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Abstract Streamflow controls many freshwater and marine processes, including salinity profiles,
sediment composition, fluxes of nutrients, and the timing of animal migrations. Watersheds that border
the Gulf of Alaska (GOA) comprise over 400,000 km? of largely pristine freshwater habitats and provide
ecosystem services such as reliable fisheries for local and global food production. Yet no comprehensive
watershed-scale description of current temporal and spatial patterns of streamflow exists within the coastal
GOA. This is an immediate need because the spatial distribution of future streamflow patterns may shift
dramatically due to warming air temperature, increased rainfall, diminishing snowpack, and rapid glacial
recession. Our primary goal was to describe variation in streamflow patterns across the coastal GOA using
an objective set of descriptors derived from flow predictions at the downstream-most point within each
watershed. We leveraged an existing hydrologic runoff model and Bayesian mixture model to classify 4,140
watersheds into 13 classes based on seven streamflow statistics. Maximum discharge timing (annual
phase shift) and magnitude relative to mean discharge (amplitude) were the most influential attributes.
Seventy-six percent of watersheds by number showed patterns consistent with rain or snow as dominant
runoff sources, while the remaining watersheds were driven by rain-snow, glacier, or low-elevation wetland
runoff. Streamflow classes exhibited clear mechanistic links to elevation, ice coverage, and other landscape
features. Our classification identifies watersheds that might shift streamflow patterns in the near future
and, importantly, will help guide the design of studies that evaluate how hydrologic change will influence
coastal GOA ecosystems.

Plain Language Summary Streams provide society with many benefits, but they are
being dramatically altered by climate change and human development. The volume of flowing water and
the timing of high and low flows are important to monitor because we depend on reliable streamflow

for drinking water, hydroelectric power, and healthy fish populations. Organizations that manage

water supplies need extensive information on streamflow to make decisions. Yet directly measuring flow is
cost-prohibitive in remote regions like the Gulf of Alaska, which drains freshwater from an area greater than
400,000 km?, roughly the size of California. To overcome these challenges, a series of previous studies
developed a tool to predict historical river flows across the entire region. In this study, we used 33 years
of those predictions to categorize different types of streams based on the amount, variability, and timing of
streamflow throughout the year. We identified 13 unique streamflow patterns among 4,140 coastal
streams, reflecting different contributions of rain, snow, and glacial ice. This new catalog of streamflow
patterns will allow scientists to assess changes in streamflow over time and their impact to humans and
other organisms that depend on freshwater.

1. Introduction

Streamflow is an influential environmental variable that controls physical, chemical, and biological pro-
cesses in freshwater (Poff & Ward, 1990) and marine ecosystems (Fredston-Hermann et al., 2016). At the
coastal margin, where transitions from river to estuary to ocean occur over relatively short distances, patterns
of streamflow—also termed flow regimes (Poff et al., 1997)—across time and space play an especially impor-
tant ecological role. The timing and magnitude of freshwater runoff to nearshore marine areas drive not only
physical habitat features such as water temperature (Whitney et al., 2017), salinity (Cloern et al., 2017), and
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sediment composition (Wright, 1977) but also downstream fluxes of nutrients and organic matter (Hood
et al., 2009; Hood & Berner, 2009; Whitney et al., 2018). Streamflow patterns are a strong driver of biological
community composition (for example, fishes and macroinvertebrates; Carlisle et al., 2011) and the timing of
animal migrations. At higher latitudes, streamflow pulses trigger the upstream spawning migration of ana-
dromous fishes such as Pacific salmon (Oncorhynchus spp.) that transfer marine-derived nutrients to oligo-
trophic waters (Gende et al., 2002) and provide high-energy food sources to aquatic and terrestrial
consumers (Levi et al., 2015; Willson & Halupka, 1995). But, the timing and net benefit of these subsidies
to river ecosystems can vary widely based on the specific physical and chemical habitat characteristics of indi-
vidual watersheds, and are often controlled by streamflow (Bellmore et al., 2014; Janetski et al., 2009).
Therefore, gaining a deeper understanding of the linkages between coastal marine and freshwater ecosys-
tems requires a basic understanding of streamflow patterns across large and heterogeneous landscapes.

The thousands of watersheds that border the Gulf of Alaska (GOA) comprise a largely pristine and diverse
range of streams (O'Neel et al., 2015) that discharge 25% more freshwater than the Mississippi River from a
drainage area only one seventh the size (Beamer et al., 2016; Dai et al., 2009). These streams provide critical
ecosystem services such as abundant drinking water, hydroelectric power, and reliable fisheries for local and
global food production (Johnson et al., 2019; Schoen et al., 2017). For example, in Southeast Alaska over 95%
of electricity comes from hydropower facilities constructed in coastal watersheds (McDowell Group, 2016),
and since 1985, rural residents of Southeast Alaska harvested on average over 50,000 salmon per year for
noncommercial uses (ADFG, 2018). In Southcentral Alaska, the region including Prince William Sound
and Cook Inlet, over 7,000 residents each year work in the seafood industry, and salmon account for 85%
of the roughly $600 million in sales between seafood processors and their buyers (McDowell Group,
2015). Yet future climate projections predict that the timing and magnitude of streamflow will shift over
time, complicating future water storage management for hydropower (Cherry et al., 2010) and leading to
uncertain trends in the survival of freshwater life stages of Pacific salmon (Schoen et al., 2017).

The streams of coastal GOA have a number of general hydrologic patterns controlled by varying degrees of
rain, snow, and glacial runoff (Edwards et al., 2013) that will persist through the end of the twenty-first cen-
tury. But the geographic distribution of these flow regimes, which has not yet been comprehensively
described, will likely shift due to warming air temperatures, increased rainfall, diminishing snowpack, and
rapid glacial recession (Bieniek et al., 2014; Gardner et al., 2013;Littell et al., 2018 ; Shanley et al., 2015). As
the average elevation of the snow-rain transition increases throughout the region, many watersheds with
snow-driven runoff will shift toward rain-driven systems (Littell et al., 2018; Shanley et al., 2015). Climate-
induced glacier loss also has a profound impact on watershed hydrology (Milner et al., 2017). Although the
wet and snowy coastal climate patterns of the GOA may delay the response of flow regimes to changes in
glacier mass balance (O'Neel et al., 2014), many watersheds will likely transition from glacier-melt to
snow-melt-driven hydrology as glaciers recede and disappear. A necessary advancement for aquatic scientists
working in the coastal GOA is to accurately catalog the current temporal and spatial patterns of streamflow
across the region in order to deduce how this catalog may shift over time.

Continued research and monitoring to determine the distribution of streamflow patterns throughout the
GOA and the potential impacts of streamflow change on freshwater ecosystems are vital, but, in a world
of limited funding, the remoteness and vast scale of Alaska requires efficient prioritization of the resources
necessary to complete this work. Tools such as streamflow classification not only assist in describing a
region's spatial streamflow patterns but can also contribute to the research prioritization process and better
equip scientists to craft landscape-scale inferences for studies with limited spatial scope (one to several
watersheds). Streamflow classification is a widely applied practice with numerous analytical approaches,
but its fundamental goal is to arrange streams into a logical set of categories (classes) based on flow regime
characteristics describing flow magnitude, frequency, timing, duration, and rate of change (Olden et al.,
2012; Poff et al., 1997). While hundreds of flow regime descriptors exist in previous streamflow literature,
many are redundant or chosen subjectively (Olden & Poff, 2003). Our primary analytical goal was to describe
the variation of streamflow patterns across the coastal GOA using an objective set of descriptors derived from
flow predictions at the downstream-most point within each watershed.

In a region with relatively few streamgage records longer than 20 years and free of hydrologic alteration
upstream (Figure 1), we leveraged an existing GOA hydrologic runoff model (GOA RM) that provides
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Figure 1. General overview of study area, including geographic points of interest, glacier coverage (blue shading; data from Randolph Glacier Inventory 6.0, avail-
able at https://www.glims.org/RGI/), and locations for six United States Geological Survey (USGS) streamgages (yellow diamonds) used for validating the
streamflow classification (see section 3.3).

daily runoff values for a 420,300-km? drainage area over a 33-year historical period (Beamer et al., 2016) to
classify 4,140 coastal watersheds using seven fundamental daily streamflow statistics (FDSS; Archfield et al.,
2014). The resulting classes were mapped and patterns in FDSS values and land cover variables were used to
assess mechanisms that drive differences in region-wide streamflow patterns. We used a Bayesian mixture
model to provide inclusion probabilities for each watershed for the primary streamflow class versus
secondarily assigned classes, which allowed us to identify watersheds located in transitional climate zones
and with the potential to shift streamflow classes in the future (for example, from snow- to rain-driven
hydrographs). Collectively, our results provide the first comprehensive description of the coastal GOA
streamflow patterns by which future change can be compared.

2. Study Area

Following the geographic boundaries of Beamer et al. (2016), we defined the GOA drainage area (420,300
km?) as starting at Dixon Entrance—the maritime area between Clarence Strait, Alaska and Hecate Strait,
British Columbia (centered at approximately 54°31’N, —131°39'W)—and following the Alaskan coastline
in a northwesterly direction to Wide Bay on the Alaska Peninsula (approximately 57°24'N, —156°00'W).
Within the GOA drainage area are eight distinct ecological regions (Nowacki et al., 2003), moving from east
to west: Alexander Archipelago, Boundary Ranges, Chugach-St. Elias Mountains, Gulf of Alaska Coast, Cook
Inlet Basin, Alaska Range, Alaska Peninsula, and Kodiak Island. Common to each are extensive ice coverage,
lush vegetation, steep terrain, abundant fish and wildlife, diverse stream types, and transitional climate zones
reflecting a combination of wet and mild maritime influence and a drier, colder continental setting. Within
this region (Figure 1), the GOA RM delineated 4,140 coastal watersheds ranging in area from 5 to 64,696 ha,
including those shared between Alaska and northwestern Canada. We defined coastal watersheds as those
that flow directly into the ocean. While a limited number of large rivers such as the Alsek, Copper, and
Stikine penetrate the coastal mountain ranges and contribute about one third of the freshwater entering
the GOA, the majority of coastal watersheds draining to the GOA are relatively small, steep, glacierized,
and densely distributed along a topographically complex shoreline receiving heavy precipitation (Beamer
et al., 2016; O'Neel et al., 2015). It is important to note that many of the watersheds we classified are

SERGEANT ET AL.

30f17


https://www.glims.org/RGI/

'AND SPACESCIENCE

Water Resources Research 10.1029/2019WR026127

composed of multiple subwatersheds with hydrologic patterns that may differ from the aggregate flow pat-
terns observed or modeled at the coastal outlet.

The GOA RM is well suited for this highly glacierized region because of its strength in predicting runoff attri-
butable to snow and ice. Permanent snow and ice cover approximately 17% of the study area, while lakes and
wetlands cover 8%. Vegetation coverage is approximately 30% forested, 27% grass/shrub, and 18% bare soil
and rock (Fry et al., 2011). Elevation in the GOA drainage ranges from sea level to the highest point in
North America, 6,190 m (Denali Peak, Alaska). Annual average precipitation as rain ranges over an order
of magnitude from 38 cm near Anchorage to nearly 400 cm in Yakutat (McAfee et al., 2013), while annual
total precipitation (including snow) averages 2.0 m water equivalent per year across the region but can be
in excess of 8 m (Beamer et al., 2016).

3. Data and Methods

3.1. Modeled Streamflow and Landscape Data Acquisition

Modeled daily stream discharge values were acquired from the GOA RM from 1980 to 2012 over 1-km? grid
cells. The GOA RM combines (1) a historical reanalysis weather product (Climate Forecast System
Reanalysis; Saha et al., 2010); (2) modeled runoff for rainfall, snowmelt, and icemelt (SnowModel; Liston
& Elder, 2006); (3) a soil water balance model (SoilBal; Beamer et al., 2016); and (4) a runoff routing model
(HydroFlow; Liston & Mernild, 2012; Beamer et al., 2016). Model developers calibrated discharge outputs
using four United States Geological Survey (USGS) streamflow gages from watersheds with long-term glacier
mass balance and streamflow data (Nash-Sutcliffe efficiency = 0.89 and r* = 0.93 for modeled discharge using
meteorological data from Climate Forecast System Reanalysis; Beamer et al., 2016). The four watersheds
spanned combinations of rain, snow, and glacial runoff patterns for three coastal (Knik River, Mendenhall
River, and Wolverine Creek) and one inland watershed (Phelan Creek). Lakewater storage, permafrost, gla-
cial outburst floods, long-term glacier volume loss, and groundwater storage were not accounted for in the
GOA RM. While these can be important considerations at the individual watershed scale, these influences
were outside the scope of this study, where we focused on the geographical distribution and general diversity
of streamflow patterns throughout the GOA. The GOA RM used the following data sets to derive physical
watershed characteristics: (1) USGS HydrolK North America digital elevation model (elevation and
watershed delineation; https://earthexplorer.usgs.gov/); (2) 2006 National Land Cover Database (vegetation
classes; Fry et al., 2011); (3) Randolph Glacier Inventory, version 3.2 (glacier ice cover; Pfeffer et al., 2014);
and (4) Harmonized World Soil Data Set, version 1.2 (soil texture; Fischer et al., 2008). Complete details
regarding runoff model development and model forcing data can be found in Beamer et al. (2016). To assess
the mechanisms driving modeled streamflow patterns, we calculated seven land cover variables using the
same data sets as the GOA RM. From the HydrolK digital elevation model, we calculated mean and maxi-
mum elevation for each watershed. Vegetation classes from the 2006 National Land Cover Database were
aggregated into proportion bare surface, forest, grass/shrub, lake/wetland, or glacierized.

3.2. Calculating Historical Streamflow Descriptors for Each Watershed

Over 200 ecologically relevant streamflow descriptors have been used by freshwater ecologists to assess river
condition (for example, Richter et al., 1996), but many are redundant, and the process of determining the
subset of descriptors on which to base a streamflow classification is often subjective (Archfield et al., 2014;
Olden & Poff, 2003). To reduce subjectivity in selecting our streamflow descriptors, we relied on seven FDSS
(Table 1) demonstrated by a recent classification of streamflow gages in the continental United States to cre-
ate robust, interpretable classifications with little statistical redundancy (Archfield et al., 2014). These statis-
tics directly measure components of the natural flow regime such as streamflow magnitude, duration and
rate of change, frequency, and timing (Poff et al., 1997).

For our streamflow classification, we included only watersheds from the GOA RM with areas greater than
5 km? (n = 4,140; Table S1). Since digital elevation model grid cells were relatively coarse at 1 km?, we
did not have high confidence in boundary delineations for watersheds less than 5 km?® Using the runoff
model grid cell that corresponded with the coastal outlet of each watershed, we extracted daily discharge
time series that spanned the modeled time period 1 October 1979 through 30 September 2012. We calculated
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Table 1
Seven Fundamental Daily Streamflow Statistics (FDSS) Used to Classify Streamflow Patterns in Coastal Gulf of Alaska Watersheds
Component of natural flow regime Streamflow descriptor Description
Magnitude of streamflow Mean Mean for entire distribution of discharge values
(6)% CV for entire distribution of discharge values
Skewness Skewness for entire distribution of discharge values
Kurtosis Kurtosis for entire distribution of discharge values
Duration and rate of change Autoregressive lag-one (AR1) correlation ART1 correlation for entire continuous time series of discharge values
Timing Amplitude Magnitude of maximum discharge relative to mean
Annual phase shift The average day of year of maximum discharge

Note. Components of the natural flow regime are derived from Poff et al. (1997) and related to the FDSS in a manner similar to Archfield et al. (2014). Mean,
coefficient of variation (CV), skewness, and kurtosis are calculated as L-moments, which are relatively unbiased compared to product moments (Hosking &

Wallis, 1997).

the FDSS in Archfield et al. (2014) (Table 1) in R statistical software (version 3.4.2; R Core Team, 2017) using
the “EflowStats” package (Mills & Blodgett, 2017).

3.3. Streamflow Classification

Our data matrix for classification included 4,140 rows (cases) representing individual coastal watersheds
and seven columns (attributes) representing each of the FDSS calculated from the 33-year modeled stream-
flow time series. We classified streamflow patterns using a Bayesian mixture model implemented in
AutoClass C software version 3.3.4 (NASA, Washington, DC; Cheeseman & Stutz, 1996; freely available
for download at https://ti.arc.nasa.gov/tech/rse/synthesis-projects-applications/autoclass/autoclass-c/).
Previous hydrologic classifications have demonstrated the utility and robustness of this unsupervised fuzzy
classification method (Jones et al., 2014; Kennard et al., 2010; Reidy Liermann et al., 2012; Webb et al.,
2007). In contrast with other common fuzzy clustering routines such as fuzzy k-means, AutoClass calcu-
lates classes directly from the data and does not require users to specify the number of classes. A final list
of potential classifications was ranked by their marginal likelihoods. Classifications with log marginal like-
lihoods that differ by less than 5 are considered to be nearly equally probable (AutoClass C Documentation,
2002; https://ti.arc.nasa.gov/tech/rse/synthesis-projects-applications/autoclass/autoclass-c/). AutoClass
assigned each watershed a probability of class membership to one or more classes. AutoClass also assigned
relative class strength, a ratio ranging from 0 to 1 measuring the probability that attributes’ distributions
within a given class can predict class members (Webb et al., 2007). Within a given class of watersheds,
we defined an individual watershed as having fuzzy membership when the probability of primary class
membership (pm;) was less than the global median pm; across all watersheds. This provided a well-defined
threshold for interpreting the primary and secondary memberships across half of the watersheds within the
study area.

Within AutoClass, we assigned all seven attributes to covary, creating classes that primarily represented
changes in the relationships between the seven variables (Webb et al., 2007). Within AutoClass, attributes
were log-transformed and modeled as normally distributed. Attributes did not require standardization
because discrete distributions from each attribute were calculated directly from the data using the standard
deviation from the mean. We followed previous approaches by setting the measurement error for each attri-
bute at 10% (Jones et al., 2014; Webb et al., 2007), and set AutoClass to run 100 classification tries and stop
individual tries after 500 cycles if convergence criteria were not met. All other AutoClass settings
remained default.

Spatial classification patterns were visualized by color-coding watersheds according to class or pm; in
ArcMap 10.5 (Esri, Redlands, CA). To visualize representative hydrographs for each streamflow class, we
calculated the average and standard deviation of daily discharge across all years and all streams within that
class. To assess whether these average hydrographs were comparable to existing long-term streamflow data,
we identified six USGS streamflow gages near the Gulf of Alaska coastline with at least 27 years of data that
overlapped with the GOA RM (Figure 1 and Table 2), and compared average discharge from each gage with
the average discharge time series from the assigned streamflow class to further validate classification results.
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Table 2
Landscape and Streamflow Classification Characteristics of USGS Streamgages (USGS, 2019) With at Least 27 Years of Observations During the Same Time Period as
the GOA RM
Landscape variable Old Tom Terror Fish Mendenhall Stikine Kenai
‘Watershed area (kmz) 10 155 45 276 54,770 5,437
Latitude (DD) 55.42 57.73 55.42 58.39 56.66 60.55
Longitude (—DD) 132.38 153.18 131.19 134.58 132.28 151.10
Mean elevation (m) 132 573 233 872 1,282 547
Max elevation (m) 316 1,156 675 1,828 2,886 1,725
Proportion bare surface 0.00 0.27 0.00 0.17 0.22 0.15
Proportion forest 1.00 0.07 1.00 0.17 0.48 0.44
Proportion grass/shrub 0.00 0.59 0.00 0.12 0.20 0.26
Proportion lake/wetland 0.00 0.06 0.00 0.04 0.03 0.05
Proportion glacierized 0.00 0.00 0.00 0.49 0.07 0.10
USGS gage number 15085100 15295700 15072000 15052500 15024800 15266300
Years of record 33 27 33 31 33 33
Primary class 0 2 4 6 6 6
Pm;, 0.998 0.991 0.934 0.999 0.999 0.999
Class correlation (p) 0.79 0.94 0.56 0.96 0.98 0.94

Note. Landscape variables for each individual watershed were calculated directly from land cover raster data used in the GOA RM. pm; = probability of primary
class membership; class correlation is the value of Spearman'’s rank correlation coefficient (o) for the average modeled daily discharge of a primary class versus
the average empirical daily discharge from the streamgage.

Table 3

4. Results

Using the seven FDSS across 4,140 coastal GOA watersheds, the most likely classification identified 13
classes of streamflow patterns. This result was overwhelmingly strong relative to alternative classifications
produced by AutoClass, with a log marginal likelihood e'? greater than the second most likely classifica-
tion. The number of individual streams belonging to each class ranged from 82 (class 12) to 601 (class 0;
Table 3). Class strengths were calculated relative to class 7, which had the highest predictive strength

Summary Statistics for the Seven Fundamental Daily Streamflow Statistics (Attributes) Used to Classify Gulf of Alaska Coastal Streamflow Patterns

Class mean (SD)

Rain Snow Glacier Rain-snow LEW
Attribute 0 3 7 10 1 2 4 5 6 12 8 9 11

Mean 1.35 0.81 0.60 0.33 0.41 1.73 1.65 4.51 51.69 20.77 1.48 0.28 0.33
(2.36) (1.44) (0.61) (0.15) (0.19) (3.75) (3.01) (7.40) (222.01) (45.02) (4.39) (0.15) (0.73)

CcvV 0.54 0.55 0.54 0.52 0.60 0.68 0.55 0.52 0.60 0.69 0.55 0.60 0.66
(0.05) (0.03) (0.02) (0.03) (0.04) (0.04) (0.05) (0.04) (0.06) (0.02) (0.05) (0.04) (0.06)

Skewness 0.35 0.42 0.09 0.31 0.40 0.50 0.35 0.27 0.30 0.42 0.37 0.47 0.71*
(0.07) (0.05) (0.04) (0.04) (0.07) (0.09) (0.08) (0.05) (0.07) (0.04) (0.07) (0.07) (0.03)

Kurtosis 0.12 0.15 0.35 0.08 0.10 0.18 0.10 0.04 0.00 0.05 0.12 0.18 0.58*
0.04)  (0.05) (0.04)  (0.02)  (0.06) 0.10)  (0.04)  (0.02) (0.04) (0.04) (0.04) 0.08)  (0.05)

AR(1) 0.92 0.92 0.89 0.90 0.92 0.93 0.93 0.93 0.91 0.88 0.93 0.93 0.97
(0.02) (0.02) (0.02) (0.02) (0.01) (0.01) (0.01) (0.01) (0.04) (0.03) (0.02) (0.01) (0.01)

Amplitude 0.43 0.44 0.83* 0.73 0.64 0.79 0.32 0.74 1.16* 1.15* 0.17 0.22 0.30
(0.17) (0.15) (0.07) (0.09) (0.22) (0.19) (0.16) (0.17) (0.08) (0.03) (0.13) (0.06) (0.05)

Annual phase 347* 20 354* 353* 174 178 176 191 205* 208* 77 100 128
shift (16) (20) @) (5) (5) (14) 32) (11) (@) (5) (105) (32) (11)

n 601 364 288 183 532 533 332 302 308 82 216 229 170
Relative class 0.151 0.019 1.00 0.394 0.482 0.421 0.049 0.072 0.070 0.091 0.0017 0.038 0.190

strength

Note. Classes are grouped by five metaclasses representing primary freshwater runoff source. The class mean for each attribute is listed with standard deviation
(SD). Bolded values represent those attributes whose class means were greater than 1 SD from their global mean across all classes, and therefore were the most
influential attributes that defined each class. Bolded values with an asterisk are greater than 3 SD from their global mean. For each class, n represents the number
of streams assigned that class as a primary membership. LEW = low-elevation wetland.
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Table 4

Summary Statistics Listed by Class for 10 Landscape Variables That Influence Gulf of Alaska Coastal Streamflow Patterns

Class mean (SD)

Rain Snow Glacier Rain-snow LEW
Landscape variable 0 3 7 10 1 2 4 5 6 12 8 9 11
Watershed area (km?) 19(29) 19(32) 12(9) 7(3) 8(4) 34(87) 28(46) 52(87) 994(5989) 244 (616) 25(74) 8(4)  22(48)
Latitude (DD) 57.91 57.31 55.70 55.98 58.18 59.61 58.00 57.58 59.31 60.18 57.86 57.82 60.92
(1.97) (0.9) (0.8) (0.91) (1.47) (1.3) (1.43) (1.17) (1.18) (1.04) (1.52) (1.3) (0.43)
Longitude (—DD) 139.32 145.60 136.59 135.62 139.42 143.99 140.59 135.95 141.79 144.22 142.27  144.01 150.83
(6.89) (9.63) (7.89) (6.37) (8.09) (7.49)  (8.45)  (5.05) (6.79) (5.5) (889) (9.9  (0.85)
Mean 177 144 130 140 299 414 257 353 666 1040 180 147 40 (30)
elevation (m) (104) (60) (66) (68) (133) (192) (103) (115) (275) (356) (89) (82)
Maximum 433 346 311 331 658 868 626 857 1578 2040 445 338 78 (68)
elevation (m) (248)  (149) (167) (155 (257) (349)  (240)  (277) (817) (1021) (216)  (185)
Proportion
Bare surface 0.01 0.00 0.00 0.00 0.05 0.16 0.04 0.03 0.24 0.25 0.02 0.01 0.06
0.04) (0.01) (0.00) (0.00) (0.12) (020) (0.12)  (0.08) (0.15) (0.16) (0.08) (0.05) (0.17)
Forest 0.66 0.54 0.74 0.77 0.52 0.25 0.58 0.62 0.14 0.03 0.53 0.46 0.41
(0.31) (0.42) (0.37) (0.27) (0.36) (0.25) (0.36) (0.27) (0.16) (0.08) 0.4) (0.42) (0.37)
Grass/shrub 0.17 0.38 0.18 0.06 0.32 0.46 0.29 0.24 0.21 0.10 0.29 0.42 0.09
(024) (042) (0.35) (0.19) (0.31) (0.26)  (0.31)  (0.21) (0.15) (0.12) 0.35)  (0.43)  (0.18)
Lake/wetland 0.16 0.08 0.08 0.17 0.11 0.09 0.09 0.09 0.04 0.02 0.15 0.12 043
025) (012) (013) (0.19) (0.16) (0.14)  (0.15)  (0.14) 0.07) (0.03) (0.19)  (0.20)  (0.36)
Glacierized 0.00 0.00 0.00 0.00 0.01 0.04 0.00 0.02 0.37 0.60 0.00 0.00 0.00
(0.01) (0.00) (0.00) (0.00) (0.06) (0.09) (0.03) (0.08) (0.22) (0.24) (0.01) (0.00) (0.00)

Note. Classes are grouped by five metaclasses representing primary freshwater runoff source. The class mean for each attribute is listed with standard deviation
(SD). LEW = low-elevation wetland.

(Table 3). Timing of maximum discharge (annual phase shift) and the magnitude of maximum discharge
relative to mean discharge (amplitude) were the most influential attributes defining 12 of 13 classes,
whereas skewness and kurtosis of the distribution of discharge values primarily defined only a single class
(class 11; Table 3).

The combination of FDSS values (Table 3) and landscape characteristics (Table 4) produced intuitive group-
ings among classes and highlighted the physical mechanisms driving the shape of the average hydrographs.
Using the combination of landscape characteristics (primarily, proportion glacierized), average hydrograph
shape, and the range of mean elevation values (Table 4) within each class, we aggregated the 13 classes into
five metaclasses according to inferred primary freshwater runoff sources: rain (range of mean elevation 130-
177 m), snow (257-414 m), glacier (666-1,040 m), rain-snow (147-180 m), and low-elevation wetland (40 m;
Figure 2 and Table 4). The resulting spatial distribution of these metaclasses across the coastal GOA created
distinct geographical zones of runoff sources that were consistent with the orographic influence of steep topo-
graphy and the transition from wet and warmer maritime to drier and cooler continental climate (Figure 3).

Each metaclass of streamflow patterns had distinctive geographical, statistical, and land cover characteristics
(Table 5 and Figures S1-S11). Three of the four classes (classes 0, 7, and 10) of rain-driven watersheds were
marked by a predictable fall through early winter phase shift, with maximum flow dates of individual water-
sheds ranging from 7 September to 31 December (Figure 2 and Table 3). The annual phase shift of watersheds
within class 3 occurred over a longer time window of winter through midspring, with maximum flow dates of
individual watersheds ranging from 1 January to 2 May (Figure 2 and Table 3). All four rain-driven classes
tended to be on west facing slopes in areas fully exposed to maritime climate patterns. Hydrographs of the
four snow-driven classes had a distinct bimodal runoff pattern but did not follow an easily definable spatial
pattern throughout the GOA. Three of the four snow-driven classes (1, 2, and 5) had average annual phase
shifts occurring in early summer, with maximum flow dates of individual watersheds ranging from 13 May
to 17 August (Figure 2 and Table 3). Even though the average annual phase shift of watersheds within class
4 still occurred during early summer, maximum flow dates of individual watersheds ranged over a much
longer time window of 23 April to 19 October (Figure 2 and Table 3). Glacierized watersheds were the
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Figure 2. Representative daily discharge curves for each of 13 Gulf of Alaska coastal streamflow classes. Class numbers were assigned arbitrarily by Autoclass.
The 13 classes were further grouped into five color-coded metaclasses defined by the inferred primary runoff source. Within each panel, solid lines and ribbons
represent average daily discharge (m3/ s) and +1 daily SD, respectively, calculated across every stream in that class from 33 years of modeled discharge. Note that
y axes for classes 5, 6, and 12 vary from the remaining classes.

largest in the GOA and clearly defined by hydrographs with predictable summer annual phase shift and high
amplitude (Figure 2 and Table 3). Maximum flow dates of individual glacierized watersheds (classes 6 and 12)
only ranged from 2 July to 13 August. Rain-snow watersheds demonstrated dampened bimodal runoff
patterns relative to snow-driven classes and tended to exhibit an average early spring annual phase shift
(18 March for class 8, 10 April for class 9) with extremely unpredictable timing (Figure 2 and Table 3). For
both rain-snow classes, maximum flow dates of individual watersheds could occur any day of the year.
Lastly, low-elevation wetland watersheds (class 11) were found only along the shoreline of Cook Inlet and
were defined by unique hydrographs relative to the other coastal GOA streamflow classes (Figure 2).
Average annual phase shift occurs in May, with maximum flow dates of individual watersheds ranging
from 18 March to 28 May (Figure 2 and Table 3). Low flows during the remainder of the year created
distributions of daily discharge values with high skewness and kurtosis.

Across all watersheds, median primary class membership (pm;) = 0.93. Fuzzy watersheds, which we defined
as those with pm; < 0.93 (n = 2,058), tended to have intermediate hydrographs falling between the average
curves of their assigned primary and secondary classes (Figure 4). Watersheds with the lowest membership
probabilities were primarily grouped within the Alexander Archipelago (southeastern GOA), Prince
William Sound (west of Cordova), and Kodiak Island (southwestern GOA; Figure 5). Five pairs of classes
had the greatest number of fuzzy memberships (three snow-driven pairs, 1-2, 1-4, 1-5, and two rain-driven
pairs 10-0, 7-10; Figure 6). Of the 2,058 fuzzy watersheds, 68% had secondary membership in the same meta-
class, while 32% were secondarily assigned to different metaclasses. Of the 663 fuzzy watersheds secondarily
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Figure 3. Spatial distribution of Gulf of Alaska coastal streamflow classes. The 13 classes were color coded by the five metaclasses defined by the inferred primary
runoff source. Black lines delineate individual watersheds. Insets A and B are zoomed in to illustrate streamflow diversity in areas with abundant small watersheds.

assigned to different metaclasses, 40% were classified between rain and rain-snow, 29% between snow and
glacier, 26% between snow and rain-snow, 3% between snow and rain, 2% between snow and low-
elevation wetland, and 0.3% between rain-snow and low-elevation wetland (Figure 6).

We found good correspondence between the shapes of empirical hydrographs from six long-term USGS
streamflow gages near the GOA coastline and modeled average hydrographs from the streamflow class to
which each gaged stream was primarily assigned (Figure 7). Although mean discharge was used as the clas-
sification variable because flow magnitude is such an important control for various ecological dynamics, spe-
cific discharge is shown in Figure 7 to better distinguish differences between classes. While the magnitude of
empirical discharge values did not always overlap with modeled hydrographs, the directionality of hydro-
graph time series was highly correlated (Spearman's p ranging from 0.56 to 0.98, all p <« 0.001; 4 of 6 water-
sheds p > 0.94; Figure 7) and consistent with the notion that setting the FDSS as covarying in our
classification emphasized the relationship between the FDSS more than the actual magnitude of each statis-
tic (Webb et al., 2007). In other words, the shape of the hydrograph was more influential to the final classi-
fication than magnitude.

5. Discussion

In regions dominated by snow and ice runoff, the complexity of describing watershed response to rapid cli-
mate change (Barnett et al., 2005) highlights the importance of categorizing current streamflow patterns to
assess future change. Using seven FDSS calculated from 33 years of modeled daily streamflow from the
GOA RM, we described 13 streamflow classes across 4,140 coastal watersheds with clear mechanistic links
between landscape characteristics and discharge patterns. The spatial distribution of classes was reflective
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Table 5

Description of the Typical Geographical, Statistical, and Land Cover Characteristics of Each Streamflow Class in the Coastal GOA

Primary classifying

Metaclass attribute(s)

Class

Name

Range of characteristics of individual
watersheds within each class

Predictable fall or winter annual
phase shift (average day of year
of maximum discharge)

Rain

Snow Predictable spring or summer

annual phase shift

Glacier Predictable summer annual phase

shift and high amplitude

Rain-snow Unpredictable annual phase shift

0

10

12

Rain-I

Rain-II

Rain-IIT

Rain-IV

Snow-1

Snow-11

Snow-II1

Snow-IV

Glacier-I

Glacier-11

Rain-snow-I

Rain-snow-II

Throughout GOA on mostly west facing slopes with high maritime influence;
highest average discharge among the four rain-driven classes; average
maximum discharge in mid-December with moderate variability;
moderate wetland coverage; high primary membership probability

Mostly on Kodiak Island and southern Alexander Archipelago; distinguished
from other rain-driven classes by exhibiting average maximum discharge in
January, but could occur as late as May

Mostly southern GOA watersheds with high maritime influence; average
maximum discharge reliably timed in middle to late December; maximum
discharge moderately higher than average daily discharge; moderately
low grass/shrub coverage

Mostly southern GOA watersheds with high maritime influence; lowest average
discharge among the four rain-driven classes; average maximum discharge
reliably timed in middle to late December; maximum discharge moderately
higher than average daily discharge; low grass/shrub coverage; moderate
wetland coverage

Throughout GOA, especially on mainland and eastern slopes of islands; lowest
average discharge among the four snow-driven classes; average maximum
discharge in late June but can occur late May to mid-August; average daily
flow near median for all GOA streams

Throughout GOA, mostly mainland and larger islands; like class 1, average
maximum discharge in late June but can occur late May to mid-August;
distinguished from class 1 by higher average discharge; maximum discharge
much higher than average daily discharge; high discharge variability;
positively skewed distribution of discharge values; moderately high bare
ground coverage

Throughout GOA with no obvious spatial pattern; average maximum discharge
timing in late June, but within individual watersheds could occur from April
through October; maximum discharge similar to average daily discharge

Throughout GOA but mostly larger watersheds in Alexander Archipelago;
highest average discharge among the four snow-driven classes; average
maximum discharge in mid-July with moderate variability; maximum
discharge moderately higher than average daily discharge; low kurtosis
and skewness of daily discharge distribution

Largest watersheds in GOA; lower maritime influence; average maximum
discharge reliably timed from July through mid-August; maximum discharge
much higher than average daily discharge; distribution of daily discharge
values is nearly normal; mean daily discharge much higher than all other
classes; high mean elevation; high bare ground coverage; moderately low
forest coverage; low wetland coverage; second highest glacier coverage

Second largest watersheds in GOA; lower maritime influence; average
maximum discharge reliably timed from July through mid-August;
maximum discharge much higher than average daily discharge;
distribution of daily discharge values positively skewed; mean daily
discharge is second behind class 6; higher mean elevation than all other
classes; high bare ground coverage; low forest coverage; low wetland
coverage; highest glacier coverage

Throughout GOA; average discharge much higher than class 9; average
maximum discharge mid-March but could occur any day of year in either the
earlier or later mode; maximum discharge similar to average daily discharge;
moderate wetland coverage; similar average hydrograph to class 4 but this
class has much less predictable maximum discharge timing

Small watersheds throughout GOA, especially eastern side of Alexander
Archipelago and Kodiak Island; average maximum discharge in mid-April
but could occur any day of year in either the earlier or later mode; maximum
discharge similar to average daily discharge; average daily discharge low
among all GOA classes; distribution of daily discharge values positively
skewed; similar average hydrograph to class 1 but this class has much less
predictable maximum discharge timing
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Table 5
(continued)
Primary classifying Range of characteristics of individual
Metaclass attribute(s) Class Name watersheds within each class
Low-elevation High kurtosis and skewness 11 Wetland Found exclusively in Cook Inlet; average maximum discharge in early May,
wetland but could occur as early as mid-March; distribution of daily discharge

values positively skewed and tail heavy; average daily discharge low but
variability high; high primary membership probability; lowest mean
elevation; moderately low grass/shrub coverage; high wetland coverage

of the coastal GOA's steep topography and climatic transitions from wet maritime to drier, cooler continental
patterns. Seventy-six percent of watersheds by number had streamflow patterns consistent with primarily
rain or snow runoff sources (classes 0-5, 7, and 10). These water sources drove distinct differences in the
contemporary timing and magnitude of maximum discharge that are likely to shift over time. The
comprehensive snapshot of streamflow diversity provided by our analysis is important for a region
experiencing such rapid environmental change. Based on climate change projections for the coastal GOA,
which include warming air temperature and less precipitation falling as snow (Shanley et al., 2015), we
expect that the future diversity of flow regimes will remain relatively static at a regional scale, but that
runoff patterns will shift in space: glacierized watersheds will shift to snow-driven runoff, snow
watersheds to rain-snow, and rain-snow watersheds to rain. The switch from snow to rain-snow
watersheds in southern Alaska is expected to be widespread before the middle of the twenty-first century,
and many low-elevation rain-snow watersheds may switch to rain-dominated by the end of the century
(Littell et al., 2018).

The interaction of local topography and climate within individual watersheds is a critical component of
streamflow patterns explicitly accounted for in the GOA RM. For example, total range of elevation within
a watershed was shown to be a strong driver of streamflow patterns (Reidy Liermann et al., 2012) in
Washington State, the southern portion of the Pacific Coastal Temperate Rainforest and the same ecoregion
as our study area. Our results parallel this finding, as the five metaclasses of inferred primary runoff source
exhibited discrete and mostly exclusive ranges of mean watershed elevation (Table 4). Future increases to
the freezing line altitude will play a key role in reorganizing the streamflow patterns of coastal GOA within
and across watersheds. In Glacier Bay—a steep and heavily glacierized fjord within the GOA drainage area
and approximately 80 km west of Juneau, Alaska (Figure 3)—runoff forecasts predict that the annual pro-
portion of snowfall contributing to total freshwater runoff across all watersheds will decrease from 58% to
24% by the year 2100 (Crumley et al., 2019). This dynamic is accurately reflected in our fuzzy analysis, where
the majority of transitional watersheds in Glacier Bay share snow/glacier metaclasses (Figure 5).
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Figure 4. Modeled average annual discharge times series for individual fuzzy watersheds sharing primary and secondary
membership between (a) classes 1 and 2 or (b) classes 2 and 6 (green lines). Overall modeled average annual discharge for
classes 1, 2, and 6 are represented by thick lines with blue ribbons (+1 SD).
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Figure 5. (top panel) Gulf of Alaska coastal watersheds color coded by primary streamflow class membership probability (pm; ). White watersheds represent those
with pm; > 0.93, the median pm; among all watersheds. Watersheds with pm; < 0.93 are represented by red tones. (bottom panel) Fuzzy watersheds where primary
and secondary classifications share two different metaclasses. Boxes represent zoomed areas for better interpretation. In both panels, watershed boundary lines
have been removed to better emphasize the color patterns.

The elevation profiles of individual watersheds are also critical context with which to assess streamflow
change at smaller spatial scales. For example, the Dundas River, flowing through a relatively low-elevation
watershed in Glacier Bay (classified as Snow-IV; Table 5), is likely to see decreased snowfall amounts at the
end of this century, as warming air temperatures are predicted to increase winter freezing line altitude
approximately 300 m (Crumley et al., 2019). In contrast, winter freezing line altitude increases may be less
important to the overall shape of the hydrograph in steeper and larger glacier-driven watersheds (Glacier-I
and Glacier-II; Table 5), where most of the drainage area will remain within winter freezing air tempera-
tures. As the twenty-first century progresses, the summer hydrograph of these two glacier-driven classes
may steadily flatten in summer due to decreased glacial volume while the fall and winter hydrograph may
increase due to greater amounts of precipitation falling as rain (Beamer et al., 2017; Crumley et al., 2019).
Climate models generally agree that winter precipitation will increase throughout coastal GOA, but uncer-
tainty exists among models regarding whether summer precipitation will increase in the region (Maloney
et al., 2014).
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Figure 6. A confusion matrix (after Jones et al., 2014) summarizing the percentage of secondary class memberships for
coastal watersheds with a primary class membership probability less than the median probability across all streams
(median pm; = 0.93; n = 2,058 watersheds with pm; < 0.93). Rows represent primary class membership, while columns
represent secondary class membership. Bold, red percentages represent the classes with degree of fuzzy membership
greater than 5%. Blank cells signify that no fuzzy memberships are present between the two classes.
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Figure 7. Comparison of modeled versus empirical daily discharge curves for Gulf of Alaska coastal streamflow classes 0,
2, 4, and 6. Within each panel, solid black lines (m3/ s/kmz) within colored ribbons (+1 SD) represent modeled average
daily specific discharge calculated across every stream in that class from 33 years of modeled discharge. Ribbon colors
match the scheme of the primary classification presented in Figure 2. Black dashed lines represent empirical average daily
specific discharge measured by United States Geological Survey (USGS) streamgages assigned to the same primary class
and with at least 27 years of observations during the same time period as the GOA RM.
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For watersheds with snow-driven spring or early summer runoff (Snow-I, Snow-II, Snow-1V; Table 5), pro-
gressively warming air temperatures and increasing winter rain may dramatically decrease snowpack,
resulting in lower magnitude spring runoff, decreased summer base flows, and shifted maximum flow tim-
ing from spring to fall (Beamer et al., 2017; Littell et al., 2018). In the Copper River watershed, the year-round
snow line elevation may be increasing as quickly as 4-7 m per year (Valentin et al., 2018). Thus, many cur-
rent snow-driven hydrographs may eventually resemble Rain-III, Rain-IV, Rain-snow-I, and Rain-snow-II
(classes 7, 10, 8, and 9, respectively; Figure 2 and Table 5). Since the GOA RM is based primarily on historical
climate data, physical runoff modeling, and soil water balance (Beamer et al., 2016), our fuzzy classification
results identified watersheds located in probable zones of climatic transition that may act as sentinels of
future shifts to streamflow regimes (Figure 5). For example, Kodiak Island and the central portion of south-
eastern Alaska between Sitka and Ketchikan have many watersheds located in transitional zones (Figure 5).
Out of 4,140 watersheds, 16% (n = 663) had both fuzzy primary membership and a secondary membership
assigned to a different runoff source (metaclass) than the primary classification (for example, a primary clas-
sification of rain-snow runoff and secondary classification of rain runoff). Nearly 95% (n = 629) of these same
watersheds shared metaclasses that were consistent with the expected direction of future change in the
GOA; the pairs included rain/rain-snow, snow/glacier, and snow/rain-snow. Although our analysis could
not distinguish the current directionality of a particular watershed's hydrograph and whether it is truly shift-
ing in the expected future direction, it is unlikely that snow watersheds will shift to glacier or rain-snow
watersheds to snow.

In addition to identifying watersheds with transitional streamflow patterns, our classification results can be
used to increase the scale of inference for spatially limited research conducted within one to several water-
sheds. For example, an observed biological phenomenon such as the temporal pattern of aquatic invertebrate
productivity in a rain-driven watershed near the mouth of Prince William Sound (Inset A; Figure 3) may be
widely transferable throughout the immediate area because that area is dominated by rain-driven systems.
But, a study of the same dynamics in a rain-driven system on the Kenai Peninsula may have limited applic-
ability to other watersheds in that area, which is marked mainly by glacier, snow, and low-elevation wetland
streamflow patterns (see town of Kenai in Figure 3). Similarly, managers working at a subregional or local
scale can use this classification to assess how proposed alterations to streamflow regimes (e.g., water diver-
sion for hydropower) may impact streamflow diversity relative to adjacent watersheds. Water quantity is
already a critical issue in coastal southern Alaska; even in a rainforest environment, extreme drought has
recently caused precipitous drops in drinking water supplies and hydropower reservoir levels (KTOO,
2019a, 2019b).

In an immense and data-poor region like GOA, our streamflow classification can assist researchers to iden-
tify and strategically select study areas characterized by a range of biological or physical characteristics that
could be studied across different classes of streamflow. Although we did not choose a broader set of stream-
flow metrics with specific relevance to a focused set of ecological questions, as is common among many
hydrologic classifications, previous work in the contiguous United States demonstrated that the distribution
of values from 33 ecologically relevant streamflow statistics were unique and distinguishable across classifi-
cation groups derived simply from the seven FDSS used here (Archfield et al., 2014). General ecological
responses to different streamflow classes could include changes in riparian recruitment, native fish produc-
tion, or nonnative fish colonization success (Poff et al., 2010). More specifically, Pacific salmon are a heavily
studied group of fish in the coastal GOA. Streamflow patterns directly impact freshwater life stages of sal-
mon in multiple ways (Schoen et al., 2017), such as altering migration timing (Kovach et al., 2015), increas-
ing egg scour during winter floods (Shanley & Albert, 2014; Sloat et al., 2017), creating low dissolved oxygen
events during summer low flows (Sergeant et al., 2017; see also Fellman et al., 2018; Tillotson & Quinn,
2017), or altering migratory connectivity between estuary and river mouth (Flitcroft et al., 2018; Koski,
2009). For example, researchers interested in the impacts of summer low flow to salmon migration may
choose to stratify their watershed sampling frame for classes 7, 9, 10, and 11, which, relative to other classes,
exhibit lower baseflow with lower variability during warmer months (Figure 2 and Table 5).

While coastal streamflow patterns can be used to assess the types of ecological questions posed above, it is
important to note that some questions will require a better understanding of habitat diversity throughout
the entire stream network (for example, see Moore et al., 2015), which was not assessed here. Individual
watersheds in the GOA region frequently contain a mosaic of glacial, snow, and rain-fed tributaries. In
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the Copper River watershed, for example, the colder and drier interior portions of the upper watershed are
primarily glacial-fed, whereas tributaries closer to the river mouth are primarily rain- and snow-fed and gen-
erate 80% of total watershed runoff (Valentin et al., 2018). Some larger watersheds may offer greater overall
streamflow heterogeneity and, depending on the physical or biological dynamic of interest, buffer the
impacts resulting from the loss of streamflow diversity at the coastal margin. While lake storage was also
not accounted for in the GOA RM, depending on total lake coverage and position of individual lakes within
the stream network, we would generally expect lakes to dampen streamflow variability and delay maximum
flows relative to watersheds with similar climate and geomorphology, but with less or no lake coverage (for
example, see Jones et al., 2014).

6. Conclusions

This analysis provides the first comprehensive description of streamflow patterns throughout the coastal
GOA, a 420,300-km” highly glacierized drainage area with 25% more total discharge and 9.5 times higher
discharge per unit area than the Mississippi River watershed (Beamer et al., 2016; Dai et al., 2009). Across
the globe, shifting flow regimes and extreme events create societal and ecological impacts that include
reduced water supply for urban centers (McDonald et al., 2011), reduced suitable habitat area for endemic
fish species (Ficke et al., 2007), and increased land inundation due to greater flood frequency and magnitude
in some areas (Mirza et al., 2003). Our ultimate hope is that we have created an intuitive and accessible
streamflow classification to guide aquatic research and monitoring throughout GOA coastal ecosystems.
We envision three immediate applications of this work: (1) planning monitoring programs in watersheds
that we identified as potentially transitional (for example, snow to rain), (2) increasing the scale of inference
for spatially limited research, and (3) assisting researchers in selecting study areas with a range of biological
or physical characteristics influenced by streamflow. Although there remains some uncertainty in how
future climate shifts will affect GOA ecosystems, there is no doubt that the spatial distribution of flow
regimes will shift over time, and freshwater runoff will remain a critical topic in this region, as it directly
impacts water diversion activities such as hydropower production and mining, drinking water supply, and
globally important fisheries.
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