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Streamwater chemistry forms the base of aquatic food webs and reflects both watershed and 

instream controls, yet the balance of these controls has not been quantified across large river 

networks. Boreal river networks in particular are subject to rapid environmental change under a 

warming climate and growing developmental pressures from industrial activities such as mining. 

The impacts of these changes to nutrient and organic matter availability and contaminant loading 

to aquatic food webs is currently not well understood. In this thesis, I used recently developed 

spatial stream network models (SSNMs) that explicitly account for stream network topology, 

flow direction, and flow magnitude to quantify the effects of watershed versus instream transport 

processes on streamwater chemistry in the Kuskokwim River in western Alaska. This approach 

leverages a combination of instream sampling and broad scale, publicly available geospatial data. 

The Kuskokwim is America’s largest free-flowing river network and is predominantly a pristine 



 
 

watershed that supports an array of ecosystem services. The Kuskokwim is also home to 

numerous subsistence communities that rely on fish as a primary protein source.  

In chapter 1 I examined watershed controls on streamwater biogeochemical patterning and 

identify the scales at which watershed controls operate. For this chapter I studied a suite of 

streamwater constituents ranging from labile nutrients to conservative tracers to understand the 

effect of instream transport processes on network-wide dissolved organic carbon (DOC) 

concentrations. I show that conditions such as watershed morphology and geology in small, 

headwater catchments are disproportionately important drivers of streamwater biogeochemical 

patterning across the Kuskokwim River network, and that bulk measures of DOC reflect 

conservative transport behavior.  

In chapter 2 I extended this analysis to examine spatial patterning of mercury (Hg) contamination 

in tissue of slimy sculpin (Cottus cognatus), a small, sedentary resident fish species in the 

Kuskokwim. Previous work in the Kuskokwim has shown a strong, positive correlation between 

historic mining activity and Hg contamination of fish, which poses potential risks to subsistence 

communities who rely on fish for nutrition, however past research was limited in spatial scope. 

This chapter examined both watershed (e.g. geology) and in situ (e.g. [DOC]) factors shaping Hg 

contamination across the entire Kuskokwim network. I show that broad scale watershed 

morphology and geologic blocks shape spatial patterns of Hg contamination of sculpin in the 

Kuskokwim, and that the effects of downstream transport and instream biogeochemical factors 

governing Hg bioavailability ([DOC] and pH) are confounded by these broad scale watershed 

drivers.
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General Introduction 

Despite accounting for a tiny fraction (1.5 x 10-4 %) of the earth’s hydrosphere, river networks 

serve a major and disproportionate role in global biogeochemical cycling (Raymond et al., 

2013). Rivers process or store more than half of carbon (C) loadings from the terrestrial 

environment, exporting the remainder of watershed organic matter to coastal estuaries (Cole et 

al., 2007). Provided that terrestrial C entering inland waters is estimated to represent 50-70 

percent of terrestrial net ecosystem productivity across the globe (Butman et al., 2016; Ciais et 

al., 2008; Cole et al., 2007), river networks are substantial contributors to the global C cycle. 

Modeled estimates for nutrient retention within streams and rivers suggest that 42 percent of 

terrestrial nitrogen (N) and 56 percent of terrestrial phosphorus (P) are also processed or stored 

within river systems, despite increased anthropogenic terrestrial loading of these constituents 

throughout many of the world’s river basins (Beusen et al., 2016). These streamwater 

constituents are particularly important because the uptake and metabolism of terrestrial organic 

matter and nutrients within rivers form the base of lotic food webs, regulating the balance 

between production and respiration by producers and consumers and shaping the structure of a 

stream’s biotic community (Battin et al., 2008; Meyer et al., 1988; Vannote et al., 1980). In turn, 

stream biota play an important role in determining nutrient and organic matter transport to 

downstream reaches, with downstream communities capitalizing on upstream losses and local 

inputs (Meyer et al., 1988; Vannote et al., 1980). Thus, contrary to acting as passive conduits 

between mountains and sea, river systems transport, store, and process vast amounts of terrestrial 

material comprising organic matter, nutrients, and minerals; forming important linkages between 

terrestrial and aquatic ecosystems (Cole et al., 2007; Likens & Bormann, 1974).    
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The ecological linkages between terrestrial and aquatic habitats can be evaluated to some extent 

by examining dissolved streamwater constituents, which integrate both upstream watershed 

conditions and instream processing (Meyer et al., 1988). The watershed concept (Bormann & 

Likens, 1967) posits that instream chemical conditions reflect broader watershed features 

including land-use practices, whereas the nutrient spiraling concept (Webster & Patten, 1979) 

describes instream processing of nutrients in terms of upstream inefficiencies fueling metabolic 

processes of downstream biota. The relative balance of these controls is contingent on several 

factors, including a constituent’s lability, concentration (and by extension, runoff and flow 

volume), biogeochemical demand, and the stream order or position of a measurement within a 

river network (Lintern et al., 2018). The extent of a watershed’s influence on streamwater 

constituents is also dependent on hydrologic connectivity (eg. groundwater transport or water 

residence time), which can vary considerably within a catchment and over time (Meyer et al., 

1988). Catchment and channel characteristics are further subject to natural disturbance regimes, 

climate fluctuations, growing periods for vegetative cover, and land use changes and impacts that 

may dampen or amplify the expression of watershed conditions on streamwater constituents 

(Lintern et al., 2018). 

This diverse suite of watershed and instream processes creates a mosaic of instream habitat 

conditions that shape spatial and temporal distributions of aquatic biota (Vannote et al., 1980). 

Disentangling the extent to which watershed versus instream controls shape biogeochemical 

conditions throughout large river networks may offer insights into spatial patterns that underlie 

riverine ecology. For example, measures of dissolved organic carbon (DOC) are often used to 

gauge ecosystem productivity and respiratory processes (Melack et al., 2011). Both 

allochthonous and autochthonous DOC fuel microbial food webs in streams (Wetzel, 1995), 
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1995) and dissolved nutrient concentrations (eg. NO3 [NO3], orthophosphate [PO4]) regulate 

rates at which primary production and decomposition occur (Meyer et al., 1988). Aside from 

their important role in aquatic food webs, these streamwater constituents influence physical 

conditions (e.g., light attenuation) and redox potential within the water column and stream 

sediments, shaping the bioavailability of contaminants such as methylmercury (MeHg), (Abbott 

et al., 2016; Meyer et al., 1988). Contaminants can also be concentrated within streamwater, 

despite often being dispersed at lower concentrations across a landscape (Likens & Bormann, 

1974). Coupled measurements of streamwater constituents and contaminants within aquatic 

species may reveal broader scale landscape disturbances or baseline conditions that are difficult 

to detect in the terrestrial biome. Understanding the relative importance of watershed versus 

instream controls on streamwater composition has implications for land managers tasked with 

protecting both terrestrial and aquatic resources, but few studies have examined these processes 

at scales relevant for the management of diverse landscapes.      

Network topology and the directional flow of water in rivers facilitate a suite of chemical, 

biological, and physical exchanges between a watershed and downstream channel reaches 

(Lamberti et al., 2010), but the spatial configuration of dendritic river networks has only recently 

been accounted for in biogeochemical studies (Brennan et al., 2016; McGuire et al., 2014; 

Peterson et al., 2006; Post et al., 2018; Rodriguez-Castillo et al., 2019; Scown et al., 2017). This 

is partly due to logistical constraints posed by collecting data at numerous points in a watershed, 

and to limitations of traditional geostatistical approaches for analyzing stream data, which 

generally do not account for the combination of network topology, flow direction and magnitude, 

and catchment characteristics that govern instream conditions (Peterson et al., 2013). Over the 

past decade, spatial stream network models (SSNMs)(Ver Hoef & Peterson, 2010) have 
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increasingly been used to study data from river networks. SSNMs have been successfully used to 

study water temperature (Ashley Steel et al., 2016; Isaak et al., 2014; Marsha et al., 2018), 

examine biologic and hydrologic processes with stable isotopes (Brennan et al., 2016; Segura et 

al., 2019), evaluate impacts on water quality (Neill et al., 2018; Scown et al., 2017; Ver Hoef & 

Peterson, 2010), model ecosystem respiration (Rodriguez-Castillo et al., 2019), and study fish 

and invertebrate ecology (Brennan et al., 2019; Isaak et al., 2017; Larsen et al., 2019). The 

SSNM framework explicitly accounts for network topology and allows variance partitioning 

among watershed effects and instream spatial autocorrelation (Ver Hoef & Peterson, 2010). 

SSNMs are thus an emerging approach for inferring the relative effects of watershed versus 

instream controls on streamwater constituents forming the base of riverine food webs.    

For this thesis work, I used SSNMs to study the behavior of streamwater constituents as water 

moves throughout the Kuskokwim River of western Alaska. My focal constituents have varying 

lability, ranging from a conservative tracer (strontium) to labile and often limiting nutrients 

(NO3, PO4). I employed these constituents as bookends to study the behavior of DOC in a large 

river network, which I hypothesized to behave intermediate to labile and conservative 

constituents. I also compared variance composition from SSNMs for these constituents across 

multiple spatial scales to identify the spatial scales and network locations of prevailing watershed 

controls on instream biogeochemical conditions. Expanding on this work, I evaluated how 

mercury contamination in resident fishes from this river network reflects both local scale 

streamwater chemical variation and broader scale geologic and geomorphic controls, and how 

impacts from mining activity may alter or exacerbate these controls.  
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Chapter 1. Headwater catchments govern biogeochemistry in America’s largest free-

flowing river network 

 

1.1 Abstract 

Riverine chemistry reflects both watershed conditions and instream processing, both of which 

vary across river networks, yet little is known about the scales at which watershed features 

regulate biogeochemical constituents. We used spatial stream network (SSN) models to quantify 

both watershed and instream effects on streamwater constituents in the Kuskokwim River 

(western Alaska), the largest free-flowing river in the US. We assessed chemical constituents 

spanning from labile nutrients (nitrate [NO3], orthophosphate [PO4]) to biologically and 

chemically conservative tracers (calcium [Ca], strontium [Sr], Sr isotopes [87Sr/86Sr]). We also 

examined the behavior of dissolved organic carbon (DOC) relative to these constituents to 

understand whether bulk DOC behaved conservatively in a large boreal river network, where 

future changes in DOC and nutrient loading are expected under a shifting climate. We derived 

watershed spatial covariates comprising landcover, geology, and geomorphic characteristics at 

14 different spatial scales based on stream order and relative to sampling position in the river 

network to understand the effect of distant and proximal watershed controls on streamwater 

constituents. For all constituents but 87Sr/86Sr, watershed features in low order headwater 

catchments yielded the best predictive ability for streamwater constituent concentrations across 

the entire network. Spatial structuring in streamwater constituents indicated that bulk DOC 

behaved conservatively, whereas NO3 and PO4 exhibited spatial patchiness indicative of more 

rapid instream processing. Our results have implications for understanding lentic nutrient cycling 
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at river basin scales, and for the management of headwater streams, which are important 

contributors to network-wide biogeochemical constituents supporting aquatic food webs.  

 

1.2 Introduction 

The chemical conditions in rivers reflect both watershed features (Bormann & Likens, 1967) and 

instream processing (Webster & Patten, 1979). Streamwater constituents including dissolved 

organic carbon (DOC) and inorganic nutrients (e.g., nitrate [NO3], orthophosphate [PO4]) are key 

factors controlling the productivity of riverine food webs (Meyer et al., 1988). Spatial patterns in 

these constituents influence the distribution and productivity of aquatic biota, which in turn 

modify streamwater biogeochemical patterning to downstream reaches (Meyer et al., 1988; 

Vannote et al., 1980).  As water and its chemical constituents flow through dendritic river 

networks, processes of instream uptake and tributary mixing generate spatial heterogeneity in 

constituents across the network. Understanding the balance of watershed versus instream 

controls on biogeochemical variability throughout river networks would improve our ability to 

manage the diverse conditions that support healthy aquatic ecosystems, yet relatively few studies 

(Abbott et al., 2018; Creed et al., 2015; Shogren et al., 2019; Zimmer et al., 2013) have 

examined how watershed controls operate across the continuum of scales that characterize river 

networks, or have documented the spatial patterns in chemical constituents that lie along a 

reactivity gradient (i.e. from labile nutrients to more conservative elements such as calcium).  

Streamwater constituents that have low biological demand (e.g., Sr, calcium [Ca]) or chemical 

reactivity generally behave as conservative indicators of watershed geophysical properties 

(Brennan et al., 2016; Hogan & Blum, 2003). Watershed controls on streamwater chemistry 
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include topography, geology, hydrology, land cover, and soil properties (Lintern et al., 2018), 

which vary across a range of spatial scales within watersheds. These watershed controls can be 

grouped broadly into three main effects: source variation (e.g. bedrock geology), mobilization 

constraints (e.g. weathering, solubility), and delivery to the river network (e.g. hydrologic 

connectivity), (Granger et al., 2010). Of these effects, source variation can be quantified using 

publicly available geospatial datasets, from which physical features that affect delivery processes 

(e.g. slope, connectivity) can also be inferred. For example, 70.5% of variation in Sr isotope 

ratios (87Sr/86Sr) in a large Alaskan river network was explained using a spatial stream network 

model(Peterson & Hoef, 2010; Ver Hoef & Peterson, 2010) with geologic cover, watershed 

relief, and historic glacial extents, and much of the additional variation (22.9%) was accounted 

for by spatial autocovariance associated with downstream transport and mixing of source waters 

(Brennan et al., 2016).  

Instream processing of labile constituents may result in spatially patchy constituent 

concentrations that are difficult to quantify using watershed features alone (Gooseff et al., 2008; 

McGuire et al., 2014; Peterson et al., 2001). Nutrients like NO3 and PO4 whose availability often 

limits biological activity in rivers have a wide range of spiraling lengths (0.08 – 4.92 km and 

0.02 – 61 km, respectively), which generally increase with stream order (Ensign & Doyle, 2006). 

Streams with rapid nutrient uptake tend to exhibit stronger spatial autocorrelation in 

concentrations at fine spatial scales and random or patchy autocorrelation at broader scales (Dent 

& Grimm, 1999; McGuire et al., 2014; Peterson et al., 2001). This fine scale heterogeneity is 

governed by numerous factors, including constituent concentration (Casas-Ruiz et al., 2017; 

Teodoru et al., 2009), leaching or decomposition (Kaplan & Bott, 1982; Meyer, 1990), diel 

changes in algal production or microbial transformations (Jankowski & Schindler, 2019; Kaplan 
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& Bott, 1982), photolysis (Blaen et al., 2016), and groundwater and riparian inputs (Dick et al., 

2015). Because these processes are challenging to quantify at the network scale, leveraging 

spatial autocorrelation to analyze patterns in labile constituents may offer improvements over 

models employing only aggregate watershed features (Peterson et al., 2006).  

The spatial scale at which watershed features are quantified, and instream sampling distance and 

frequency also influence interpretations of ecological or biogeochemical processes shaping 

streamwater constituents (Loreau et al., 2013; McGuire et al., 2014; Wiens, 1989). Watershed 

landscape composition provides information on the relative or absolute amounts of watershed 

features, while watershed landscape configuration provides information on where those features 

are relative to one another or relative to a point of interest such as a sampling location in the river 

channel. Dendritic river networks have a nested hierarchical spatial arrangement, and linkages 

between watershed composition, configuration, and instream conditions are scale-dependent 

(Hunsaker & Levine, 1995). Understanding how landscape features across a watershed influence 

instream biogeochemistry throughout river networks thus necessitates quantifying watershed 

conditions at a range of scales.   

Most studies examining instream processing are conducted within a channel reach, or via 

comparison of multiple reaches (Gooseff et al., 2008; Lintern et al., 2018) and watershed effects 

are often coarsely quantified at the aggregate watershed scale in terms of watershed composition. 

Few studies have evaluated the watershed position or configuration of these controls at the 

network scale (Abbott et al., 2018; Shogren et al., 2019). Gergel et al. (1999) showed the 

importance of total watershed wetlands versus riparian buffer wetland cover in determining 

instream DOC, and more recent work found that headwater bedrock outcrops may be substantial 

sources of calcium, magnesium, and silica minerals (Ingri et al., 2005) to downstream sites. 



14 
 

Much of the existing research examining nutrient delivery to stream networks has focused on the 

extent of agricultural, industrial, or urban land uses and their proximity to streams, with limited 

work in pristine river systems (see Lintern et al., 2018). 

Low gradient riparian zones adjacent to stream channels often have elevated terrestrial organic 

matter accumulation and higher potential for biogeochemical transformations. Some work has 

shown that riparian zones thus have disproportionate effects on stream chemistry relative to the 

broader watershed or upland conditions (e.g. Dick et al., 2015), whereas other work has shown 

that carbon and nutrient concentrations are best explained using whole watershed characteristics 

(Andersson & Nyberg, 2008; Varanka & Hjort, 2016). In boreal stream networks the majority 

(90%) of hydrologic connectivity between low gradient riparian zones and stream channels 

occurs in low order headwaters (Ledesma et al., 2018) that are often characterized by rich 

organic soils, however to our knowledge no study has examined the effects of headwater versus 

higher order catchment features on stream biogeochemistry across an entire boreal river network.  

Recently developed spatial stream network (SSN) models (Peterson & Hoef, 2010; Ver Hoef & 

Peterson, 2010) leverage spatial correlation among observations and partition instream variance 

among watershed controls and downstream mixing and transport. This modeling approach 

provides a framework for studying the balance of watershed versus instream controls on 

streamwater constituents. Here we use SSNs to examine spatial controls on constituents ranging 

from what we expect to be highly labile (NO3, PO4) to highly conservative (Sr, Ca), and 

hypothesize that DOC is controlled by watershed features at scales intermediate to these 

constituents. We quantify watershed effects on streamwater constituent concentrations across 

multiple spatial scales according to stream order, while simultaneously accounting for spatial 

correlation in observations. In doing so, we identify the network spatial scales at which 
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watershed features control streamwater constituents, and quantify the relative importance of 

watershed and instream controls.  

 

1.3 Study Area 

1.3.1   Watershed overview 

We conducted this study in the Kuskokwim River, a large (124,000 km2) free-flowing, boreal 

river basin in western Alaska. The study region includes 54,000 km of channel length (2nd order 

and larger, Figure 1.1), with sample sites spanning 2nd – 8th order streams. The Kuskokwim 

River is the largest free-flowing river in the US and spans from headwaters in the Kuskokwim 

Mountains and glacially influenced tributaries of the Alaska Range (3550 m) to its outlet in 

Kuskokwim Bay on the Bering Sea (0 m), with a mean discharge of 1897 m3 sec-1 (U.S. 

Geological Survey, 2018). 

1.3.2 Watershed morphology 

The Kuskokwim has a complex watershed with a heterogeneous geomorphologic template 

overlain by a mosaic of land cover types, including high elevation barren mountain ranges and 

broad boreal lowlands, rolling hills, and wetlands (Fig 1a). Basin geology reflects the progressive 

western growth of Alaska along the ancestral North American continental margin from the 

Precambrian to the early Cenozoic (Colpron et al., 2007)(Colpron et al., 2007). The geologic 

evolution of the watershed results in a strong east-west gradient in Sr isotopic signatures and Ca 

and Sr weathering patterns across the Kuskokwim basin (Brennan et al., 2014). Several major 
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tributaries draining the Alaska Range carry high silt loads from glacial headwaters to the 

mainstem. Low-lying regions are predominantly overlain by Quaternary surficial deposits of 

glacial, alluvial, colluvial, and eolian origin and thick layers of organic material associated with 

peatlands and permafrost (Fernald, 1960). Braided alluvial channels span much of the piedmont, 

with meandering river floodplains in the lowlands.  

 

Figure 1.1. Map of the Kuskokwim River watershed study area and sampling locations (a), and sample counts by 

stream order (b). Total channel length (c) and watershed area (d) within each stream order, and average downstream 

distance traveled from headwaters to each sample site based on each sample site’s stream order (e).  

 

1.3.3 Watershed land cover 

Land cover within the Kuskokwim maps closely to the geomorphic template, comprising barren 

rock, snow, and glaciers in mountainous regions, mixed shrub and dwarf shrub in subalpine 
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areas, wet and dry-type tundra, and mixed deciduous-evergreen forest in riparian corridors and 

lowlands below 600 m elevation (Fernald, 1960; U.S. Geological Survey, 2016). Wetlands 

dominate the low-lying western portion of the watershed at the Yukon – Kuskokwim delta and 

the low-relief interior between the Kuskokwim Mountains and Alaska Range to the north and 

east (U.S. Geological Survey, 2016). Modern peat soils are widespread in these bogs and 

adjacent lowlands, underlying muskeg vegetation, and variable soil types are mapped in higher 

relief areas (Fernald, 1960; Rieger et al., 1979). Discontinuous, sporadic, and isolated permafrost 

occur throughout the watershed beginning at shallow depths of 0.5 – 2 m, with patches of 

continuous permafrost in upper reaches of the Tonzona River and Swift Fork (Fernald, 1960) 

(Jorgenson et al., 2008).  

1.3.4 Watershed climate 

Climate generally varies with elevation and latitude in the Kuskokwim. Modeled mean annual 

precipitation ranges from 36 cm in the lowlands to 296 cm in the Alaska Range and Kilbuck 

Mountains (Scenarios Network for Alaska and Arctic Planning (SNAP), 2017a). High altitude 

areas receive greater precipitation in the form of snow during the winter months, and summer 

rainfall from late July through August spans much of the watershed. As such, the hydrograph in 

the lower Kuskokwim peaks with snowmelt in late spring, followed by a smaller secondary peak 

in August (U.S. Geological Survey, 2018). Mean summer temperatures in the watershed are 

lowest in the mountains (-1.9 °C) and generally increase with latitude in the lowlands, with the 

highest mean summer temperatures (15.9 °C) in the North Fork Kuskokwim (Scenarios Network 

for Alaska and Arctic Planning (SNAP), 2017b). 
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1.4 Methods 

Water samples were collected throughout the Kuskokwim watershed at sites spanning a range of 

stream orders (2nd – 8th) and major geomorphic and landcover types. We measured 

concentrations of a suite of streamwater constituents and evaluated spatial structuring in these 

constituents in terms of distance traveled from headwaters, by stream order, and using empirical 

semivariograms. We constructed SSN models for each constituent across a range of spatial 

scales. We then compared the performance of models across spatial scales to assess where 

watershed controls best explained instream biogeochemical conditions. We also compared the 

relative effects of watershed versus instream controls using SSN model variance composition for 

each constituent to evaluate differences between labile and conservative solutes.  

1.4.1   Sample collection 

Water samples were collected in July and August of 2017 at 120 sites distributed across the 

Kuskokwim watershed to maximize coverage of major landcovers and stream orders (Fig. 1.1b). 

At each sample site water was collected from the channel thalweg or at the maximum wadable 

depth, facing upstream of the collector after allowing channel bed disturbance to settle-out or 

mobilize downstream. Samples for DOC and nutrients (NO3, NO2, PO4) were syringe filtered 

through a 0.45 μm surfactant-free cellulose acetate (SFCA) filter after rinsing the syringe 3 times 

with sample water. DOC samples were filtered into 40 mL carbon-clean glass vials, and nutrient 

samples were filtered into acid-cleaned high density polyethylene (HDPE) bottles. Water 

samples for trace elements (Ca, Sr) and Sr isotope analysis were collected into acid-cleaned, low 

density polyethylene (LDPE) bottles after three rinses with sample water and filtered through a 

polyethylene Luer-lock syringe filter (0.45 μm polypropylene membrane) into acid-washed 125 
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ml LDPE narrow-mouth bottles within 48 hours of collection (Brennan et al., 2014). All samples 

were stored in dark and cold conditions until analysis. To evaluate consistency in field collection 

methods, field triplicates were collected at 5 of the sample sites. Field-related contamination was 

evaluated through collection of 5 blank samples using the same methods described above for 

samples, but with NANOpure de-ionized water (type I, 18.0 MΩ). 

1.4.2 Sample analyses 

1.4.2.1   DOC analyses 

Water samples for DOC were prepared and analyzed in a clean environment at the University of 

Washington Marine Chemistry Laboratory (UWMCL) following EPA standard method 5310 B-

00 (www.standardmethods.org) and protocols detailed in UNESCO (1994). [DOC] was analyzed 

on a Shimadzu TOC-Vcsh carbon analyzer (Shimadzu Scientific Instruments, Kyoto, Japan), 

using the high temperature catalytic oxidation method and measured on a non-dispersive infrared 

detector. Water samples were acidified with 6N HCl to remove interference by carbonates and 

bicarbonates and sparged to remove volatile organics prior to analysis. Potassium hydrogen 

phthalate was used as the C standard. The limit of detection (LoD) for these analyses was 

estimated at 20.0 μg L-1. Blank sample measurements were all below the LoD and analytical 

precision (2SE [standard error]) between triplicate samples was ± 30.0 μg L-1.  

1.4.2.2   Nutrient analyses 

Nutrient samples were analyzed at the UWMCL following the methods detailed in UNESCO 

(1994) and EPA standard methods 353.4-2-199 (NO3), 353.4-2-1997 (NO2), and 365.5-1.4-1997 

(PO4, www.epa.gov/nerl). All nutrients were analyzed using segmented continuous flow 

http://www.standardmethods.org/
http://www.epa.gov/nerl
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colorimetry on a SEAL AA3 (SEAL Analytical, Norderstedt, Germany). Standards of known 

nutrient concentrations and blanks were analyzed at the start and end of all sample batches. LoDs 

were 4.0, 2.0, and 0.4 μg L-1 for  NO3, NO2, and PO4, respectively. All blank measurements (n = 

8) were below LoDs, and analytical precision between triplicate samples was ± 0.25, 0.02 and 

0.09 μg L-1 for NO3, NO2, and PO4, respectively.         

1.4.2.3   87Sr/86Sr analyses 

Water samples for 87Sr/86Sr  analysis were acidified using 2 ml ultra pure concentrated HNO3 

(BDH Aristar Ultra) in a clean laboratory environment at the University of Utah Department of 

Geology and Geophysics inductively coupled plasma mass spectrometry (ICPMS) laboratory 

within two weeks of sample collection. 87Sr/86Sr ratios of sample water were determined using 

multi-collector (MC) ICPMS (Thermo Scientific, High Resolution NEPTUNE, Bremen, 

Germany). During these analyses, the 87Sr/86Sr ratio of the standard reference material SRM987 

(NIST; www.nist.gov) was determined to be 0.71028 ± 0.00001 (2σSE). The 87Sr/86Sr ratios 

were corrected for mass bias using an exponential law, normalizing to 86Sr/88Sr = 0.11940 

(Steiger & Jager, 1977). Isobaric interferences (e.g., 87Rb and 86Kr on 87Sr and 86Kr, respectively) 

were corrected by simultaneous monitoring of 85Rb and 83Kr using the corresponding assumed 

invariant ratios 87Rb/85Rb = 0.38571 and 86Kr/83Kr = 1.50252 (Steiger & Jager, 1977). Analytical 

precision (2SE) of field triplicates was determined to be ± 0.00002, and analytical precision of 

all water samples ranged from ± 0.000004 – 0.00002.  

1.4.2.4   Elemental analyses 

Water samples for Ca and Sr analysis were acidified using 2 ml ultra pure concentrated HNO3 

(BDH Aristar Ultra) in a clean environment at the University of Utah ICPMS laboratory within 

http://www.nist.gov/
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two weeks of sample collection. Major and trace element concentration analyses were conducted 

using an Agilent 7500ce ICPMS (Agilent Technologies, Santa Clara, CA, USA). Samples were 

diluted 4:1 with 2.4% ultra pure HNO3 (BDH Aristar Ultra) and Indium (In) at a concentration of 

25 ng mL-1 was added as an internal standard. [Sr] and [Ca] were determined using a six-point 

calibration curve. The standard reference material SRM 1343e (NIST) was analyzed after every 

30 samples (n = 4) as an external consistency standard. During our analyses, we determined the 

[Sr] and [Ca] in SRM1343e to be within 3.2% and 3.6% of their respective mean reported 

reference values. Precision of field triplicates was ± 0.88 μg Sr L-1  and ± 170 μg Ca L-1. 

Measures of [Sr] and [Ca] in field blanks were both below LoDs (maximum LoDs of all runs 

were 0.60 μg Sr L-1 and 1030 μg Ca L-1, respectively).  

1.4.3   Statistical analysis 

We used a statistical modeling approach that includes spatial covariates for watershed features 

and accounts for spatial autocorrelation among sampling sites throughout the Kuskokwim River 

based on flow connectivity, flow magnitude, and flow direction (Ver Hoef & Peterson, 2010) to 

understand how biogeochemical constituents were transported throughout the river network. This 

approach allowed us to partition variance in streamwater constituents among watershed and 

instream controls.  

We first used empirical semivariograms to identify spatial relationships among sample sites and 

evaluate the range at which spatial covariates might be important (McGuire et al., 2014). We 

then fit spatial models for each streamwater constituent throughout the network using spatial 

watershed covariates derived at 14 different spatial scales based on stream order (Fig. 1.2). 

Model performance for each constituent was assessed across a range of spatial scales to identify 
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the network position or extent of watershed controls on streamwater constituents. The relative 

importance of instream versus watershed controls was then compared across streamwater 

constituents ranging from labile (e.g., PO4) to biogeochemically conservative (e.g., Sr).      

1.4.3.1   Empirical semivariograms 

Empirical semivariograms show the strength of spatial correlation between sites across a range 

of distances (Olea, 1994), and observed patterns can yield insights into the spatial structure of 

ecological or biogeochemical processes governing streamwater constituents (McGuire et al., 

2014). Distance in a semivariogram is traditionally measured as the Euclidean, or straight line, 

distance between two sample points (Matheron, 1963). For data on stream networks, and 

especially for streamwater constituents where downstream transport and processing are 

important (Closs et al., 2004), hydrologic distance between sites sharing flow (flow connected) is 

often a more meaningful spatial dimension for assessing spatial structure (Cressie et al., 2006; 

Ganio et al., 2005; Peterson et al., 2006). We compared semivariance in both Euclidian and 

hydrologic spatial dimensions to examine watershed and instream controls on spatial structuring 

in streamwater constituents using: 

𝛾(ℎ) =
1

2|𝑁(ℎ)|
 ∑  (𝑧𝑖 −  𝑧𝑗)

2
𝑁(ℎ)                               (1) 

Where γ is semivariance, N(h) is the set of all pairwise distances i – j = h, |N(h)| is the number of 

distinct pairs in N(h), and zi and zj are data values at spatial locations i and j, respectively 

(Matheron, 1963). We used a maximum separation distance of 1200 km, 40 lag bins, and a 

minimum of 15 point pairs per lag bin in semivariance computations. Semivariograms for stream 

constituents were compared in terms of general trends in both Euclidian and hydrologic spatial 

dimensions, range (distance of asymptote or peak in semivariance), nugget (variance at finest 
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spatial scale), and nested spatial structures as denoted by inflection points in the data (McGuire 

et al., 2014; Rossi et al., 1992).  

1.4.3.2   Spatial stream network models 

We used SSNs to analyze streamwater constituent concentrations that differ in their expected 

biological lability (DOC, NO3+ NO2, PO4, Ca, and Sr) and 87Sr/86Sr ratios for all sites sampled (n 

= 120). These models are described in detail elsewhere (Peterson & Hoef, 2010; Ver Hoef et al., 

2006; Ver Hoef & Peterson, 2010). In brief, SSNs explicitly account for complex relationships 

within a stream network, including flow direction, longitudinal connectivity, and flow 

magnitude. SSNs provide flexible covariance structures for stream data and leverage spatial 

autocorrelation among sample sites to improve model performance (Peterson et al., 2006; 

Peterson et al., 2007).  Covariance is determined via both hydrologic and Euclidean distance. 

Spatial relationships among sites are incorporated into covariance matrices via moving average 

spatial autocorrelation functions (Ver Hoef & Peterson, 2010).  

We used a mixed-effects modeling framework in which the observed variance in a constituent 

across the river network (e.g. [DOC]) is explained by a set of watershed spatial covariates 

modeled as fixed effects (e.g., % bog cover and basin slope), and the spatial covariance matrices 

as random effects. The general form of the spatial linear mixed model is: 

𝑦 = 𝑋𝛽 + 𝑧𝐻 + 𝑧𝐸 + 𝜖,                                                 (2) 

Where y is the vector of a response variable (e.g. [DOC]), X is a matrix of covariates (e.g. % bog 

cover), β is a vector of parameters for each covariate in X, and zH, and zE are vectors of random 

variables with hydrologic (flow connected) and Euclidean correlation structures, respectively; ϵ 

is a vector of independent random errors.  
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Autocovariance functions for flow-connected relationships within the SSNs require a spatial 

weight or segment proportional influence (SPI) to inform how the moving average function 

behaves at stream confluences (Ver Hoef et al., 2006). We derived SPI based on watershed area 

and precipitation amount as a proxy for stream flow. To estimate stream flow proportional to 

watershed area, we used gridded decadal mean annual precipitation (Table S1.1) throughout the 

entire Kuskokwim basin and accumulated all grid cells upstream of each stream segment using 

the Spatial Toolbox for the Analysis of River Systems (STARS) toolbox in ArcGIS (Peterson & 

Hoef, 2014). Flow accumulation and a synthetic channel network for input to the SSNs were 

derived from a digital elevation model (DEM) extracted from the USGS National Elevation 

Dataset.      

1.4.3.3   Spatial covariates 

Potential spatial watershed covariates for each streamwater constituent were compiled using the 

STARS toolbox and publicly available geospatial datasets (Table S1.1) (Peterson & Hoef, 2014). 

To compare covariate effect sizes in final models, all covariates were standardized to a mean of 0 

and standard deviation of 1. A set of a priori candidate models was developed for each 

streamwater constituent with spatial covariates selected based on predictors for other study 

systems and factors which we hypothesized to affect streamwater constituents. A complete list of 

spatial covariates used in candidate model development is in Table S1.1 of the supplementary 

materials.   

For all constituents, modeled mean annual precipitation, watershed slope, and watershed relief 

were included in candidate models as these watershed features are expected to affect the 

movement of water and solutes from uplands to the stream channel (Lintern et al., 2018; Smits et 
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al., 2017). We expected positive correlations between DOC and features related to the 

accumulation of soil organic matter, such as low basin relief, peat bogs, and wetland areas (e.g. 

(Agren et al., 2014; Gergel et al., 1999; Laudon et al., 2011; Mulholland, 1997; Varanka et al., 

2015). Because no complete wetland inventory is available for the entire Kuskokwim watershed, 

we used separate geospatial datasets for peat bogs, open water wetlands, marshes, and spruce 

forest swamps (Table S1.1). 

 NO3 and NO2 (hereafter referred to as ‘NO3’) were pooled for each site and modeled together. 

Candidate models for NO3 included alder (Alnus spp.) plant cover, which has been shown to 

influence NO3 concentrations in Alaskan streams (Callahan et al., 2017; Hiatt et al., 2017; 

Shaftel et al., 2012). NO3 is also negatively correlated with DOC in some Alaskan watersheds 

(Harms et al., 2016), with steeper basins having higher NO3 and lower DOC (Rodriguez-

Cardona et al., 2016; Walker et al., 2012). This is likely related to both shorter residence times 

limiting nitrogen transformations in steeper basins and organic matter accumulation and soil 

saturation fueling microbial denitrification and N-limitation in lower relief basins. DOC 

measurements were included in candidate models for NO3 and PO4 to evaluate this relationship 

in the Kuskokwim.  

Ca, Sr, and PO4 are generally influenced by rock weathering in high relief areas where bedrock 

exposures correspond with mechanical weathering and higher precipitation, and 87Sr/86Sr  are 

strongly correlated with surface geology and precipitation in much of western Alaska (Bataille et 

al., 2014; Brennan et al., 2019; Brennan et al., 2015). Surface geology was simplified into 12 

major groups based on lithology type and age from the Global Lithological Map database 

(Hartmann & Moosdorf, 2012). A priori candidate models for PO4 included apatite-bearing 
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geology types and candidate models for Ca and Sr included mafic and calcareous lithologies, 

predominantly within mixed sedimentary classes.  

1.4.3.4   Spatial Scaling 

Watershed covariates upstream of each sample site were quantified at 14 different nested spatial 

scales (Fig. 1.2). We derived watershed covariates in a reverse nested spatial scaling by 

including only watershed characteristics for the local catchment area draining to the sample site 

between stream confluences, and then iterating upstream to include contributing areas based on 

the sample site’s stream order, the site’s stream order and drainages for stream order -1, stream 

order – 2, and so forth until the entire upstream drainage was accounted for (Fig. 1.2, A -E). We 

also derived watershed attributes in a downstream direction by including only 2nd order stream 

basins, 2nd-3rd order basins, 2nd – 4th order, 2nd – 5th order, 2nd – 6th order, 2nd – 7th order, 2nd – 8th 

order, and all stream orders (Fig. 1.2, F – J). In doing so, we evaluate the effect of small, low 

order stream catchments on downstream biogeochemical conditions. By evaluating the effect of 

watershed covariates across both upstream and downstream spatial scales, we quantified the 

effect of local and distant watershed features on streamwater constituents at each sample point in 

the Kuskokwim network.   
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Figure 1.2. Diagrams of spatial scaling approach for deriving watershed attributes by stream order moving 

upstream (a-e) and downstream (f-j). Upstream (US-) scaling begins with local watershed attributes at a sample site, 

and iterates upstream by one stream order for each scale. Downstream (DS-) scaling begins with 2nd order streams 

and iterates downstream by one stream order for each scale.  

 

1.4.3.5   Model selection 

SSN model formulations were initially fit to univariate models using the SSN package in R (Ver 

Hoef & Peterson, 2010), with parameters for hypothesized predictor variables estimated using 

maximum-likelihood. For these model fits, all runs used the same random effect structure with 

exponential tail-up (flow-connected) and Euclidean spatial autocovariance components (Ver 

Hoef et al., 2014). Univariate models for each stream constituent were compared using root 

mean square prediction error (RMSPE) derived from leave-one-out cross validation (LOOCV) 

predictions, and a spatial corrected Akaike information criterion (AICc) (Hoeting et al., 2006). 
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This metric is similar to standard AIC, but penalizes models based on the number of parameters 

used to estimate the spatial autocovariance structure: 

𝐴𝐼𝐶𝑐 =  −2\ℓ𝑝𝑟𝑜𝑓𝑖𝑙𝑒 +  2n 
𝑝+𝑘+1

𝑛−𝑝−𝑘−2
                                            (3) 

Where ℓprofile is the profile log-likelihood function (Cressie, 1993), n is the sample size, p – 1 is 

the number of covariates, and k is the number of autocorrelation parameters.  

Additional candidate predictor variables were then combined iteratively with the best performing 

univariate models in a stepwise fashion, and again selected using RMSPE and AICc. The best 

combination of predictor variables for each streamwater constituent was then used to 

parameterize the spatial autocovariance structures using restricted maximum likelihood 

estimation. We expected the spatial predictor variables (e.g., % bog) to capture the Euclidean 

spatial structure in our data and for instream processing and transport to comprise the flow-

connected dimension. As such, we first fit models for each constituent using only the fixed 

effects and a flow-connected spatial dimension for the random error structure. We then computed 

empirical semivariance for the residual error to evaluate any remaining spatial structure in the 

Euclidean and flow-unconnected dimensions. For constituents with spatial structure in the 

residuals, we then tested different combinations of spatial autocorrelation functions in the flow-

connected and Euclidean dimensions (e.g. exponential, Gaussian, linear with sill), (Ver Hoef & 

Peterson, 2010) and again used AICc to select the spatial autocovariance structure for each 

streamwater constituent. Residual semivariance was then computed to check for remaining 

spatial autocorrelation in the data. For comparison, we also parameterized models with only the 

predictor variables using non-spatial multiple linear regression.   

1.4.3.6   Streamwater constituent comparison 
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The flexible covariance structures in SSN models are well-suited for evaluating the relative 

effects of instream processing and transport (flow-connected) and watershed factors mediating 

delivery of constituents from watershed to stream network by examining variance composition 

(Ver Hoef et al., 2014; Ver Hoef & Peterson, 2010). Variance composition for SSN models is 

partitioned among the various autocovariance structures (e.g. Euclidian, flow-connected) and 

spatial covariates (e.g. bog area or watershed slope). Variance composition was determined for 

each constituent at each spatial scale, with the relative proportion of variance explained by 

autocovariance and spatial covariates compared across constituents and across spatial scales. In 

doing so, we compared the behavior of the constituents (e.g. conservative Sr vs. biologically 

reactive NO3) and identified the spatial scales at which watershed features controlled each 

streamwater constituent.   

 

1.5 Results 

1.5.1 Spatial structuring in streamwater constituents 

All streamwater constituents exhibited distinct spatial patterns across the Kuskokwim watershed, 

but the scales of these patterns varied by constituent and by spatial distance metric (e.g., stream 

order, Euclidian vs. hydrologic, Fig. 1.3). [PO4], [NO3], and [DOC] generally trended toward 

higher concentrations with distance downstream, whereas [Ca], [Sr], and 87Sr/86Sr generally 

trended toward watershed average values with distance downstream (Fig. 1.3a – f). Mean [PO4] 

and [DOC] were lowest in 2nd order streams, and generally increased with stream order. [Sr] and 

[Ca] decreased from 2nd to 6th order streams, followed by increases in 7th and 8th order streams 
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(Fig 3g-1). Mean values for [NO3] and 87Sr/86Sr showed no significant differences among stream 

orders, however mean 87Sr/86Sr was highest in 2nd order streams (Fig. 1.3l). Variation in 

constituent concentrations was generally greatest within the first 100-150 km of the stream 

network (Fig. 1.3a – f), corresponding with 2nd – 5th order channels (Fig. 1.1e, Fig. 1.3g – l).  

Constituent concentrations within 2nd order streams were less variable than all other stream 

orders, except for [NO3] and 87Sr/86Sr, which were least variable in 8th order sample sites.  

Semivariograms revealed distinct contrasts in the spatial structuring of different chemical 

constituents across the watershed (Fig 3m-r). Semivariance in [PO4] had a large nugget 

(semivariance at shortest lag distance), indicating high variance among samples at the finest 

sampling distance, and exhibited nearly random spatial distribution (no clear trend in 

semivariance) in the flow-connected dimension (Fig. 1.3m). Within the Euclidian dimension, 

however, [PO4] showed spatial autocorrelation (as exhibited by increasing semivariance with 

distance) with [PO4] subject to multi-scale controls (exhibited by inflection points in Euclidian 

semivariance at approximately 200, 300, and 400 km lag distances).  

[NO3] exhibited flow-connected autocorrelation at distances up to 200 km and multi-scale 

Euclidian controls on [NO3] were also evident via inflection points in semivariance at 100, 200, 

and 350 km (Fig. 1.3n). [DOC] were spatially autocorrelated in both Euclidian and flow-

connected dimensions at short to medium lag distances; however, flow-connected semivariance 

generally exceeded that of Euclidian at mid-range lag distances (Fig. 1.3o), which was a pattern 

unique to the DOC semivariogram. 
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Figure 1.3. Changes in streamwater constituent concentrations with average distance from headwaters for each 

sample site (a-f), and constituent variation by stream order (g-l). Boxes in g-l include the interquartile range (IQR) 

and whiskers extend to 1.5 times the IQR from 1st and 3rd quartiles. Empirical semivariograms (m-r) are plotted 

based on flow-connected (blue) and Euclidian distance (orange).  
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Conservative constituents showed strong spatial autocorrelation, with broad-scale Euclidian and 

instream controls (Fig. 1.3p-r). Flow-connected semivariance for [Sr], [Ca], and 87Sr/86Sr 

increased up to 300 km, with declining semivariance for 87Sr/86Sr at distances beyond 300 km. 

Inflection points in flow-connected semivariance for both [Ca] and [Sr] occurred at 250 and 500 

km. Euclidian semivariance increased to a range of approximately 350 km for [Ca] and 400 km 

for [Sr]. Euclidian semivariance for 87Sr/86Sr increased beyond the range of our sample sites.  

1.5.2   Watershed covariates governing streamwater constituents  

The best SSN models for streamwater constituents in the Kuskokwim River included covariates 

reflecting both broad- and fine scale watershed attributes (Fig. 1.4, Fig. S1.1, Table S1.2). For all 

constituents in our study, watershed controls could be grouped into three primary drivers: 1) 

watershed relief, 2) landcover shaped by watershed morphology, and 3) the Farewell Terrane 

geologic unit. Sample site constituent measures and significant spatial covariates are mapped in 

Figure S1.1.  

The best model for [PO4] included covariates for the watershed portion overlain by the Farewell 

Terrane (β = -0.39), sample site [DOC] (β = 0.39), and the portion of the watershed overlain by 

mixed sedimentary rock (β = -0.18, Fig. S1.1a). PO4 was the only constituent without watershed 

relief or mean watershed elevation in the best model; however, [PO4] was generally lower in the 

mountainous portions of the watershed (Fig. 1.4a).  

NO3 spatial patterns were patchier across the watershed, with highest concentrations in streams 

draining the lower slopes of the Alaska Range and in the central Kuskokwim. [NO3] was 

positively correlated with watershed relief but negatively correlated with mean watershed 

elevation (Fig. 1.4b). [NO3] was also strongly positively correlated with alder (Alnus spp.) plant 
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cover, and [NO3] was best modeled using covariates for watershed alder (Alnus spp.) plant cover 

(β = 0.29), sample site [DOC] (β = -0.14), watershed latitude (β = 0.05), and mean watershed 

elevation (β = -0.01).  

[DOC] was highest in low-gradient portions of the Kuskokwim, with streams draining the Alaska 

Range and Kuskokwim/Kilbuck Mountains generally having lower DOC (Fig. 1.4c). [DOC] was 

positively correlated with bogs, peat, and marshes; however, the best model for [DOC] included 

only mean watershed relief (β = -0.19) and watershed latitude (β = 0.11).  

[Ca] and [Sr] in the Kuskokwim generally followed similar spatial patterns: high concentrations 

in portions of the Alaska Range coinciding with the Farewell Terrane and lower concentrations 

in the western watershed (Fig. 1.4d,e). [Sr] were also elevated in some portions of the Kilbuck 

mountains (Fig. 1.4e). The best model for [Ca] included watershed coverage by the Farewell 

Terrane (β = 0.07), acidic volcanic and plutonic rocks (β = -0.04), intermediate volcanic and 

plutonic rocks (β = -0.04), and mean watershed elevation (β = 0.02). [Sr] was best modeled by 

the Farewell Terrane (β = 0.10), intermediate volcanic and plutonic rocks (β = -0.06), acidic 

volcanic and plutonic rocks (β = -0.06), and mean watershed elevation (β = 0.05).  

87Sr/86Sr was highest in the northeastern portion of the Kuskokwim, with high values spanning 

the Farewell Terrane, and 87Sr/86Sr generally decreasing toward the western watershed (Fig. 

1.4f). The best model for 87Sr/86Sr included the Farewell Terrane (β = 0.0008), watershed relief 

(β = 0.0004), watershed extent covered by the last glacial maximum (β = -0.0003), intermediate 

volcanic and plutonic rocks (β = -0.0003), and siliciclastic sedimentary rock units in the Kilbuck 

and Kuskokwim mountains (β = -0.0003, Fig. S1.1f).    
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Figure 1.4. Watershed maps of streamwater constituent values at each sample point and spatial stream network 

model predictions for streamwater constituents for all 2nd-8th order channels in the Kuskokwim River.  
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1.5.3   Variance decomposition across constituents and spatial scales 

For most of the constituents in our study, covariates derived at spatial scales emphasizing low 

order headwater stream catchments performed the best, with watershed covariates and instream 

spatial autocorrelation accounting for more of the overall variance for conservative versus labile 

constituents (Fig. 1.5). In general, watershed covariates for most constituents performed better as 

spatial scales moved in the upstream direction to include more of the headwaters and low order 

streams (Fig. 1.5a-f). Moving in the downstream direction, models accounting for 2nd – 3rd order 

streams generally performed best (Fig. 1.5g-l).  

Models for [PO4] had the lowest predictive power (mean LOOCV R2 of 0.44) and the largest 

nugget effect among the constituents in our study (Fig. 1.5a,g). The nugget effect decreased with 

upstream scaling for PO4. The best model for PO4 was at scale DS-3 (Fig 1XX), and with the 

exception of DS-2, downstream scaled models for PO4 had variance composition split roughly 

equally among nugget, Euclidian spatial autocorrelation, and watershed covariates.  

NO3 had better model performance than for PO4 (mean LOOCV R2 of 0.71), with over 80% of 

explained variance in [NO3] attributed to Euclidian spatial autocorrelation and minor fractions 

explained by flow-connected spatial autocorrelation, and watershed covariates (Fig. 1.5b,h). The 

best model for NO3 used watershed covariates derived at spatial scale DS-2, accounting for 2nd 

order streams only; however, models for NO3 performed similarly across most spatial scales.  

DOC models performed better when headwater areas were included, and the best model for DOC 

included only 2nd and 3rd order streams (DS-3, Fig. 1.5c,i). Mean model performance across all 

scales for DOC was comparable to NO3, with a mean LOOCV R2 of 0.70. Downstream scaling 

models for DOC had comparable predictive performance (mean LOOCV R2 of 0.73). Watershed 

covariates and Euclidian spatial autocorrelation accounted for roughly one third and one half of 
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explained variance in [DOC], respectively, with flow-connected autocorrelation accounting for 

12-22% of explained variance in [DOC]. 

Models for both Ca and Sr performed better when low order streams were included moving in 

the upstream direction, and the best model for both constituents was at DS-3, including just 2nd 

and 3rd order watershed conditions. Mean LOOCV R2 was 0.88 for Ca and 0.84 for Sr. Euclidian 

spatial autocorrelation accounted for the majority of explained variance in both [Ca] and [Sr], 

with tail-up spatial autocorrelation accounting for an average of 10 and 14% of explained 

variance in [Ca] and [Sr], respectively. Fixed watershed effects accounted for roughly 22% of 

explained variance in both [Ca] and [Sr].  

Models for 87Sr/86Sr had the highest explanatory power of the constituents in our study (mean 

LOOCV R2 of 0.93, Fig. 1.5f,i). For 87Sr/86Sr, the best model was at the US-4 spatial scale, 

however the top six models for 87Sr/86Sr had only minor differences in AICc and prediction error 

(Table S1.3). Euclidian spatial autocorrelation accounted for an average of 61% of explained 

87Sr/86Sr variance across all spatial scales, tail-up autocorrelation accounted for 7.6%, and fixed 

effects accounted for 32% of explained variance. 
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Figure 1.5. Variance composition and leave-one-out-cross-validation R2 statistics (black dots) from spatial stream 

network models for all constituents across upstream (a-f) and downstream (g-l) spatial scales. Variance composition 

includes the proportion of overall variance explained by watershed effects (green bars), flow-connected spatial 

autocorrelation (blue bars), Euclidian spatial autocorrelation (grey bars), and the nugget or random error (purple 

bars).  

 

1.6 Discussion 

1.6.1   Spatial structuring in streamwater chemistry throughout the river network 

Spatial structuring in streamwater chemical conditions across the Kuskokwim watershed 

revealed several differences in both watershed controls and instream behavior between the labile 
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(PO4, NO3, and DOC) and conservative (Ca, Sr, 87Sr/86Sr) constituents in our study. These 

differences can be viewed in terms of variation with distance downstream (Fig. 1.3a-f), changes 

in mean concentration and variance across stream orders (Fig. 1.3g-l), and in empirical 

semivariograms derived using both Euclidian and hydrologic distance (Fig. 1.3m-r).       

For all constituents we measured in the Kuskokwim, high chemical variation in the upper 100-

150 km of stream channels highlights the importance of headwater and low order catchment 

conditions in governing biogeochemical heterogeneity across the river network. However, 

despite spatial heterogeneity at relatively fine scales, all constituent concentrations in the 

Kuskokwim trended toward the watershed average with distance downstream, with higher than 

average [PO4], [NO3], and [DOC] in the lower mainstem Kuskokwim sample sites. These trends 

toward watershed average values reflect flow-weighted contributions from a mixture of more 

variable, low order streams. 

These results are consistent with previous work in other river systems showing greater 

biogeochemical variation among smaller catchments and decreasing variation at broader scales 

(Abbott et al., 2018; Shogren et al., 2019; Temnerud et al., 2010; Temnerud et al., 2007). In 

temperate rivers, Alexander et al. (2007) showed that NO3 retention is highest in headwaters, 

governing downstream nutrient availability. Abbott et al. (2018) assessed variation in [DOC], 

[NO3,] and [PO4] in a range of nested catchment sizes, and showed significant reductions in 

biogeochemical variation at catchment areas of 18-68 km2, with larger scale catchment patches 

(113-216 km2) regulating more conservative constituents like chloride and fluoride. Similar work 

in northern Alaskan streams found smaller scale patch controls on instream DOC and NO3 (3-21 

km2), but broader or non-significant patch sizes for PO4, which was hypothesized to be driven by 

rapid instream uptake masking source signals (Shogren et al., 2019).  
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For labile nutrients like PO4 and NO3, this pattern of variance collapse has been attributed to 

reduced nutrient uptake with increasing discharge, driven mainly by lower biological reactivity 

opportunity due to shorter residence times in larger channels (Marcé et al., 2018; Mulholland et 

al., 2009). This is contrary to previous work showing more rapid uptake and shorter spiraling 

lengths for NO3 in larger channels (Ensign & Doyle, 2006). For DOC, variance collapse with 

increasing catchment area has been attributed to net gains of instream organic matter, due 

primarily to accumulation of allochthonous inputs along the network (Shogren et al., 2019). 

Recent work in boreal headwaters suggests that terrestrial DOC inputs are passively transported 

in 1st to 4th order channels (Kothawala et al., 2015), while other work shows that nearly half of 

labile terrestrial DOC from permafrost is metabolized instream within several weeks (Textor et 

al., 2019). Increasing [DOC] along the Kuskokwim network may suggest that most DOC is 

simply transported through the river network with little instream processing. However, without 

measures of DOC composition, any instream processing of labile fractions is unknown. For the 

conservative tracers in our study, variance collapse and a trend toward watershed average values 

appears to reflect accumulation, transport, and mixing of heterogeneous landscape signals along 

the network. The spatial behavior of bulk DOC is largely consistent with these patterns. 

Patterns in constituent means and variance according to stream order also provide some evidence 

for rapid nutrient uptake in lower order streams, reduced uptake rates and longer spiraling 

lengths in larger streams, and the passive transport and mixing of the more conservative tracers 

(Fig. 1.3g-l). Increases in [PO4] with stream order may be indicative of longer spiraling lengths 

in larger streams. This pattern was also shown in a meta-analysis of nutrient data across 1st -5th 

order streams (Ensign & Doyle, 2006). Their study also showed increased uptake and shortened 

spiraling lengths for NO3 with increasing stream order. Rapid uptake may explain the lack of 
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significant differences in [NO3] across stream orders in the Kuskokwim (Fig. 1.3h). [DOC] 

slightly increased across stream orders, providing additional support for relatively passive 

transport and accumulation of bulk DOC across the network.  

Changes in [Ca], [Sr], and 87Sr/86Sr across stream orders were less pronounced, but likely 

reflected mixing of various tributaries draining broad scale geologic blocks and morphologic 

features across the network. Concentrations and 87Sr/86Sr values were generally highest in the 

low order streams, consistent with higher mechanical weathering and precipitation in the 

mountainous headwaters of the Kuskokwim (Brennan et al., 2014). In the mid-size and large 

rivers, however, concentrations were more dilute and 87Sr/86Sr values were lower with increasing 

discharge (Fig. 1.3j,k). Average concentrations in the mainstem (8th order) channel reflected a 

mixture of both concentrated headwater signals from the eastern watershed, the integration of 

signals from the central basin, and slightly elevated concentrations and enriched 87Sr/86Sr values 

from the Kilbuck mountains in the western Kuskokwim (Fig. 1.4d,e).  

Semivariograms revealed multi-scale watershed and instream controls on the spatial structuring 

of chemical constituents across the Kuskokwim (Fig 3m-r). Contrasting Euclidian and flow-

connected patterns in semivariance for each constituent can provide insights into watershed 

versus instream controls on instream biogeochemical constituents (McGuire et al., 2014). 

Similarly, comparing semivariance patterns of labile versus conservative constituents can yield 

information on the behavior of one constituent relative to more- and less-reactive constituents. 

The lack of instream (flow-connected) spatial autocorrelation and a large nugget in semivariance 

for [PO4] is consistent with instream cycling of PO4 at substantially finer spatial scales than our 

sampling efforts(McGuire et al., 2014). Inflection points at lag distances of roughly 200 and 400 

km were also consistent with the broad-scale geologic features included in the best model for 
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PO4 (Fig. S1.1a). Taken together with the broad-scale spatial patterns in [DOC] that were also 

included in the best model for PO4, there appeared to be multi-scale watershed controls on [PO4] 

in the Kuskokwim, whereas instream spatial structure was nearly random (zero slope in 

semivariance) across all lag distances. [NO3] had stronger spatial autocorrelation in the flow-

connected dimension up to a distance of roughly 200 km, which may indicate longer spiraling 

lengths for NO3 in the Kuskokwim compared with PO4, or the transport of various watershed 

signals and groundwater inflows (McGuire et al., 2014).  

[DOC] exhibited instream spatial autocorrelation at coarse scales up to 600 km, providing some 

additional support for the conservative transport of bulk DOC through the Kuskokwim network. 

Multi-scale structuring in Euclidian spatial autocorrelation for [DOC] was consistent with the 

scale of the geomorphic gradients that shape [DOC] in the Kuskokwim, such as transitions from 

high relief mountains to low-gradient peat and bog environments in the Kuskokwim lowlands. 

Finer scale spatial autocorrelation may reflect more local features such as wetlands or acidic peat 

soils that result in smaller patches of high [DOC] (McGuire et al., 2014). Broad scale spatial 

dependence in [DOC] may be driven by the latitudinal trend we observed in the Kuskokwim 

(Fig. 1.4c).  

[Ca], [Sr], and 87Sr/86Sr all exhibited strong spatial autocorrelation in both flow-connected and 

Euclidian spatial dimensions (Fig. 1.3p-r). Euclidian spatial dependence for [Ca] and [Sr] 

extended to a range of 300 km, which roughly coincides in scale with the alkaline Farewell 

Terrane and the neighboring Kuskokwim Group. 87Sr/86Sr Euclidian spatial dependence extended 

beyond the range of our sampling, despite strong correlation with the Farewell Terrane and other 

broad-scale geologic blocks in the Kuskokwim (Fig. S1.1f). Flow-connected or instream spatial 

dependence for the conservative constituents showed spatial autocorrelation at multiple scales 
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(250 and 500 km), which may reflect the inflows of major tributaries draining distinct geologic 

regions in the southern portion of the Kuskokwim basin (Fig. 1.1a, Fig. 1.4f). Several of these 

inflows in the central Kuskokwim have considerably lower concentrations and 87Sr/86Sr values 

than the Farewell Terrane and the Kilbuck mountains. These broad scale geologic differences 

likely also shaped the decline in 87Sr/86Sr semivariance beyond a range of 300 km, wherein 

87Sr/86Sr variation increased from northeast to the west, then decreased again at the confluence of 

tributaries draining the Kilbuck mountains.    

1.6.2   Watershed features governing streamwater constituents  

Streamwater constituents in the Kuskokwim reflected both broad- and fine-scale watershed 

controls such as landcover and watershed geology in addition to covarying with DOC. With the 

exception of PO4, watershed relief or elevation were either directly included in the best SSN 

models for all constituents, or indirectly included via landcover covariates or instream 

constituents (e.g. DOC) reflecting watershed geomorphology. The importance of watershed 

relief in regulating the movement of water, constituents and material between terrestrial and 

aquatic systems has been shown for many streamwater constituents across most ecoregions 

(Lintern et al., 2018).  

Watershed relief shaped the more labile constituents in the Kuskokwim, presumably by 

regulating catchment hydrology, the accumulation of organic matter, and nutrient 

transformations. High relief basins draining the Alaska Range and Kuskokwim/Kilbuck 

Mountains generally had lower [PO4] and [DOC] and higher [NO3]. [DOC] is typically 

positively correlated with wetlands and peat bogs in boreal river systems (Agren et al., 2008; 

Laudon et al., 2011; Mulholland, 1997) and peat bogs in the Kuskokwim were strongly 
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negatively correlated with watershed relief (Pearson correlation coefficient = -0.64, p < 0.01). 

However, the most parsimonious model for DOC included covariates for watershed relief and 

watershed latitude, but no landcover covariates. This is likely due in part to collinearity between 

relief and these wetland landcover types or to a mismatch between field conditions and wetlands 

mapped from geospatial data from combined sources. Additionally, previous work has found 

watershed slope to be a better predictor of DOC flux than wetlands within both the entire 

watershed and riparian zones (Andersson & Nyberg, 2008). Furthermore, because our data only 

provide a snapshot of Kuskokwim biogeochemistry, seasonal hydrology may mask landcover 

effects on instream DOC to some extent (Laudon et al., 2011)(Laudon et al., 2011). For example, 

Buffam et al. (2007) showed reduced sub-catchment variation in DOC during spring runoff, 

wherein DOC from wetland dominated catchments was diluted and DOC inputs from upper soil 

horizons in forested catchments increased.  

The positive effect of latitude on both [DOC] and [NO3] may be driven by watershed air 

temperature. Modeled mean summer air temperatures in the Kuskokwim generally increase with 

latitude and longitude to the east, with the exception of high relief mountainous areas (Scenarios 

Network for Alaska and Arctic Planning (SNAP), 2017b). Some recent work in boreal regions 

shows a positive relationship between temperature and [DOC] due to higher terrestrial ecosystem 

productivity and deeper active layer soils (Hawkes et al., 2018; Winterdahl et al., 2016).     

[NO3] was positively correlated with watershed relief but negatively correlated with mean 

watershed elevation (Fig. 1.4b). This pattern has been observed elsewhere in Alaska and is likely 

due to an upper elevation limit for alder (Alnus spp.) growth (Devotta et al., 2020). [DOC] was a 

significant covariate in SSN models for both NO3 (p = 0.01) and PO4 (p < 0.01), which were 

negatively and positively correlated with instream [DOC], respectively. DOC probably precluded 
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watershed relief as a covariate in candidate models for PO4, given the strong influence of relief 

on [DOC] in the Kuskokwim (Fig. 1.4c). The negative relationship between [DOC] and [NO3] in 

the Kuskokwim is likely linked to higher denitrification rates and nitrogen retention in drainages 

to DOC-rich streams. Low gradient watersheds have increased potential for saturated soils 

lending to both anaerobic conditions enhancing denitrification and longer residence times 

promoting nitrogen transformations (Lintern et al., 2018), and boreal streams draining peat/bog 

catchments generally have higher C:N (Aitkenhead & McDowell, 2000). These low gradient 

catchments and associated wetlands and peat bogs can also yield higher total phosphorus in 

boreal streams due to phosphorus complexation with DOC in saturated soils and wetland 

environments (Dillon & Molot, 1997). Elevated groundwater tables and anoxic soil conditions 

can mobilize phosphorus to streamwater (Dupas et al., 2015), and these conditions are prevalent 

in the low relief catchments where [DOC] was highest in the Kuskokwim. Water saturated soils 

also prevent the establishment of N-fixing alder, one of the dominant sources of NO3 in western 

Alaska.  

[Ca], [Sr], and 87Sr/86Sr were generally much higher in the mountainous portions of the 

Kuskokwim (Fig. 1.4 a-f). The positive relationship between relief and base cations and 87Sr/86Sr 

has been shown for many rivers in western Alaska and is attributed to higher rates of physical 

erosion and exposed, reactive calcite in exposed rock material in steep basins (Brennan et al., 

2014; Brennan et al., 2016). Portions of the high relief Alaska Range in the eastern Kuskokwim 

also coincide with a broad, alkaline geologic unit called the Farewell Terrane (Fig. 1.4d-f, Fig 

S1). Together with physical weathering processes associated with the steep terrain, high 

precipitation, and freeze-thaw cycles in these mountains, the meta-sedimentary rocks and 
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Paleozoic limestone in the Farewell Terrane yielded high concentrations of Ca and Sr in the 

eastern Kuskokwim basin (Fig. S1.1)(Brennan et al., 2014).  

Watershed morphology also shapes landcover types, which can modify or amplify watershed 

effects on instream biogeochemical patterning. In the Kuskokwim and in other Alaskan 

watersheds (Callahan et al., 2017; Shaftel et al., 2012), [NO3] was strongly positively correlated 

with alder (Alnus spp.) plant cover due to alder’s N-fixing capacity. Alder in the Kuskokwim 

grows in thickets on well-drained low- to mid-elevation hillslopes below 1000 m on south-facing 

slopes and below 740 m elevations at other aspects. Previous work in southwest Alaska showed 

stronger relationships between alder and stream [NO3] when alder cover exceeded 30 percent 

(Devotta et al., 2020). The upper range of alder cover in the Kuskokwim (at spatial scale DS-8) 

was 30.2 percent, with a median of 4.75 percent, considerably lower than alder cover (6-75 

percent) in the study area of Devotta et al. (2020). Their study, and work by Shaftel et al. (2012) 

evaluated alder effects in smaller Alaskan streams at the individual catchment scale, with [NO3] 

in both studies roughly three times higher than the mean for the Kuskokwim (85.2 ± 9.28 [1 SE] 

μg L -1). Despite lower overall [NO3], lower alder coverage, longer residence times and thus 

increased potential for denitrification in our study region, the strong relationship between alder 

and [NO3] in the Kuskokwim highlights the importance of terrestrial plant communities in 

regulating stream nutrient availability in pristine boreal watersheds. The northward expansion of 

shrubs including alder is predicted to increase rapidly in boreal and subarctic regions under a 

warming climate (Pearson et al., 2013) and this expansion will likely alter nitrogen loading and 

nutrient stoichiometry in the Kuskokwim.     

1.6.3   Headwater watershed controls on network-wide conditions 
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Low order headwater streams can account for up to 90% of channel length in boreal river 

networks (Ledesma et al., 2018) and shorter water residence times in headwater channels reduce 

potential for biogeochemical modification of terrestrial signatures in streamwater solutes 

(Kothawala et al., 2015). However, previous work on dendritic river networks also shows that 

low order streams can play a key role in terrestrial DOC processing (Bertuzzo et al., 2017), that 

headwaters regulate water and nutrient fluxes to larger rivers downstream (Alexander et al., 

2007), and that biogeochemical heterogeneity is governed by conditions in small stream 

catchments (Abbott et al., 2018; Shogren et al., 2019; Zimmer et al., 2013). Our results in the 

Kuskokwim demonstrate that low order stream catchments play an important role in regulating 

streamwater conditions across the river network.    

Streamwater constituents in the Kuskokwim network largely reflected watershed conditions in 

2nd and 3rd order catchments (Fig. 1.5). These low order headwaters composed 78 percent of the 

total Kuskokwim watershed area and 68 percent of total channel length (Fig. 1.1c,d), and also 

accounted for much of the biogeochemical heterogeneity in the watershed (Fig. 1.3a-f). With the 

exception of 87Sr/86Sr, spatial covariates derived using just 2nd (DS-2) or 2nd and 3rd order (DS-3) 

catchment conditions performed as well or better than watershed-wide covariates in SSN models 

(Fig. 1.5). The predictive ability of SSN models using downstream scaling from headwaters 

highlights the importance low order stream catchments in determining network-scale 

biogeochemical conditions in the Kuskokwim.  

For most constituents in our study, models performed similarly (ΔAIC < 2) for spatial scales that 

included headwater catchment areas (Table S1.3). The majority (90%) of our sample sites were 

on 6th order or smaller streams (Fig. 1.1b). Given this distribution of sampling sites, the bulk of 

Kuskokwim headwaters are included in spatial covariates derived at spatial scales larger than (to 
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the right of- in Fig. 1.2) US-4 in the upstream direction and DS-2 in the downstream direction. 

These patterns can also be seen in the increasing proportion of variance explained by fixed 

effects in Figure 1.5 when moving upstream, with only minor or no changes when moving 

downstream. The inclusion of a broader range of stream orders in the best models for 87Sr/86Sr is 

indicative of the importance of flow routing and mixing of variable watershed signals in 

determining network-wide 87Sr/86Sr, which is strongly influenced by both [Sr] and the 87Sr/86Sr 

of source waters (Brennan et al., 2014; Brennan et al., 2016). 

What was surprising for the conservative constituents was the relatively small effect of instream 

spatial autocorrelation, which accounted for only 4-18 percent of explained variance in [Ca], 

[Sr], and 87Sr/86Sr. Given the passive transport of these solutes through the river network, we 

expected the flow-connected or instream autocorrelation to account for a higher proportion of 

variance. The flexible nature of SSNs has interesting effects on the variance composition, 

however, and when Euclidian autocorrelation was removed from SSN models, flow-connected 

covariance increased to account for up to 60 percent of explained variance, with only minor 

changes in model prediction error for the conservative constituents. This suggests that 

constituents in the Kuskokwim which were highly spatially autocorrelated within the stream 

channel were generally also highly correlated in Euclidian space due to the arrangement and/or 

scale of watershed features influencing constituent concentrations. There was, however, 

remaining spatial autocorrelation in residuals from flow-connected only models, indicating that 

both Euclidian and flow-connected functions were needed to account for the spatial structure in 

our streamwater data.  

Instream or flow-connected spatial autocorrelation accounted for up to 22% of explained 

variance in [DOC], the highest of the constituents we measured. These results suggest that for 
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the streamwater constituents in the Kuskokwim, bulk DOC behaved more similarly to 

conservative solutes (Ca, Sr, and 87Sr/86Sr) than with labile nutrients PO4 and NO2, and that 

[DOC] reflected both watershed controls and instream transport and mixing. Because we did not 

quantify DOC composition throughout the river network, it is difficult to interpret the degree of 

instream DOC processing for the Kuskokwim. Previous studies provide ample evidence of 

instream processing of DOC during transit along the river corridor (see reviews by Mineau et al., 

2016 and Wohl et al., 2017), and labile portions of DOC in boreal streams are subject to uptake 

and transformation during transit to river mouths (Weyhenmeyer & Conley, 2017; Weyhenmeyer 

et al., 2012). Meta-analysis of previous work examining DOC turnover in studies using DOC 

additions shows that labile fractions of DOC have uptake velocities similar to PO4, but uptake 

velocities for ambient DOC (mixture of leachates and biolabile DOC) are roughly 10 times 

slower (Mineau et al., 2016). For Alaskan streams draining permafrost soils, labile material 

released from recently thawed soils is subject to more rapid uptake and decomposition than 

organic matter from seasonally-thawed active soil layers (Textor et al., 2019; Wickland et al., 

2018). Additionally, NO3 retention decreases as permafrost thaw depths increase, thereby 

increasing terrestrial NO3 inputs to streams (Harms & Jones, 2012). Under a warming climate, 

increases in labile DOC and NO3 inputs from permafrost regions to high latitude rivers will 

likely modify the biogeochemical basis of aquatic food webs in boreal river networks.        

 

1.7 Conclusions 

Isolating instream processing of carbon and nutrients from broader watershed controls on 

streamwater chemistry necessitates an accounting of the nested, hierarchical, spatial 

configuration of dendritic river networks and the downstream movement of water. SSNs provide 
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a flexible, quantitative framework for studying stream biogeochemistry across entire river 

networks using a combination of field sampling and publicly available geospatial data. Low 

order headwater streams generally account for the majority of watershed channel length and 

watershed area in dendritic river networks, and our study indicates that watershed features in 

these small catchments are the key watershed attributes that affect stream biogeochemistry across 

a boreal river network. Understanding how watershed features shape spatial patterning for 

chemical drivers of aquatic food web productivity may aid the management of aquatic resources 

as watershed conditions change under a warming climate and growing developmental pressures. 
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Chapter 2. Watershed features shape spatial patterns of fish tissue mercury in a boreal 

river network 

 

 

2.1 Abstract 

Freshwater mercury (Hg) contamination is a widespread environmental concern, but how 

proximate sources and downstream transport shape Hg spatial patterns in riverine food webs is 

poorly understood. We measured total Hg in slimy sculpin (Cottus cognatus) across the 

Kuskokwim River, a large boreal river network in Alaska and home to subsistence fishing 

communities who rely on fish for nutrition. We used spatial stream network models (SSNMs) to 

identify both watershed and instream conditions influencing sculpin Hg. Spatial covariates for 

watershed geology and slope accounted for 55% of sculpin Hg variation. Empirical 

semivariograms indicate these spatial covariates also accounted for most spatial autocorrelation 

in observed Hg. Watershed geology and slope explained up to 70% of sculpin Hg variation when 

SSNMs accounted for instream spatial dependence. Hg is often correlated with instream 

biogeochemical conditions such as pH (negative correlation) and dissolved organic carbon 

(positive correlation); however, the effect of these instream conditions in the Kuskokwim was 

confounded by broad scale watershed features (e.g. geology, slope). Our results provide network-

wide predictions for fish tissue Hg based largely on publicly available geospatial data and open-

source software for SSNMs. This approach may be useful for aquatic resource managers to 

understand future changes in Hg contamination. 
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2.2 Introduction 

Mercury (Hg) contamination of aquatic food webs and its potential negative impacts on fish 

consumers is a widely recognized, global environmental concern (Krabbenhoft & Rickert, 1995; 

Selin et al., 2018), but factors governing Hg distributions in river networks are still not well 

understood. Hg occurs naturally in nearly all ecosystems, but substantial increases in global 

environmental Hg concentrations since the mid-19th century are attributed to anthropogenic 

activity such as fossil fuel combustion, mining, and other industrial processes (Sundseth et al., 

2017). Monomethylmercury (MeHg) is the most common toxic form of environmental Hg that 

bioaccumulates in aquatic ecosystems(Bloom, 1992), and is then biomagnified in food webs that 

support large, piscivorous fish(Wiener & Spry, 1996), even in remote waterways with no point 

sources of Hg (Baker et al., 2009; Southworth et al., 2004). Upwards of 90% of Hg in fish is 

from dietary uptake (Wiener et al., 2003), and elevated levels of fish tissue MeHg can also 

reduce reproductive success, damage cells and tissue, and compromise embryonic development 

in some fish species (Sandheinrich & Wiener, 2011; Wiener & Spry, 1996). 

Human exposure to MeHg is primarily via fish and seafood consumption (Rice et al., 2014; 

Wiener et al., 2003), and subsistence fishing communities are often prone to higher rates of 

MeHg exposure (Chan & Receveur, 2000; Chan et al., 2003; Oliveira et al., 2010; Trasande et 

al., 2010) because of their high dependency on local freshwater food webs for nutrition. 

Environmental Hg has both local (e.g. watershed geology) and distant (e.g. atmospheric 

deposition) natural and anthropogenic sources (Sundseth et al., 2017) and MeHg bioavailability 

exhibits spatial variation relative to ambient Hg at broad scales (Driscoll et al., 2013; Eagles-

Smith et al., 2016). Quantifying how Hg is distributed throughout river networks would provide 
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insight into the processes contributing to spatial variation in Hg, and management options for 

controlling exposure to fishery-dependent communities.  

Spatial variation in the bioavailability of Hg within aquatic systems is mediated by both 

watershed and in situ environmental conditions (Driscoll et al., 2013). Broad scale patterning in 

Hg is shaped by atmospheric deposition of elemental Hg from anthropogenic emissions and 

lithospheric reservoirs (e.g., volcanoes) (Fitzgerald et al., 1998); however terrestrial Hg loads to 

inland waters generally exceed atmospheric inputs (Hsu-Kim et al., 2018). Watershed geology 

and weathering properties can create sub-watershed scale spatial heterogeneity in Hg, with 

hydrologic connectivity and landscape characteristics (e.g. flow paths, soil properties) mediating 

delivery to streams and lakes (Driscoll et al., 2013; Hsu-Kim et al., 2018). At the catchment 

scale, positive relationships have been shown between Hg and watershed landcover such as 

coniferous forest (Drenner et al., 2013) and wetland percentage (Burns et al., 2012; Chasar et al., 

2009; Shanley et al., 2012; Wiener et al., 2003), and mining or industrial pollution within a 

catchment can increase freshwater Hg concentrations by 1-2 orders of magnitude (Wiener et al., 

2003). Broad scale climatic forcing and watershed features thus shape Hg availability to 

freshwater systems, but uptake into aquatic food webs throughout river networks exhibits 

variation at multiple spatial scales (Walters et al., 2010).     

Fine scale spatial patterning in the bioavailability of Hg is largely linked with physical and 

biogeochemical conditions that promote Hg (Driscoll et al., 2013; Wiener et al., 2003). MeHg 

formation is positively associated with redox gradients favoring sulfate reducing bacteria in 

sediments or the water column and high concentrations of organic matter (OM), which fuels 

microbial metabolism and limits photochemical demethylation of MeHg via light attenuation 

(Klapstein & O'Driscoll, 2018; Wiener et al., 2003). Channel and valley morphology also play a 
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role in Hg bioavailability. For example, photochemical demethylation of MeHg is positively 

associated with stream channel size due to increased light availability (Tsui et al., 2013). 

Previous work has shown positive correlations between fish tissue Hg and concentrations of 

sulfate and dissolved organic carbon (DOC), and negative correlations with pH, acid neutralizing 

capacity, and phosphorus concentration (Wiener et al., 2003). Many of these biogeochemical 

conditions are common attributes of DOC-rich aquatic environments such as wetlands, peat 

bogs, and lakes, however several studies have found weak or inconsistent relationships between 

Hg and DOC in rivers (Barbosa et al., 2003; Peterson et al., 2007b). Chasar et al. (2009) 

however, found a strong positive correlation between fish Hg, DOC, and catchment wetlands in 

8 different stream types across the U.S. Combined measures of DOC, Hg, and other 

biogeochemical parameters in tandem with landscape metrics may yield insights into biotic and 

abiotic factors contributing to elevated Hg in riverine food webs (Hsu-Kim et al., 2018) at the 

riverscape scale. 

The Kuskokwim River (Kuskokwim) is a large, free-flowing boreal river in western Alaska that 

supports numerous subsistence fishing communities and encompasses diverse geologic 

conditions and land cover types. Large swaths of the Kuskokwim watershed coincide with a 

well-documented metal-bearing mineral deposit that has been actively mined since the early 20th 

century for Hg, gold, and other metals (Mertie, 1936). Previous work showed elevated levels of 

tissue-bound Hg in fish from heavily mined tributaries in the Kuskokwim (Matz et al., 2017),  

but this effort was limited in spatial scope to the middle portion of the basin. Additional large-

scale mining activity is proposed in remote tributary valleys of the Kuskokwim, including areas 

where Hg conditions have not been studied. Quantifying Hg spatial patterning throughout the 
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Kuskokwim river network will aide managers in identifying existing and potential risks to 

subsistence food resources.  

We sampled a small-bodied fish with a narrow home range (slimy sculpin [Cottus cognatus], 

Gray et al., 2018), throughout the watershed and used recently developed spatial stream network 

models (SSNMs) (Peterson & Hoef, 2010; Ver Hoef & Peterson, 2010) to identify both 

watershed scale and in situ biogeochemical factors contributing to Hg in resident fish in the 

Kuskokwim, and to make network-wide predictions of tissue Hg. We expected broad scale 

spatial patterns in Hg sources driven by surface geology and watershed morphology and finer 

scale spatial patterning in Hg associated with factors such as wetlands or bogs that shape in situ 

biogeochemical conditions such as DOC concentration and pH.  

 

2.3 Methods 

2.3.1   Study area 

The Kuskokwim River (Kuskokwim), a large (124,000 km2) boreal river basin in western 

Alaska, spans from glacially influenced tributaries in the Alaska range at its eastern margin to the 

low-lying Yukon-Kuskokwim Delta on the Bering Sea (Fig. S2.1). The Kuskokwim extends over 

a complex geomorphologic template overlain by a diversity of land cover types, including barren 

mountain ranges, forested rolling hills, and broad boreal lowlands and wetland complexes. The 

eastern and central portions of the Kuskokwim largely coincide with two broad-scale geologic 

features: the alkaline Farewell terrane comprising complex metamorphosed lithologies of 

continental origin; and vast Cretaceous flysch deposits of the mineral-bearing Kuskokwim Group 
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(Beikman, 1980; Wilson, 2015). The entire Kuskokwim watershed composes a portion of the 

Tintina Gold Province (TGP), a broad metal-bearing region north of the Denali Fault that spans 

much of Alaska and the Yukon province in western Canada. Previous work in the central 

Kuskokwim basin found elevated tissue Hg in several fish species harvested by subsistence 

communities (Matz et al., 2017), and historic and active mining activity throughout the TGP has 

raised broad scale concerns around potential impacts to freshwater resources and fisheries.  

2.3.2 Sample collection 

Slimy sculpins (Cottus cognatus) were collected using a 2 x 6m stick seine with 7mm mesh net 

along river banks at 68 sample sites spanning 2nd – 8th order streams. Slimy sculpins are 

commonly sampled as indicators of environmental conditions due to their small home range and 

ubiquity in many North American streams (Gray et al., 2018). Sample sites were chosen to 

maximize network coverage and to ensure a mixture of sites that share flow (e.g. upstream from 

one another) and those that do not (e.g. adjacent drainages). A total of 120 sites were sampled for 

water chemistry (French et al., 2020, in review), with sculpin collection attempted at 88 sites. A 

total of 272 sculpin were collected across all sites, with a mean of 5 fish per site, and 58 sites 

having 2 or more fish collected for duplicate tissue measurements. Sculpins were euthanized 

immediately following removal from the stream (IACUC protocol #3142-01), placed in Whirl-

Pak bags, and frozen. All samples were stored frozen in the dark until lab processing. At sites 

with active mining nearby, fish were collected upstream and downstream of observed mining 

activity, and in the middle of the actively mined reach where accessible 

2.3.3 Mercury analyses 
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Whole sculpins were weighed, freeze-dried, and then re-weighed in a clean environment at the 

University of Washington School of Aquatic and Fishery Sciences to measure wet and dry mass. 

Freeze-dried samples were analyzed for total Hg (THg) at the Biotron Analytical Laboratory at 

Western University in London, Ontario. Samples were analyzed on a Milestone DMA-80 

(Milestone Scientific, Inc., Shelton, Connecticut) by thermal decomposition atomic adsorption 

direct mercury analyzer (DMA) following a modified EPA standard method 7473, lab method 

TM.0813 (www.standardmethods.org), with a LoD of 0.08 ng and a method reporting limit of 

0.24 ng. Mean relative percentage difference in sample duplicates was 2.0%, with a calibration 

curve coefficient of determination equal to 0.995. Analysis of a certified reference material 

(DORM-4) indicated recovery of 97 – 102%, with a relative percentage difference of 1% 

between duplicate samples.  

Because a large fraction of THg in fish tissue is MeHg and inorganic Hg is rapidly eliminated 

from fish tissue, THg is a commonly used surrogate for measuring MeHg concentrations in fish 

(Driscoll et al., 2013; Wiener et al., 2003). We measured total Hg from our samples and infer 

based on previous work in the Kuskokwim by Matz et al. (2017) that approximately 60% of this 

THg is MeHg. THg measures from freeze-dried fish were converted to wet mass concentrations 

using the wet:dry mass ratio for each individual fish. All THg measures provided in this paper 

are expressed relative to wet fish mass in units of mg kg-1.  

2.3.4 Statistical analysis 

We used a statistical modeling approach that includes spatial covariates for watershed features 

and leverages spatial autocorrelation among sampling sites throughout the Kuskokwim river 

network based on flow connectivity, flow magnitude, and flow direction (Ver Hoef & Peterson, 

http://www.standardmethods.org/
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2010). We evaluated correlations between THg and a priori candidate covariates and used 

empirical semivariograms to identify spatial relationships among sample sites. We then fit spatial 

models for Hg using spatial covariates derived for each study site throughout the Kuskokwim 

network. Model performance was assessed to identify both watershed and in situ biogeochemical 

controls on tissue Hg, and variance composition was used to compare the effect size of these 

controls. Each of these components is detailed below.  

2.3.4.1   Mass-corrections for tissue Hg 

Positive relationships between fish body size and tissue Hg concentrations are well documented 

for many fish species (Peterson et al., 2007b; Scudder Eikenberry et al., 2015; Walters et al., 

2010; Wiener et al., 2003) and a clear positive correlation between Hg and fish mass was present 

in our dataset. As such, we examined mass-corrected fish Hg concentrations to understand 

broader scale watershed and biogeochemical controls on tissue Hg versus patterns associated 

with individual growth. To obtain mass-corrected values, we fit a linear model for tissue Hg as a 

function of log10-transformed fish mass and then used the product of the covariate estimate from 

that model and each fish’s mass to obtain a mass-corrected Hg concentration for each sample 

site. This approach is similar to length-based corrections used in other studies of fish Hg (Eagles-

Smith & Ackerman, 2014; Eagles-Smith et al., 2016). These mass-corrected Hg values were then 

assessed for spatial autocorrelation using empirical semivariance (see below) and mapped to 

identify spatial patterns in fish Hg. Due to some spatial autocorrelation in fish mass, and to 

reduce bias in parameter estimation in SSNMs, fish Hg values were used as the response 

variable, with log-transformed fish mass included as a covariate in all candidate spatial models.     



71 
 

2.3.4.2   Empirical semivariograms 

Empirical semivariograms show the strength of spatial dependence between sites at given 

distances (Olea, 1994), and observed patterns can reveal spatial structure of ecological or 

biogeochemical processes underlying sample data (McGuire et al., 2014). Semivariogram 

distances are generally measured as the Euclidean or straight line distance between two sample 

points (Matheron, 1963); however hydrologic distance is often a more meaningful spatial 

dimension for assessing spatial structure in data from stream networks (Cressie et al., 2006; 

Ganio et al., 2005; Peterson et al., 2006). Hydrologic distance can be further subdivided into 

flow-connected and flow-unconnected dimensions (Ver Hoef & Peterson, 2010). Flow-

connected sites share flow (e.g. a site downstream of another), whereas flow-unconnected sites 

may share a common downstream junction, but flow does not pass from one site to the other (e.g. 

adjacent drainages). Fish movement downstream and then upstream is an example of where 

flow-unconnected spatial relationships may be important (Isaak et al., 2010). Comparing 

semivariance in both Euclidian and hydrologic spatial dimensions can yield insights into both 

watershed and instream factors influencing observations (McGuire et al., 2014). We calculated 

semivariance of sample THg values according to Euclidean and hydrologic distances using: 

𝛾(ℎ) =
1

2|𝑁(ℎ)|
 ∑  (𝑧𝑖 −  𝑧𝑗)

2
𝑁(ℎ)                               (1) 

Where γ is semivariance, N(h) is the set of all pairwise distances i – j = h, |N(h)| is the number of 

distinct pairs in N(h), and zi and zj are data values at spatial locations i and j, respectively 

(Matheron, 1963). We used a maximum separation distance of 1200 km, 20 lag bins, and a 

minimum of 15 point pairs per lag bin in semivariance computations. We assessed general trends 

in spatial dependence, range (distance of asymptote or peak in semivariance), nugget (variance at 
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finest spatial scale), and nested spatial structures as denoted by inflection points in the data 

(McGuire et al., 2014; Rossi et al., 1992). This approach aids in interpreting spatial scales 

underlying observed Hg patterns and in covariate and model selection.       

2.3.4.3   Spatial stream network models 

We used SSNMs to analyze THg for all sites sampled (n = 68). These models are described in 

detail elsewhere (Peterson & Hoef, 2010; Ver Hoef et al., 2006; Ver Hoef & Peterson, 2010) and 

additional detail is in the supporting information (SI). In brief, these models explicitly account 

for spatial relationships within a stream network, including flow magnitude, direction, and 

connectivity. SSNMs provide flexible covariance structures and improved model performance 

for spatially autocorrelated data (Peterson et al., 2006; Peterson et al., 2007a). Covariance is 

determined via both hydrologic (tail-up or flow-connected) and Euclidean distance. We used a 

mixed-effects modeling framework in which the observed variance in THg across the river 

network is explained by a set of covariates modeled as fixed effects (e.g. wetland cover %), and 

these spatial covariance matrices as random effects. All SSNMs were fit within R using the SSN 

package (R Core Team, 2020; Ver Hoef et al., 2014). 

2.3.4.4   Spatial covariates 

Potential covariates were compiled using the STARS toolbox in ArcGIS and publicly available 

geospatial datasets (Table S2.1) (Peterson & Hoef, 2014). Watershed covariates for each sample 

site were accumulated based on upstream drainage areas, and were derived as percent cover for 

categorical datatypes (e.g. wetland cover percent) and as watershed mean values for continuous 

data (e.g. watershed slope). All covariates were centered to a mean of 0 and standard deviation of 
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1 to compare the effect size of covariates. A set of a priori candidate models was developed and 

spatial covariates were selected based on factors which we hypothesized to affect instream Hg.  

Sample site DOC measures were included in candidate models because DOC and mercury are 

strongly positively correlated in many freshwater systems (Lavoie et al., 2019). Mean annual 

precipitation, watershed slope, and watershed relief were included in candidate models as these 

factors are expected to affect the movement of water and materials from uplands to the stream 

channel (Lintern et al., 2018; Smits et al., 2017) and can also influence groundwater transport 

through bog and peat environments contributing to elevated instream Hg (Krabbenhoft & 

Babiarz, 1992; Krabbenhoft et al., 1995). Watershed wetland cover was also included in 

candidate models due to positive effects on Hg in some river systems (Hurley et al., 1995). Hg-

bearing quartz vein systems of the Kuskokwim Mineral Belt within the Tintina Gold Province 

span much of the Kuskokwim river watershed, with Hg occurrences noted throughout the central 

portion of the watershed between the Takotna and Aniak rivers (Gough & Day, 2010; Miller et 

al., 2007). A priori model covariates for Hg include a subset of surficial geology types associated 

with these features. Surface geology was simplified into 12 major groups based on lithology type 

and age from the Global Lithological Map database (Hartmann & Moosdorf, 2012). A complete 

list of spatial covariates and data sources is in Table S2.1.  

2.3.4.5   Variance composition 

The flexible covariance structures in SSNMs are well-suited for evaluating the relative effects of 

watershed controls (e.g. wetlands) and instream processing and transport by examining variance 

composition (Ver Hoef et al., 2014; Ver Hoef & Peterson, 2010). Variance composition for 

SSNMs is partitioned among the various autocovariance structures (e.g. Euclidian, flow-
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connected [tail-up]) and the fixed effects or covariates (e.g. wetland %, DOC). Variance 

composition was determined to compare the relative proportion of variance explained by the 

random and fixed effects to evaluate broad scale watershed controls, in situ biogeochemical 

conditions, and downstream transport processes that mediate tissue Hg in the Kuskokwim. 

2.3.4.6   Model selection 

SSNM formulations were initially fit to univariate models, with parameters for hypothesized 

predictor variables estimated using maximum-likelihood. For these model fits, all runs used the 

same random effect structure with exponential tail-up (flow-connected, see SI)  and Euclidean 

spatial autocovariance components (Ver Hoef et al., 2014). Univariate models were compared 

using root mean square prediction error (RMSPE) derived from leave-one-out cross-validation 

(LOOCV) predictions, and a spatial corrected Akaike information criterion (AIC) (Hoeting et al., 

2006). This metric is similar to standard AIC but penalizes SSNMs based on the number of 

parameters used in the spatial autocovariance structure: 

𝐴𝐼𝐶 =  −2\ℓ𝑝𝑟𝑜𝑓𝑖𝑙𝑒 +  2n 
𝑝+𝑘+1

𝑛−𝑝−𝑘−2
                                            (3) 

Where ℓprofile is the profile log-likelihood function (Cressie, 1993), n is the sample size, p – 1 is 

the number of covariates, and k is the number of autocorrelation parameters.  

Additional candidate predictor variables were then combined with the best covariates in a 

stepwise fashion, and again selected using RMSPE and AIC. We then compared various spatial 

autocovariance structures on models fit using restricted maximum likelihood estimation. We 

expected spatial covariates (e.g. wetland %) to capture the Euclidean spatial structure in our data 

and for instream conditions (e.g. DOC) and downstream transport to influence the flow-
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connected (tail-up) dimension. As such, we first fit models for THg using only the fixed effects 

and a flow-connected spatial dimension for the random error structure. We then computed 

empirical semivariance for the residual error to evaluate any remaining spatial structure in the 

data. For comparison, we also fit non-spatial linear models. 

2.3.4.7   Network-wide Hg predictions 

The best SSNM was used to develop river-wide predictions for tissue THg (Fig. 2.1). Mean 

observed sculpin mass (1.9 ± 0.13 g [1 SE]) was used for model predictions. Spatial covariates 

for model predictions were derived for all 2nd – 8th order stream segments in the Kuskokwim 

using the STARS toolbox in ArcGIS (Peterson & Hoef, 2014).   

 

2.4 Results 

Sculpin tissue THg in the Kuskokwim displayed both broad, watershed scale and finer scale 

instream spatial patterning, generally with lower THg values in the eastern portion of the basin 

and higher values to the west (Fig. 2.1), though there were some exceptions to this general trend. 

THg in our samples ranged from 0.02 – 0.50 mg kg-1 (wet mass), with a mean of 0.13 ± 0.01 mg 

kg-1 (1 SE).  

Tissue THg was positively correlated with fish mass and DOC (Fig. 2.2a,b). THg was also 

weakly positively correlated with the Kuskokwim Group geologic formation and sporadic 

permafrost coverage, derived as watershed percentage upstream of each sample site. THg was 

negatively correlated with the proportion of the watershed overlain by the Farewell Terrane, with 

glaciers and barren rock, and with mean watershed slope (Fig. 2.2 c,d,e). For sites downstream of 
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historic or actively mined areas (n = 90), THg was negatively correlated with distance from 

mined sites (Fig. 2.2f).  

 

Figure 2.1. Map of mass-corrected THg sample measures (colored points), network-wide 

predictions for sculpin tissue THg (colored stream lines), and geologic units used as SSNM 

spatial covariates for THg.  

 

Semivariograms for THg revealed distinct spatial structuring in both Euclidian and flow-

unconnected spatial dimensions, with weak or random spatial structure in the flow-connected 

spatial dimension (Fig. 2.3a). Euclidian spatial dependence increased to a range of approximately 

600 km, while flow-unconnected spatial dependence had multi-scale controls, exhibited by 

inflection points in the semivariograms at ranges of 600 and 1100 km.  
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The best SSNM for THg included covariates for fish mass (log10) (β = 0.10), watershed % 

covered by the Farewell Terrane (β = -0.13), watershed % glaciers and barren rock (β = -0.08), 

and mean watershed slope (β = -0.07). Of the candidate models for THg, those within 2 AIC 

points of the best model also included covariates for DOC, the Kuskokwim Group geologic 

formation, and mean watershed relief (Table S2.2).  

 

Figure 2.2. Scatterplots of sculpin tissue THg versus fish mass (a), dissolved organic carbon 

concentration (b), watershed cover by the Farewell Terrane geologic unit (c), watershed cover 

by glaciers and barren rock (d), mean watershed slope (e), and distance downstream of mine 

sites (f).  

 

The best model for sculpin THg was a full spatial model that included tail-up (flow-connected) 

autocovariance (Table S2.3), however, semivariograms of residuals from the non-spatial model 

(using only fish mass, Farewell Terrane, glaciers, and slope) indicated that most of the spatial 
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structure in THg was captured by fixed effects alone (Fig. 2.3b,d). Residual variance, RMSPE 

and AIC were considerably lower for the full spatial model (Fig. 2.3c), and leave-one-out-cross-

validation (LOOCV) r2 was also higher for the full spatial model (Fig. S2.2). Fixed effects, tail-

up, and nugget variance components accounted for 36, 41, and 23% of the total explained 

variance in the spatial model (Fig. 2.3e).  

 

Figure 2.3. Empirical semivariograms computed in flow-connected, flow-unconnected, and 

Euclidian distances for sculpin tissue Hg measurements (a), residuals from a non-spatial model 

for tissue THg (b), and residuals from a full SSNM model for tissue THg (c). Variance 

composition for the non-spatial (d) and full SSNM (e) are separated into fixed effects, tail-up 

(flow-connected) effects, and nugget (random error).  
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2.5 Discussion 

Spatial structure in riverine fish Hg yields insights into the processes underlying Hg 

bioavailability to aquatic organisms and their consumers. Spatial patterns for sculpin tissue THg 

in the Kuskokwim River largely reflected broad scale watershed controls, however these 

watershed controls likely also governed instream biogeochemical conditions mediating Hg 

bioavailability (French et al., 2020, in review).   

The distinct east-west spatial patterning for THg was strongly correlated with broad-scale 

geologic blocks comprising the alkaline Farewell Terrane and mixed-sedimentary rocks of the 

Kuskokwim Group (Fig. 2.1). The Kuskokwim Group in particular includes known metal-

bearing quartz veins and has been mined for Hg and other metals for over a century (Goldfarb et 

al., 2007). These lithologies are also important drivers of instream conditions like alkalinity and 

pH (Fig. S2.3, French et al., 2020, in review). Previous work in temperate stream systems has 

shown higher levels of instream THg in lower pH streams, despite uniform atmospheric Hg 

deposition between study streams (Mason et al., 2000). Low pH promotes complexation of Hg 

with organic ligands (Watras et al., 1995), including humic acids (Gu et al., 2011), and 

combined measures of DOC and pH can account for 85-90% of Hg variation in lakes (Watras et 

al., 1995). In the Kuskokwim, streams draining catchments overlying the Farewell Terrane 

generally had high pH, high alkalinity, low DOC, and also low THg, whereas those streams 

draining the Kuskokwim Group and low-lying areas to the west had lower pH, lower alkalinity, 

higher DOC, and higher THg (Fig. 2.1, Fig. S2.3). These broad scale watershed features thus 

shape biogeochemical conditions affecting Hg bioavailability to sculpins throughout the 

Kuskokwim watershed.              
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The effect of DOC on sculpin THg in the Kuskokwim was likely controlled by broad scale 

geomorphic factors shaping instream biogeochemistry. We expected SSNMs for Hg to include 

features associated with OM-rich environments such as wetlands, bogs, and peat soils. For 

example, a positive correlation between fish THg and watershed wetland cover was expected due 

to environmental conditions in wetlands that promote Hg methylation, including an abundance of 

labile DOC, anaerobic sediments, microbial activity, and seasonal wetting and drying that 

enhances redox cycles (St. Louis et al., 1994; Wiener et al., 2003). For our dataset, however, 

broad-scale features like watershed slope and geology were better predictors of sculpin THg than 

finer scale landscape features such as wetlands and bogs (Table S2.2). In boreal river systems, 

low gradient basins generally have lower pH and more colored water (proxy for DOC) (Agren et 

al., 2014; Varanka et al., 2015). Because both pH and DOC followed similar east-west spatial 

patterning to Hg in the Kuskokwim, the underlying geomorphic mechanisms for this east-west 

trend (relief, geology) had better predictive power for THg than site-specific DOC.  

The effect of these broad-scale controls is further supported by semivariograms and in variance 

composition from SSNM models for THg (Fig. 2.3b-e). Semivariograms of raw data (Fig. 2.3a) 

showed strong spatial dependence in both Euclidian and flow-unconnected space up to broad-

scale ranges of 600-1100 km. This spatial range is consistent with the spatial scales of geologic 

blocks used as spatial covariates. An SSNM with no spatial autocovariance components (Fig. 

2.3b) had little spatial structure remaining in residual semivariance, suggesting that the spatial 

covariates themselves (Farewell Terrane, watershed slope) accounted for spatial patterning in 

THg, and that spatial patterning in THg was not predominated by downstream transport along 

the network. The full spatial model with a tail-up (flow-connected) spatial autocovariance 
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function did reduce overall residual semivariance (Fig. 2.3c) and improve predictive power (Fig. 

S2.2), however the spatial dependence of residuals was similar to the non-spatial model.  

Slimy sculpins are at a low trophic level relative to the piscivorous fish consumed by subsistence 

communities in the Kuskokwim basin. Previous work has shown higher levels of Hg in larger 

fish (e.g. burbot, Northern pike) in Kuskokwim streams draining heavily mined areas in the 

watershed (Matz et al., 2017). Although our samples included sites adjacent to recently or 

actively mined areas, we did not sample sites specifically mined for Hg, or 1st order channels 

sampled by Matz et al. (2017) where THg is elevated. For sites downstream of historically mined 

areas, sculpin THg did show a positive relationship with proximity to mines (Fig. 2.2f), however 

this relationship should be explored further with more accurate and complete current and historic 

mining data than what is currently publicly available (U.S. Geological Survey, 2008). The 

pattern observed in our data may simply reflect spatial controls on Hg in streams that happen to 

coincide with the locations of metal mines in the Kuskokwim watershed. 

Our results indicate that Kuskokwim sculpin tissue THg reflected both broad scale watershed 

controls and instream factors. However, the effect of instream conditions on THg in the 

Kuskokwim were largely controlled by geomorphic conditions that also shape biogeochemistry, 

such as the effect of watershed slope on DOC in streams. Strong Euclidian and flow-

unconnected spatial dependence among sample sites also supports the strong effect of broad-

scale watershed features on Hg when compared to transport processes along the Kuskokwim 

network. The use of broad-scale, publicly available geospatial data and SSNMs to predict 

instream THg in boreal river networks provides an easily accessible approach for resource 

managers to identify current spatial patterns in Hg contamination and to understand how 
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changing watershed conditions may impact the Hg contamination of subsistence resources in the 

future under altered climate regimes or changes in land use.  
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Figure S1.1. Watershed maps of streamwater constituent values at each sample point and spatial watershed 

covariates from spatial stream network models (SSNMs). SSNMs for PO4 (a) and NO3 (b) also included sample site 

DOC as a covariate. SSNMs for NO3 and DOC (c) also included covariates for watershed latitude. NO3, Ca (d), and 

Sr (e) included covariates for watershed elevation, and DOC and 87Sr:86Sr (f) included covariates for watershed 

relief, both depicted by hillshading. 
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Table S1.3. Comparison of model performance across spatial scales for each streamwater constituent using root 

mean square prediction error (RMSPE), spatial Akaike’s information criteria (AICc), delta AICc, and adjusted R2.  

Constituent Units Spatial Scale RMSPE AICc ΔAIC1 Adj. R2
2 

PO4 μg L-1 DS-3 4.19 245.51 0.00 0.30 

  DS-4 4.18 246.22 0.70 0.29 

  US-4 4.17 246.36 0.85 0.29 

  US-7 4.17 246.81 1.30 0.28 

  DS-5 4.19 246.92 1.41 0.29 

  DS-6 4.19 246.94 1.43 0.29 

  US-6 4.17 246.96 1.45 0.28 

  DS-2 4.22 246.97 1.46 0.30 

  DS-7 4.19 247.02 1.50 0.29 

  DS-8 4.19 247.03 1.52 0.29 

  US-3 4.30 250.38 4.86 0.27 

  US-5 4.30 250.38 4.86 0.27 

  US-1 4.54 256.64 11.13 0.25 

  US-2 4.61 256.70 11.19 0.25 
       

NO3 μg L-1 DS-2 2.56 176.63 0.00 0.11 

  DS-5 2.51 177.01 0.38 0.11 

  US-7 2.51 177.09 0.46 0.11 

  DS-7 2.51 177.14 0.51 0.11 

  DS-8 2.52 177.15 0.52 0.11 

  DS-6 2.51 177.19 0.56 0.11 

  US-6 2.51 177.35 0.73 0.11 

  DS-3 2.52 177.37 0.75 0.11 

  DS-4 2.54 177.96 1.33 0.10 

  US-4 2.55 178.85 2.22 0.10 

  US-3 2.51 179.12 2.49 0.09 

  US-5 2.51 179.12 2.49 0.09 

  US-2 2.62 183.12 6.49 0.06 

  US-1 2.60 184.09 7.46 0.05 
       

DOC mg L-1 DS-3 1.56 -8.95 0.00 0.31 

  DS-4 1.57 -8.66 0.29 0.31 

  DS-8 1.57 -7.85 1.09 0.32 

  DS-7 1.57 -7.83 1.11 0.31 

  DS-2 1.56 -7.74 1.21 0.31 

  DS-6 1.57 -7.67 1.28 0.30 

  DS-5 1.57 -7.53 1.42 0.30 

  US-7 1.58 -5.84 3.11 0.29 

  US-6 1.59 -5.20 3.75 0.30 

  US-4 1.59 -5.03 3.91 0.30 
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Constituent Units Spatial Scale RMSPE AICc ΔAIC1 Adj. R2
2 

  US-3 1.67 12.00 20.95 0.19 

  US-5 1.67 12.00 20.95 0.19 

  US-2 1.67 14.66 23.61 0.14 

  US-1 1.71 36.01 44.96 0.01 

Ca μg L-1 DS-3 1.26 -208.87 0.00 0.27 

  DS-2 1.24 -208.02 0.85 0.27 

  DS-8 1.26 -207.41 1.46 0.25 

  DS-7 1.26 -207.28 1.59 0.25 

  DS-6 1.26 -207.24 1.64 0.25 

  DS-4 1.27 -206.66 2.22 0.25 

  DS-5 1.26 -206.46 2.41 0.24 

  US-6 1.26 -201.84 7.03 0.22 

  US-4 1.26 -201.41 7.47 0.22 

  US-7 1.26 -200.68 8.20 0.20 

  US-3 1.26 -200.09 8.78 0.20 

  US-5 1.26 -200.09 8.78 0.20 

  US-2 1.28 -188.84 20.03 0.12 

  US-1 1.27 -174.46 34.42 0.01 
       

Sr μg L-1 DS-3 1.34 -155.73 0.00 0.25 

  DS-8 1.34 -155.11 0.61 0.25 

  DS-7 1.34 -155.04 0.69 0.25 

  DS-6 1.34 -154.99 0.73 0.25 

  DS-4 1.34 -154.71 1.02 0.25 

  DS-5 1.34 -154.34 1.39 0.24 

  DS-2 1.31 -153.04 2.69 0.24 

  US-3 1.33 -150.53 5.20 0.22 

  US-5 1.33 -150.53 5.20 0.22 

  US-6 1.35 -146.65 9.08 0.18 

  US-4 1.34 -146.58 9.15 0.18 

  US-7 1.35 -146.36 9.37 0.18 

  US-2 1.36 -140.64 15.08 0.15 

  US-1 1.35 -120.22 35.50 -0.01 
       

87Sr:86Sr  US-4 0.00047 -1389.87 0.00 0.35 

  DS-6 0.00047 -1389.36 0.51 0.35 

  DS-7 0.00047 -1389.05 0.82 0.35 

  DS-8 0.00047 -1389.01 0.86 0.35 

  US-7 0.00046 -1388.93 0.94 0.35 

  DS-5 0.00047 -1388.21 1.66 0.34 

  US-6 0.00047 -1387.84 2.03 0.35 

  DS-4 0.00047 -1386.41 3.46 0.33 

  DS-3 0.00047 -1382.43 7.44 0.31 
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Constituent Units Spatial Scale RMSPE AICc ΔAIC1 Adj. R2
2 

  US-3 0.00053 -1376.68 13.19 0.27 

  US-5 0.00053 -1376.68 13.19 0.27 

  DS-2 0.00053 -1370.10 19.77 0.23 

  US-2 0.00057 -1368.51 21.36 0.23 

  US-1 0.00061 -1345.78 44.09 0.12 

1. Delta AIC is calculated as difference between model AICc and the lowest AICc 

2. Adjusted R2 reflects fixed effects only    
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Supporting Information for Chapter 2 
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1. Description of spatial stream network models 

We used spatial stream network (SSN) models to analyze tissue Hg for all sites sampled (n = 68). 

These models are described in detail elsewhere (Ver Hoef et al., 2006; Peterson & Ver Hoef, 

2010; Ver Hoef & Peterson, 2010). SSN models explicitly account for complex relationships 

within a stream network, including flow direction, longitudinal connectivity, and flow 

magnitude. SSNs provide flexible covariance structures for stream data and yield improved 

model performance when spatial autocorrelation is present in sample data, allowing deviations 

from the mean to be explained, in part, by covariance with nearby sites (Peterson et al., 2006, 

2007).  Covariance is determined via both hydrologic and Euclidean distance. Spatial 

relationships among hydrologically connected sites are incorporated into covariance matrices via 

moving average spatial autocorrelation functions (Ver Hoef & Peterson, 2010).  

We used a mixed-effects modeling framework in which the observed variance in Hg across the 

river network is explained by a set of covariates modeled as fixed effects (eg. wetland cover %), 

and these spatial covariance matrices as random effects.  

The general form of the spatial linear mixed model is: 

y=Xβ+z_TU+z_TD  z_E+ϵ,                                                 (2) 

Where y is the vector of a response variable (eg.Hg), X is a matrix of covariates, β is a vector of 

parameters for each covariate in X, and zTU, zTD, and zE are vectors of random variables with 

tail-up, tail-down, and Euclidean correlation structures, respectively; and ϵ is a vector of 

independent random errors.  

Tail-up autocovariance functions for flow-connected relationships within the SSNs require a 

spatial weight to inform how the moving average function behaves at stream confluences (Ver 
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Hoef et al., 2006). Each segment has a ‘segment proportional influence’ (SPI) computed based 

on the relative influence of each stream segment at a confluence. The SPI of two segments sum 

to 1, with relative influences assigned based on watershed attributes for each segment. We 

derived SPI based on watershed area accumulated for all grid cells upstream of each stream 

segment using the Spatial Toolbox for the Analysis of River Systems (STARS) toolbox in 

ArcGIS (Peterson & Ver Hoef 2014). Flow accumulation and a synthetic channel network were 

derived from a 2-arc-second resolution (~60 m) digital elevation model (DEM) extracted from 

the USGS National Elevation Dataset. All spatial datasets were projected from latitude/longitude 

into an Albers Equal Area projection and referenced to the North American Datum of 1983, in 

horizontal and vertical units of meters.      
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Figure S2.1. Map of sample sites in the Kuskokwim River watershed, Alaska.  

 

 

 
Figure S2.2. Modeled versus observed Hg and  leave-one-out-cross-validation (LOOCV) 

statistics for a spatial model (a) and non-spatial model (b). Both models include fish mass, 

watershed slope, Farewell terrane watershed cover, and barren ice and rock watershed cover. The 

spatial model also includes a flow-connected or tail-up autocovariance function.  
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Figure S2.3. Maps of dissolved organic carbon concentrations (a), pH (b) and alkalinity (c) in the 

Kuskokwim overlaid with the Farewell Terrane geologic unit.   



106 

 

 
C

o
v

a
ri

a
te

 
D

es
cr

ip
ti

o
n

 
D

a
ta

 S
o

u
rc

e 

R
el

ie
f 

A
v

er
ag

e 
w

at
er

sh
ed

 r
el

ie
f 

U
S

G
S

 N
at

io
n

al
 E

le
v

at
io

n
 D

at
as

et
, 

2
0

1
7

 

S
lo

p
e 

A
v

er
ag

e 
w

at
er

sh
ed

 s
lo

p
e 

U
S

G
S

 N
at

io
n

al
 E

le
v

at
io

n
 D

at
as

et
, 

2
0

1
7

 

Z
m

ea
n
 

A
v

er
ag

e 
w

at
er

sh
ed

 e
le

v
at

io
n

 
U

S
G

S
 N

at
io

n
al

 E
le

v
at

io
n

 D
at

as
et

, 
2

0
1

7
 

W
et

 
E

m
er

g
en

t 
an

d
 w

o
o

d
y

 w
et

la
n
d

 c
o

v
er

*
 

U
S

G
S

 N
at

io
n

al
 L

an
d

 C
o

v
er

 D
at

as
et

, 

2
0

1
5
 

W
at

er
 

O
p

en
 w

at
er

 c
o

v
er

*
 

U
S

G
S

 N
at

io
n

al
 L

an
d

 C
o

v
er

 D
at

as
et

, 

2
0

1
5
 

B
o

g
 

B
o

re
al

 b
o

g
 &

 f
en

 c
o

v
er

*
 

U
S

G
S

 G
A

P
/L

A
N

D
F

IR
E

, 
2

0
1

6
 

M
ar

sh
 

B
o

re
al

 f
re

sh
w

at
er

 m
ea

d
o

w
 &

 m
ar

sh
 c

o
v

er
*
 

U
S

G
S

 G
A

P
/L

A
N

D
F

IR
E

, 
2

0
1

6
 

S
w

am
p

 
B

o
re

al
 f

lo
o

d
ed

 &
 s

w
am

p
 f

o
re

st
 c

o
v

er
*

 
U

S
G

S
 G

A
P

/L
A

N
D

F
IR

E
, 

2
0

1
6

 

P
ea

t 
P

ea
t 

so
il

 c
o

v
er

*
 

U
S

D
A

 S
S

U
R

G
O

 S
o

il
 M

ap
, 

2
0

1
6

 

V
ar

ia
b

le
 

V
ar

ia
b

le
 s

o
il

 c
o

v
er

*
 

U
S

D
A

 S
S

U
R

G
O

 S
o

il
 M

ap
, 

2
0

1
6

 

D
P

F
 

D
is

co
n

ti
n

u
o

u
s 

p
er

m
af

ro
st

 c
o

v
er

*
 

Jo
rg

en
so

n
 e

t 
al

.,
 2

0
0

8
 

S
P

F
 

S
p

o
ra

d
ic

 p
er

m
af

ro
st

 c
o

v
er

*
 

Jo
rg

en
so

n
 e

t 
al

.,
 2

0
0

8
 

IP
F

 
Is

o
la

te
d

 p
er

m
af

ro
st

 c
o

v
er

*
 

Jo
rg

en
so

n
 e

t 
al

.,
 2

0
0

8
 

H
g

M
in

es
 

H
is

to
ri

c 
H

g
 m

in
es

*
*

 
U

S
G

S
 A

la
sk

a 
R

es
o

u
rc

e 
D

at
a 

F
il

e,
 2

0
0

8
 

H
g

A
ll

 
H

is
to

ri
c 

o
r 

re
ce

n
t 

H
g

 o
cc

u
rr

en
ce

s,
 m

in
es

, 
o

r 
cl

ai
m

s*
*

 
U

S
G

S
 A

la
sk

a 
R

es
o

u
rc

e 
D

at
a 

F
il

e,
 2

0
0

8
 

A
ll

M
in

es
 

H
is

to
ri

c 
o

r 
re

ce
n

t 
m

in
es

, 
al

l 
m

in
er

al
s*

*
 

U
S

G
S

 A
la

sk
a 

R
es

o
u

rc
e 

D
at

a 
F

il
e,

 2
0

0
8

 

G
eo

1
 

S
il

ic
ic

la
st

ic
 s

ed
im

en
ta

ry
 r

o
ck

s;
 m

ix
ed

 g
ra

in
 s

iz
e;

 f
o

ss
il

 p
la

n
t 

o
rg

an
ic

 m
at

er
ia

l 
m

en
ti

o
n

ed
*

 
H

ar
tm

an
 &

 M
o

o
sd

o
rf

, 
2

0
1

2
 

G
eo

2
 

M
ix

ed
 s

ed
im

en
ta

ry
 r

o
ck

s;
 m

ix
ed

 a
n

d
 f

in
e 

g
ra

in
 s

iz
e;

 m
et

am
o

rp
h

ic
 i

n
fl

u
en

ce
 m

en
ti

o
n

ed
*

 
H

ar
tm

an
 &

 M
o

o
sd

o
rf

, 
2

0
1

2
 

G
eo

3
 

S
il

ic
ic

la
st

ic
 s

ed
im

en
ta

ry
 r

o
ck

s;
 l

o
es

s;
 g

la
ci

al
 i

n
fl

u
en

ce
 m

en
ti

o
n

ed
*

 
H

ar
tm

an
 &

 M
o

o
sd

o
rf

, 
2

0
1

2
 

G
eo

4
 

S
il

ic
ic

la
st

ic
 s

ed
im

en
ta

ry
 r

o
ck

s;
 m

ix
ed

 g
ra

in
 s

iz
e;

 s
u

b
o

rd
in

at
e 

v
o

lc
an

ic
s 

m
en

ti
o

n
ed

*
 

H
ar

tm
an

 &
 M

o
o

sd
o

rf
, 
2

0
1

2
 

G
eo

5
 

S
il

ic
ic

la
st

ic
 a

n
d

 m
ix

ed
 s

ed
im

en
ta

ry
 r

o
ck

s;
 P

y
ro

cl
as

ti
cs

 m
en

ti
o

n
ed

; 
su

b
o
rd

in
at

e 
v

o
lc

an
ic

s 
m

en
ti

o
n

ed
*

 
H

ar
tm

an
 &

 M
o

o
sd

o
rf

, 
2

0
1

2
 

G
eo

6
 

A
ci

d
 v

o
lc

an
ic

 a
n
d

 a
ci

d
 p

lu
to

n
ic

 r
o

ck
s*

 
H

ar
tm

an
 &

 M
o

o
sd

o
rf

, 
2

0
1

2
 

G
eo

7
 

In
te

rm
ed

ia
te

 v
o

lc
an

ic
 a

n
d

 p
lu

to
n

ic
 r

o
ck

s*
 

H
ar

tm
an

 &
 M

o
o

sd
o

rf
, 
2

0
1

2
 

G
eo

8
 

B
as

ic
 v

o
lc

an
ic

 a
n

d
 p

lu
to

n
ic

 r
o
ck

s*
 

H
ar

tm
an

 &
 M

o
o

sd
o

rf
, 
2

0
1

2
 

G
eo

9
 

M
ix

ed
 s

ed
im

en
ta

ry
 r

o
ck

s;
 m

ix
ed

 g
ra

in
 s

iz
e;

 C
h

er
t 

m
en

ti
o
n

ed
*

 
H

ar
tm

an
 &

 M
o

o
sd

o
rf

, 
2

0
1

2
 

G
eo

1
0
 

M
et

am
o

rp
h

ic
s*

 
H

ar
tm

an
 &

 M
o

o
sd

o
rf

, 
2

0
1

2
 

G
eo

1
1
 

C
ar

b
o

n
at

e 
se

d
im

en
ta

ry
 r

o
ck

s;
 c

o
ar

se
 g

ra
in

ed
; 

m
et

am
o

rp
h

ic
 i

n
fl

u
en

ce
 m

en
ti

o
n

ed
*

 
H

ar
tm

an
 &

 M
o

o
sd

o
rf

, 
2

0
1

2
 

G
eo

1
2
 

Ic
e 

an
d

 g
la

ci
er

s*
 

H
ar

tm
an

 &
 M

o
o

sd
o

rf
, 
2

0
1

2
 

*
D

er
iv

ed
 a

s 
w

a
te

rs
h

ed
 p

er
ce

n
t 

co
ve

r 
 

*
*

D
er

iv
ed

 f
o

r 
ea

ch
 s

it
e 

a
s 

m
ea

n
 d

is
ta

n
ce

 d
o

w
n

st
re

a
m

 f
ro

m
 m

in
in

g
 a

ct
iv

it
y
 

 
 

T
ab

le
 S

2
.1

. 
W

at
er

sh
ed

 s
p

at
ia

l 
co

v
ar

ia
te

s 
an

d
 d

at
a 

so
u

rc
es

. 



107 

 

 

M
o

d
el

 F
o

rm
u

la
 

R
M

S
P

E
 

A
IC

 
Δ

 A
IC

1
 

A
d

j.
 R

2
2
 

lo
g

H
g

 ~
 l

o
g

F
is

h
M

as
s.

ce
n

t 
+

 h
2
o

Ic
e.

R
o

ck
.c

en
t 

+
 h

2
o

F
ar

ew
el

lT
er

ra
n

e.
ce

n
t 

+
 h

2
o

S
lp

M
ea

n
.c

en
t 

0
.1

3
7
 

-1
8

5
.8

2
 

0
.0

0
 

0
.3

6
 

lo
g

H
g

 ~
 l

o
g

F
is

h
M

as
s.

ce
n

t 
+

 h
2
o

Ic
e.

R
o

ck
.c

en
t 

+
 h

2
o

F
ar

ew
el

lT
er

ra
n

e.
ce

n
t 

+
 h

2
o

S
lp

M
ea

n
.c

en
t 

+
 l

o
g

D
O

C
.c

en
t 

0
.1

3
7
 

-1
8

4
.3

3
 

1
.4

8
 

0
.3

6
 

lo
g

H
g

 ~
 l

o
g

F
is

h
M

as
s.

ce
n

t 
+

 h
2
o

Ic
e.

R
o

ck
.c

en
t 

+
 h

2
o

K
u
sk

o
G

ro
u

p
.c

en
t 

+
 h

2
o

V
o

lc
an

ic
s.

ce
n

t 
+

 

h
2

o
F

ar
ew

el
lT

er
ra

n
e.

ce
n

t 
0

.1
3
6
 

-1
8

4
.2

4
 

1
.5

8
 

0
.3

4
 

lo
g

H
g

 ~
 l

o
g

F
is

h
M

as
s.

ce
n

t 
+

 h
2
o

Ic
e.

R
o

ck
.c

en
t 

+
 h

2
o

K
u
sk

o
G

ro
u

p
.c

en
t 

+
 h

2
o

V
o

lc
an

ic
s.

ce
n

t 
+

 h
2

o
R

el
ie

f.
ce

n
t 

+
 l

o
g

D
O

C
.c

en
t 

+
 h

2
o

F
ar

ew
el

lT
er

ra
n
e.

ce
n

t 
0

.1
3
7
 

-1
8

3
.8

7
 

1
.9

5
 

0
.3

7
 

lo
g

H
g

 ~
 l

o
g

F
is

h
M

as
s.

ce
n

t 
+

 h
2
o

Ic
e.

R
o

ck
.c

en
t 

+
 h

2
o

K
u
sk

o
G

ro
u

p
.c

en
t 

+
 h

2
o

V
o

lc
an

ic
s.

ce
n

t 
+

 h
2

o
R

el
ie

f.
ce

n
t 

+
 h

2
o

F
ar

ew
el

lT
er

ra
n

e.
ce

n
t 

0
.1

3
6
 

-1
8

3
.6

9
 

2
.1

3
 

0
.3

6
 

lo
g

H
g

 ~
 l

o
g

F
is

h
M

as
s.

ce
n

t 
+

 h
2
o

Ic
e.

R
o

ck
.c

en
t 

+
 h

2
o

K
u
sk

o
G

ro
u

p
.c

en
t 

+
 d

is
t.

m
ea

n
.c

en
t 

0
.1

3
7
 

-1
8

3
.0

2
 

2
.7

9
 

0
.3

3
 

lo
g

H
g

 ~
 l

o
g

F
is

h
M

as
s.

ce
n

t 
+

 h
2
o

Ic
e.

R
o

ck
.c

en
t 

+
 h

2
o

K
u
sk

o
G

ro
u

p
.c

en
t 

+
 h

2
o

V
o

lc
an

ic
s.

ce
n

t 
+

 d
is

t.
m

ea
n

.c
en

t 
0

.1
3
6
 

-1
8

2
.7

3
 

3
.0

9
 

0
.3

4
 

lo
g

H
g

 ~
 l

o
g

F
is

h
M

as
s.

ce
n

t 
+

 h
2
o

Ic
e.

R
o

ck
.c

en
t 

+
 h

2
o

K
u
sk

o
G

ro
u

p
.c

en
t 

+
 h

2
o

F
ar

ew
el

lT
er

ra
n

e.
c
en

t 
0

.1
3
7
 

-1
8

1
.6

2
 

4
.1

9
 

0
.3

3
 

lo
g

H
g

 ~
 l

o
g

F
is

h
M

as
s.

ce
n

t 
+

 h
2
o

Ic
e.

R
o

ck
.c

en
t 

+
 h

2
o

F
ar

ew
el

lT
er

ra
n

e.
ce

n
t 

+
 l

o
g

D
O

C
.c

en
t 

0
.1

3
7
 

-1
8

1
.5

6
 

4
.2

6
 

0
.3

3
 

lo
g

H
g

 ~
 l

o
g

F
is

h
M

as
s.

ce
n

t 
+

 h
2
o

Ic
e.

R
o

ck
.c

en
t 

+
 h

2
o

K
u
sk

o
G

ro
u

p
.c

en
t 

+
 h

2
o

V
o

lc
an

ic
s.

ce
n

t 
+

 h
2

o
R

el
ie

f.
ce

n
t 

+
 d

is
t.

m
ea

n
.c

en
t 

0
.1

3
6
 

-1
8

0
.7

3
 

5
.0

9
 

0
.3

4
 

lo
g

H
g

 ~
 l

o
g

F
is

h
M

as
s.

ce
n

t 
+

 h
2
o

Ic
e.

R
o

ck
.c

en
t 

+
 h

2
o

K
u
sk

o
G

ro
u

p
.c

en
t 

0
.1

3
7
 

-1
8

0
.2

7
 

5
.5

5
 

0
.3

1
 

 
 

 
 

 

1
. 

Δ
 A

IC
 i

s 
ca

lc
u

la
te

d
 a

s 
d

if
fe

re
n

ce
 b

et
w

ee
n

 e
a

ch
 m

o
d

el
 a

n
d

 t
h
e 

b
es

t 
m

o
d

el
 

 
 

 
 

2
. 

In
cl

u
d

es
 f

ix
ed

 e
ff

ec
ts

 o
n

ly
, 
n

o
 s

p
a

ti
a

l 
a
u

to
co

va
ri

a
n

ce
 f

u
n

ct
io

n
s 

 
 

 
 

 T
ab

le
 S

2
.2

. 
S

p
at

ia
l 

st
re

am
 n

et
w

o
rk

 m
o
d

el
 c

o
m

p
ar

is
o

n
 f

o
r 

fi
x

ed
 e

ff
ec

ts
 a

n
d

 m
o
d

el
 s

u
m

m
ar

y
 s

ta
ti

st
ic

s.
  



108 

 

 

M
o

d
el

 F
o

rm
u

la
 

S
p

a
ti

a
l 

S
tr

u
ct

u
re

 
R

M
S

P
E

 
A

IC
 

Δ
 A

IC
2
 

F
u

ll
 m

o
d

el
1

 
S

p
h

er
ic

al
.t

ai
lu

p
 +

 N
u

g
g

et
 

0
.1

3
7
 

-1
7

1
.1

7
 

0
.0

0
 

F
u

ll
 m

o
d

el
1
 

M
ar

ia
h

.t
ai

lu
p

 +
 N

u
g

g
et

 
0

.1
3

7
 

-1
7

0
.1

2
 

1
.0

5
 

F
u

ll
 m

o
d

el
1
 

E
x

p
o

n
en

ti
al

.t
ai

lu
p

 +
 E

x
p

o
n

en
ti

al
.t

ai
ld

o
w

n
 +

 N
u

g
g

et
 

0
.1

3
7
 

-1
6

8
.7

2
 

2
.4

5
 

F
u

ll
 m

o
d

el
1
 

L
in

ea
rS

il
l.

ta
il

u
p

 +
 G

au
ss

ia
n

.E
u

cl
id

 +
 N

u
g

g
et

 
0

.1
3

7
 

-1
6

8
.1

0
 

3
.0

6
 

F
u

ll
 m

o
d

el
1
 

E
x

p
o

n
en

ti
al

.t
ai

lu
p

 +
 E

x
p

o
n

en
ti

al
.E

u
cl

id
 +

 N
u

g
g

et
 

0
.1

3
7
 

-1
6

7
.8

2
 

3
.3

5
 

F
u

ll
 m

o
d

el
1
 

M
ar

ia
h

.t
ai

lu
p

 +
 G

au
ss

ia
n

.E
u

cl
id

 +
 N

u
g

g
et

 
0

.1
3

7
 

-1
6

7
.0

1
 

4
.1

5
 

F
u

ll
 m

o
d

el
1
 

L
in

ea
rS

il
l.

ta
il

u
p

 +
 L

in
ea

rS
il

l.
ta

il
d

o
w

n
 +

 G
au

ss
ia

n
.E

u
cl

id
 +

 N
u

g
g

et
 

0
.1

3
6
 

-1
6

6
.2

3
 

4
.9

4
 

F
u

ll
 m

o
d

el
1
 

E
x

p
o

n
en

ti
al

.t
ai

ld
o

w
n

 +
 N

u
g

g
et

 
0

.1
3

7
 

-1
6

6
.0

1
 

5
.1

6
 

F
u

ll
 m

o
d

el
1
 

S
p

h
er

ic
al

.t
ai

ld
o

w
n

 +
 N

u
g

g
et

 
0

.1
3

7
 

-1
6

5
.0

3
 

6
.1

3
 

F
u

ll
 m

o
d

el
1
 

E
x

p
o

n
en

ti
al

.t
ai

lu
p

 +
 E

x
p

o
n

en
ti

al
.t

ai
ld

o
w

n
 +

 E
x

p
o

n
en

ti
al

.E
u
cl

id
 +

 N
u

g
g

et
 

0
.1

3
7
 

-1
6

4
.7

0
 

6
.4

7
 

F
u

ll
 m

o
d

el
1
 

E
x

p
o

n
en

ti
al

.t
ai

ld
o

w
n

 +
 E

x
p

o
n
en

ti
al

.E
u

cl
id

 +
 N

u
g
g

et
 

0
.1

3
7
 

-1
6

2
.0

1
 

9
.1

6
 

F
u

ll
 m

o
d

el
1
 

L
in

ea
rS

il
l.

ta
il

d
o

w
n

 +
 G

au
ss

ia
n

.E
u

cl
id

 +
 N

u
g

g
et

 
0

.1
3

8
 

-1
6

1
.5

7
 

9
.5

9
 

F
u

ll
 m

o
d

el
1
 

E
x

p
o

n
en

ti
al

.E
u

cl
id

 +
 N

u
g

g
et

 
0

.1
3

8
 

-1
6

0
.1

4
 

1
1

.0
3
 

F
u

ll
 m

o
d

el
1
 

G
au

ss
ia

n
.E

u
cl

id
 +

 N
u

g
g

et
 

0
.1

3
8
 

-1
5

8
.0

7
 

1
3

.1
0
 

F
u

ll
 m

o
d

el
1
 

N
u

g
g

et
 

0
.1

9
5
 

-6
8

.3
9
 

1
0

2
.7

7
 

lo
g

H
g

 ~
 l

o
g

W
t.

ce
n

t 
+

 l
o
g

D
O

C
.c

en
t 

N
u

g
g

et
 

0
.2

4
1
 

1
3

.9
1
 

1
8

5
.0

8
 

 
 

 
 

 
1

. 
F

u
ll

 m
o

d
el

 i
s 

d
ef

in
ed

 a
s:

  
  

  
 l

o
g

H
g

 ~
 l

o
g

W
t.

ce
n

t 
+

 h
2
o

G
eo

1
2

.c
en

t 
+

 h
2

o
G

eo
2

.c
en

t 
+

 h
2

o
S

lp
M

ea
n
.c

en
t 

 

2
. 

Δ
 A

IC
 i

s 
ca

lc
u

la
te

d
 a

s 
d

if
fe

re
n

ce
 b

et
w

ee
n

 e
a

ch
 m

o
d

el
 a

n
d

 t
h

e 
b

es
t 

m
o

d
el

 
 

 
 

 T
ab

le
 S

2
.3

. 
S

p
at

ia
l 

st
re

am
 n

et
w

o
rk

 m
o
d

el
 r

an
d

o
m

 e
ff

ec
ts

 c
o
m

p
ar

is
o

n
 a

n
d

 m
o
d

el
 s

u
m

m
ar

y
 s

ta
ti

st
ic

s.
  


