March, April, May), 14-18% of springtime
precipitation in the Southwestern United States originated from inside the region itself (Skinner
et al., 2023). Whereas during the wettest summers, recycled moisture made up 30% of
Southwestern precipitation. These estimates are higher than the proportion FTR contributes to its
own precipitation in May, June, and July of 2023 as shown in Figure 3.c. Given that moisture
recycling is very dependent on the selected study region (van der Ent et al., 2010), it is
understandable that Skinner et al.’s paper has a different proportion of moisture recycling due
their study region covering a much broader area, spanning multiple states.

In terms of the possible importance of land evaporation during wet years, Erlingis et al.
(2019b) suggests that in Colorado and New Mexico, summer precipitation in wetter years is
prominently influenced by land surface evaporation (Erlingis et al., 2019b). Yet, more research is
needed to truly understand the relationship between terrestrial sources of moisture and extreme
precipitation.

Finally, we consider the results of our EOF analysis to assess dominant patterns of
moisture source variability in Front Range precipitation from 2000 to 2023. As mentioned above,
the lack of studies directly analyzing this event or region limits direct corroboration, so we
interpret our results in the broader context of related work on large-scale moisture source

variability. In Keys et al. (2014), they find that for three distinct sink regions in China, Africa,

32



and South America, the greatest year-to-year variability in core moisture sources is characterized
by a pulsing pattern of increased or decreased evaporative contributions. This finding remains
true even when using a different reanalysis dataset, MERRA (Keys et al., 2014). For the Front
Range, we reach the same conclusion that interannual variability in Front Range moisture
sources can best be described by pulsing of anomalous contributions from high-contributing
source areas, as illustrated by EOF1 in Figure 8.a.
4.2 Conclusion

Focusing on some of Colorado’s most populous regions, this thesis provides a
comprehensive analysis on the moisture sources associated with the extremely wet May-July
season of 2023. Utilizing ERAS reanalysis data and the WAM2layers, this study provides
insights into the recent evaporative origins of warm-season precipitation in Colorado’s Front
Range. This extraordinarily wet May-July appears to result from an anomalous increase in water
vapor contributions from typical dominant source regions, with terrestrial sources and regions
within Colorado playing an unexpectedly larger role than usual in the 2023 season. With these
typical source regions likely driving much of the inter-annual variability in moisture sources,
these findings highlight the Front Range’s possible sensitivity to land-atmosphere feedback
processes or changes in the evaporative fluxes of local land surface. Specifically, this work
demonstrated the following key findings for the evaporative origins of the 2023 May-July
season:

1. The three primary moisture sources were the Pacific Ocean, Western US, and

Colorado, accounting for just over 66.2% of total precipitation.
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2. While those regions are consistent with the dominant historical moisture sources,
terrestrial sources and moisture recycling made up a greater proportion of
precipitation than they have historically.

3. Moisture sources in May-July 2023 were a statistical outlier in terms of the
magnitude of moisture contributed to the Front Range, forming a cluster of its own
relative to the past 24 years.

4. Among the two dominant modes of variability, 2023 aligns more with a basin-wide

pulsing pattern rather than a north—south dipole pattern of moisture sources.

4.3 Future Directions

Future research could benefit from a more detailed examination of the specific
atmospheric pathways that moisture takes to the Front Range and the specific synoptic drivers
associated with transporting water vapor. Understanding the precise transport mechanisms such
as low-level jets, the North American Monsoon, and upslope flows could provide key insights
into the drivers of extreme precipitation in Colorado and increase forecast ability of extreme
precipitation events in Colorado. Additionally, investigating the links between large-scale
teleconnections and moisture source variability would also improve our understanding of how
climate modes (e.g. ENSO) regulate moisture transport to the Front Range.

Furthermore, contextualizing these results with observational datasets such as stable
water isotope analysis or satellite-based water vapor observations could further validate or
invalidate the moisture sources found in this study. This could also help further identify the
biases and limitations of the current moisture tracking methods. Lastly, extending the analysis

period beyond twenty-four years could reveal if the moisture source patterns in 2023 represent an
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increasingly relevant trend or simply an anomalous outlier for the Front Range. A longer-term

dataset would also strengthen the robustness of the results presented herein.
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APPENDIX A: SUPPLEMENTAL FIGURES AND ANALYSIS

A.1 Source and Sink Region Maps

Colorado's Alternate Climate Divisions

Climate Division

Figure A.1.1: Colorado’s Alternate Climate Divisions described in Schumacher et al. (2024)
adapted to a 0.25°x0.25° latitude longitude grid. State and county boundaries are marked in black
and grey.
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Moisture Source Regions
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Figure A.1.2: Classification of moisture source regions. Broader ocean areas follow the Global
Oceans and Seas dataset (Flanders Marine Institute, 2021), and suboceanic regions, including the
Gulf of Mexico and Gulf of California, are defined using International Hydrographic
Organization boundaries (Flanders Marine Institute, 2018). Land-based regions are based on the
U.S. Census Bureau regional divisions. The sink region shown here is the Front Range, but
changes depending on the sink region for each analysis.

A.2 Domain Sensitivity Analysis
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Figure A.2.1: Sensitivity analysis comparing the monthly spatially sumed tracked evaporation
between WAM?2layer runs with different latitude-longitude constraints. The global run tracks

evaporation from regions within 80°S to 80°N latitude whereas the northern hemisphere runs
from 0° to 80°N latitude.
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A.3 Eastern Plains Region Analysis

Sources of Eastern Plains Precipitation
a) May-July 2023
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Figure A.3.1: a), b), ¢), d), e) Spatial and monthly variation in moisture sources of Eastern Plains (EPL)
precipitation in May, June, and July of 2023. a) Map of evaporative sources of EPL precipitation
accumulating from May through July of 2023. b) Monthly regional contribution to the EPL in volume of
water vapor (m?). ¢) Cumulative regional evaporative contribution across May, June and July of 2023 to
EPL precipitation in volume of water vapor (m®). d) Monthly regional evaporative contribution as a
percent of total monthly evaporative contribution. e) Cumulative regional contribution as a percent of
total monthly evaporative contribution. Sink region outlined in red. Note, y-axis ranges in b) and c) span a
larger array of values since this region received more precipitation than the Front Range.
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Average sources of Eastern Plains Precipitation
a) May-July 2000-2022
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Figure A.3.2: (a), (b), (c) Spatial and monthly variation of Eastern Plains (EPL) moisture sources
averaged from 2000-2022. (a) Map of average tracked evaporation accumulating from May through July.
(b) Average monthly regional contributions to the EPL in volume of water vapor (m?). (c) Average
cumulative regional contribution across May, June and July to FTR precipitation in volume of water

vapor (m?). Note, y-axis ranges in b) and c) span a larger array of values since this region received more
precipitation than the Front Range.
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a) Cluster 1 b)
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Figure A.3.3: Spatiotemporal patterns of MJJ evaporation anomalies of Eastern Plains (EPL)

precipitation from k-means Clustering. (a), (b), (c) Cluster average MJJ moisture contribution. (d) MJJ
total precipitation (spatially summed e-track) overtime colored by the assigned cluster.
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Figure A.3.4: Results from EOF analysis on the Eastern Plains region (EPL). Percent variance explained

(PVE) by eigenvectors ranked from least to greatest eigenvalue. Error bars represent 95% confidence
bounds as calculated in North et al. (1982) assuming that each MJJ season is independent of one another.

43



b)» Principal Component 1 (Standardized)
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Figure A.3.5: (a) Spatial pattern of the first empirical orthogonal function (EOF1) of MJJ tracked
evaporation anomalies for the Eastern Plains region (EPL) from 2000-2023. (b) Standardized principal
component time series (PC1) corresponding to EOF1. Sink region marked in yellow.
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Figure A.3.6: (a) Spatial pattern of the first empirical orthogonal function (EOF2) of MJJ tracked
evaporation anomalies for the Eastern Plains region (EPL) from 2000-2023. (b) Standardized principal
component time series (PC2) corresponding to EOF2. Sink region outlined in black.
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A.4 Arkansas Basin Region Analysis

Sources of Arkansas Basin Precipitation
a) May-July 2023
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Figure A.4.1: a), b), ¢), d), e) Spatial and monthly variation in moisture sources of Arkansas Basin region
(ARK) precipitation in May, June, and July of 2023. a) Map of evaporative sources of ARK precipitation
accumulating from May through July of 2023. b) Monthly regional contribution to the ARK in volume of
water vapor (m?). ¢) Cumulative regional evaporative contribution across May, June and July of 2023 to
ARK precipitation in volume of water vapor (m*). d) Monthly regional evaporative contribution as a
percent of total monthly evaporative contribution. e) Cumulative regional contribution as a percent of
total monthly evaporative contribution. Sink region outlined in red. Note, y-axis ranges in b) and c) span a
larger array of values since this region received more precipitation than the Front Range.
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Average sources of Arkansas Basin Precipitation

a) May-July 2000-2022
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Figure A.4.2: (a), (b), (c) Spatial and monthly variation of Arkansas Basin (ARK) moisture sources
averaged from 2000-2022. (a) Map of average tracked evaporation accumulating from May through July.
(b) Average monthly regional contributions to the ARK in volume of water vapor (m?). (c) Average
cumulative regional contribution across May, June and July to ARK precipitation in volume of water
vapor (m?). Sink region outlined in red. Note, y-axis ranges in b) and c¢) span a larger array of values since

this region received more precipitation than the Front Range.
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a) Cluster 1 b) Cluster 2
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Figure A.4.3: Spatiotemporal patterns of MJJ evaporation anomalies of Arkansas Basin (ARK)
precipitation from k-means Clustering. (a), (b), (¢) Cluster average MJJ moisture contribution. (d) MJJ
total precipitation (spatially summed e-track) overtime colored by the assigned cluster.
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Figure A.4.4: Results from EOF analysis on the Arkansas Basin region (ARK). Percent variance
explained (PVE) by eigenvectors ranked from least to greatest eigenvalue. Error bars represent 95%

confidence bounds as calculated in North et al. (1982) assuming that each MJJ season is independent of
one another.
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a) EOF 1 Spatial Pattern b) Principal Component 1 (Standardized)
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Figure A.4.5: (a) Spatial pattern of the first empirical orthogonal function (EOF1) of MJJ tracked
evaporation anomalies for the Arkansas Basin region (ARK) from 2000-2023. (b) Standardized principal

component time series (PC1) corresponding to EOF1. Sink region marked in yellow.
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Figure A.4.6: (a) Spatial pattern of the first empirical orthogonal function (EOF2) of MJJ tracked
evaporation anomalies for the Arkansas Basin region (ARK) from 2000-2023. (b) Standardized principal
component time series (PC2) corresponding to EOF2. Sink region outlined in black.
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A.5 High Mountain Valley Region Analysis

Sources of High Mountain Valley Precipitation
a) _ May-july 2023
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Figure A.5.1: a), b), ¢), d), e) Spatial and monthly variation in moisture sources of High Mountain Valley
region (HMV) precipitation in May, June, and July of 2023. a) Map of evaporative sources of HMV
precipitation accumulating from May through July of 2023. b) Monthly regional contribution to the HMV
in volume of water vapor (m®). ¢) Cumulative regional evaporative contribution across May, June and
July of 2023 to HMYV precipitation in volume of water vapor (m®). d) Monthly regional evaporative
contribution as a percent of total monthly evaporative contribution. ) Cumulative regional contribution as
a percent of total monthly evaporative contribution. Sink region outlined in red.
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Average sources of High Mountain Valley Precipitation
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Figure A.5.2: (a), (b), (c) Spatial and monthly variation of High Mountain Valley (HMV) moisture
sources averaged from 2000-2022. (a) Map of average tracked evaporation accumulating from May
through July. (b) Average monthly regional contributions to the HMV in volume of water vapor (m?*). (c)
Average cumulative regional contribution across May, June and July to HMV precipitation in volume of

water vapor (m?). Sink region outlined in red.
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a) Cluster 1 b) Cluster 2
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Figure A.5.3: Spatiotemporal patterns of MJJ evaporation anomalies of High Mountain Valley (HMV)
precipitation from k-means Clustering. (a), (b), (c) Cluster average MJJ moisture contribution. (d) MJJ
total precipitation (spatially summed e-track) overtime colored by the assigned cluster.
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Figure A.5.4: Results from EOF analysis on the High Mountain Valley region (HMV). Percent variance
explained (PVE) by eigenvectors ranked from least to greatest eigenvalue. Error bars represent 95%

confidence bounds as calculated in North et al. (1982) assuming that each MJJ season is independent of
one another.
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a) EOF 1 Spatial Pattern b) Principal Component 1 (Standardized)
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Figure A.5.5: (a) Spatial pattern of the first empirical orthogonal function (EOF1) of MJJ tracked
evaporation anomalies for the High Mountain Valley region (HMV) from 2000-2023. (b) Standardized
principal component time series (PC1) corresponding to EOF1. Sink region marked in yellow.
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Figure A.5.6: (a) Spatial pattern of the first empirical orthogonal function (EOF2) of MJJ tracked
evaporation anomalies for the High Mountain Valley region (HMV) from 2000-2023. (b) Standardized
principal component time series (PC2) corresponding to EOF2. Sink region outlined in black.
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A.6 Pikes Peak Region Analysis

Sources of Pikes Peak Precipitation
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Figure A.6.1: a), b), ¢), d), e) Spatial and monthly variation in moisture sources of Pikes Peak region
(PKS) precipitation in May, June, and July of 2023. a) Map of evaporative sources of PKS precipitation
accumulating from May through July of 2023. b) Monthly regional contribution to the PKS in volume of
water vapor (m?). ¢) Cumulative regional evaporative contribution across May, June and July of 2023 to
PKS precipitation in volume of water vapor (m?). d) Monthly regional evaporative contribution as a
percent of total monthly evaporative contribution. ¢) Cumulative regional contribution as a percent of
total monthly evaporative contribution. Sink region outlined in red.
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Average sources of Pikes Peak Precipitation
a) ) May-July 2000-2022
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Figure A.6.2: (a), (b), (c) Spatial and monthly variation of Pikes Peak (PKS) moisture sources averaged
from 2000-2022. (a) Map of average tracked evaporation accumulating from May through July. (b)
Average monthly regional contributions to the PKS in volume of water vapor (m?). (c) Average
cumulative regional contribution across May, June and July to PKS precipitation in volume of water
vapor (m?). Sink region outlined in red.
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Figure A.6.3: Spatiotemporal patterns of MJJ evaporation anomalies of Pikes Peak (PKS) precipitation
from k-means Clustering. (a), (b), (c) Cluster average MJJ moisture contribution. (d) M1J total
precipitation (spatially summed e-track) overtime colored by the assigned cluster.
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Figure A.6.4: Results from EOF analysis on the Pikes Peak region (PKS). Percent variance explained
(PVE) by eigenvectors ranked from least to greatest eigenvalue. Error bars represent 95% confidence
bounds as calculated in North et al. (1982) assuming that each MJJ season is independent of one another.
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a) EOF 1 Spatial Pattern b) Principal Component 1 (Standardized)
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Figure A.6.5: (a) Spatial pattern of the first empirical orthogonal function (EOF1) of MJJ tracked
evaporation anomalies for the Pikes Peak region (PKS) from 2000-2023. (b) Standardized principal
component time series (PC1) corresponding to EOF1. Sink region marked in yellow.

a) EOF 2 Spatial Pattern b) Principal Component 2 (Standardized)
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Figure A.6.6: (a) Spatial pattern of the first empirical orthogonal function (EOF2) of MJJ tracked
evaporation anomalies for the Pikes Peak region (PKS) from 2000-2023. (b) Standardized principal
component time series (PC2) corresponding to EOF2. Sink region outlined in black.
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