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Abstract

Good quality spawning habitat is critical for fish embryo development, survival, and overall population 
productivity. Appropriate riverbed substrate size is particularly important for riverine-spawning 
salmonids but the availability of suitable substrate may vary across a watershed. Predicting substrate 
size at watershed extents may therefore be critical to inform management and conservation of salmonid 
populations. Using a 30 m Digital Elevation Model (DEM), we modelled riverbed substrate size using 
the Shields equation at stream segments across a large watershed (~11,200 km2) in Newfoundland, 
Canada. We use this model to predict the distributions of substrate suitable for Atlantic salmon (Salmo 
salar) spawning. We confront model predictions with field data on substrate size at 149 sites across the 
watershed. Our model predicted that 58% of segment length contained suitable (16-35 mm) or marginal 
(35-64 mm) substrate for salmon spawning. At these classes our model precision was between 24 and 
39%. Overall, our model predicted the correct field-measured substrate class for 42% of segments. This 
was bolstered by higher precision (77%) at larger substrate sizes (>64 mm) possibly due to this class 
being over-represented in field data. Model predictions of substrate size increased alongside field 
measurements but generally under-estimated substrate size. Our model provides an important step 
toward watershed-scale assessments of potential salmon spawning habitat to help guide more efficient 
restoration and conservation planning. We surmise that higher resolution DEM data would allow us to 
fine-tune model predictions to areas more relevant to salmon spawning.

Keywords: Atlantic salmon, spawning habitat, GIS, gravel, Salmo salar, Exploits River, salmonid, 
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Introduction

Salmonids are widely recognized for their ecological, economic and cultural importance (Noble et 

al., 2016; Thorstad et al., 2021) and are one of the most researched fish taxa. However, many salmonid 

populations are declining over broad geographic areas, largely due to habitat loss and/or degradation 

(Dauwalter et al., 2020; Dudgeon et al., 2006; Jelks et al., 2008; Laramie et al., 2015). Salmonid biomass in 

rivers around the world has declined by 38% from pre-1980 levels to post-2000 (Foote et al., 2025). 

Diadromous species are in particular peril (Deinet et al., 2024; Joy et al., 2018) due to complex life 

histories that require the use of both freshwater and marine habitats (Limburg & Waldman, 2009; 

McDowall, 1999). Specifically, different life stages require different types of habitat (Armstrong et al., 

2003; Bardonnet & Baglinière, 2000; Jonsson & Jonsson, 2011); limitations or bottlenecks at one stage may 

result in poor reproductive success, even if there is an abundance of good quality habitat for other 

stages (Heggenes, 1990). Thus, understanding where these limitations exist in populations is critical. The 

use of multiple habitat types by diadromous fishes complicates their management, as population 

declines are likely driven by factors in both freshwater and marine ecosystems that are not fully 

understood (Soulsby et al., 2024; Wilson et al., 2022). That said, anadromous salmonid population 

productivity is typically constrained during the freshwater, not marine, phase of the life cycle (Behnke, 

2002). What is more, freshwater habitats are generally more amenable to management actions, such as 

restoration and enhancement, than marine habitats (Purchase, 2026).

The availability and quality of freshwater spawning habitat is critical for the development and 

survival of salmonid embryos (Bardonnet & Baglinière, 2000; Jonsson & Jonsson, 2011; Wilkins & Snyder, 

2011), eventually influencing productivity. Important aspects of salmonid riverine spawning habitat 

include depth, flow, river-bed substrate (i.e., gravel), and cover (Armstrong et al., 2003; Crisp, 2000; Louhi 

et al., 2008). Different species and populations have different ideal requirements and conditions (Kondolf 

& Wolman, 1993). In particular, substrate size and mobility are essential as fish cannot effectively 

construct nests (i.e., redds) if they cannot move the river-bed substrate (Wilkins & Snyder, 2011). 

Salmonids generally spawn in gravels with a median diameter of around 1-10 % of their body length 

(Kondolf & Wolman, 1993). Larger fish can move larger substrates and thus can use a wider range of 

potential habitats (Buffington et al., 2004; Riebe et al., 2014).

Stream bed substrate size is controlled by channel hydraulics and sediment supply (Buffington et 

al., 2004; Wilkins & Snyder, 2011). Channel hydraulics control the force of water moving against the 
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channel bed (i.e., shear stress) and the largest substrate size a river can carry (Buffington & Montgomery, 

1999). Larger substrate particles require higher shear stresses to initiate transport (Powell, 1998). 

Bankfull flows, occurring every 1-2 years for most rivers, often have the largest influence on the 

transport and size of bed substrate in alluvial rivers (Andrews, 1984; Wolman & Miller, 1960). The size 

and volume of substrate available in rivers is controlled by sediment supply (Buffington et al., 2004). 

Generally substrate is hydraulically sorted downstream with substrate decreasing in size (Powell, 1998), 

but this is disrupted by lakes dams and other barriers acting as sediment sinks (Arp et al., 2007; Fox et al., 

2016; Hauer et al., 2018), as well as tributaries bringing different substrate loads (Dawson, 1988; Knighton, 

1980). River confinement and land use disturbances often reduce the quantity or quality of spawning 

habitats (Barlaup et al., 2008; Hauer et al., 2020; Pulg et al., 2013), but some regions may also be naturally 

sparse in spawning sized gravel (Purchase, 2026). Identifying sites with suitable spawning gravel is an 

important research objective to support conservation of threatened or vulnerable salmonid populations. 

Similarly, identifying areas with the capacity to support suitable spawning gravel that have since been 

degraded is essential for guiding restoration or enhancement efforts.

Depending on the spatial extent and desired precision, different methods exist for measuring 

substrate size. At a small extent (i.e., 50-200 m), field measurements of bed substrate size (e.g. Wolman, 

1954) are a common technique to determine substrate distributions and median substrate size (Kondolf 

& Li, 1992). For example, researchers have measured substrate sizes for stream habitat assessments 

(Quinn & Hickey, 1994; Sutherland et al., 2010). Field measurements, however, can be time-consuming, 

limited in spatial scope, and may include bias from different operators (Daniels & McCusker, 2010; 

Pearson et al., 2017). Remote sensing, on the other hand, has given us the ability to assess landscapes 

from afar. While remote analysis does not entirely substitute for intimate knowledge and understanding 

that can be gained from on the ground surveying and methods, remote sensing can widen the areas we 

assess that would not be possible due to time and physical constraints (Kerr & Ostrovsky, 2003; Osborne 

et al., 2001; Reif & Theel, 2017).

Geographic Information Systems (GIS) techniques are used to analyze data from remote sensors 

and GIS are widely used to predict habitat over large areas (Osborne et al., 2001; Valavanis et al., 2008; 

Weiers et al., 2004). In relation to spawning habitat, various GIS models have been developed to predict 

bed substrate size using geomorphic relationships and remote sensed data, particularly Digital 

Elevation Models (DEMs) (Buffington et al., 2004; Gorman et al., 2011; Haddadchi et al., 2018; Hedger et al., 

2006; Snelder et al., 2011; Snyder et al., 2013; Wilkins & Snyder, 2011). High resolution (e.g. 3-10 cm) aerial 
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imagery can offer detailed analyses of river bed terrain used to estimate substrate size (e.g. Carbonneau 

et al., 2004; Hedger et al., 2006; Javernick et al., 2014; Pearson et al., 2017), but are often applied at small 

spatial extents (e.g. a single gravel bar up to reaches at the kilometer scale). Likewise, fine scale DEMs 

created from Light Detection and Ranging (LiDAR) are available at a relatively high resolution (1-2 m) 

for many areas, including some parts of Canada (Natural Resources Canada, 2025a). While useful for 

detailed, small-scale analyses, high resolution data can be impractical for large watershed analyses due 

to the processing power required. Given that salmonids may migrate long distances often in remote 

areas, comprehensive field surveys of spawning habitat are often impractical. Consequently, there is a 

need for remote sensed models of spawning gravel at watershed extents where these fish are 

distributed.

Process based models to predict substrate size using DEMs and hydrologic data have produced 

accurate results over the extent of small watersheds (< 700 km2) (Buffington et al., 2004; Gorman et al., 

2011; Snyder et al., 2013; Wilkins & Snyder, 2011) and have great potential to be applied in larger 

watersheds. However, these models are seldom used at larger watershed extents. Thus, we investigate 

whether a process-based model can accurately predict riverbed substrate at a large spatial extent. We 

implement one of these models (Wilkins & Snyder, 2011) to predict river bed substrate size suitable for 

spawning Atlantic salmon (Salmo salar) in a large watershed (11,250 km2, Exploits River, 

Newfoundland, Canada). We use GIS to predict the median size (i.e., also known as D50) of bed surface 

substrate for river segments between 0.03 and 6.5 km in length using low resolution elevation (30 m) 

and hydraulic data. We then test the accuracy of our GIS model with data collected from field surveys 

of substrate size at 50 m stream sections.
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Methods

We begin by describing the watershed (Figure 1) and Atlantic salmon spawning substrate habitat. 

We then describe data sources, GIS data processing, and data extraction and analysis to predict 

substrate size, followed by our field data collection methods and validation for the GIS model 

predictions. Figure 2 follows the steps used and more detailed descriptions are in the supplementary 

material (Section S1.2).

Study area

The Exploits River flows from Beothuk Lake in central Newfoundland, Canada, and drains into 

the Bay of Exploits near Bishop’s Falls (Figure 1). Upstream, Lloyd's River and Victoria River, along 

with many smaller tributaries, flow into Beothuk Lake. At 246 km long, draining an area of ~11,270 

km2, the Exploits River is the longest river with the largest drainage basin on the island of 

Newfoundland (see Table S1.1 in supplementary material for characteristics of the watershed). The 

Exploits Valley was formed by glaciation and is dominated by siliciclastic and volcanic marine 

bedrocks and surficial geology of glacial till and hummocky terrain (Newfoundland and Labrador 

Geological Survey, 2024). The watershed contains ~960 lakes or reservoirs over 10 ha (Lehner et al., 

2022), covering around 9.8% of the total drainage area.

Freshwater fish species present in the Exploits watershed include Atlantic salmon, both 

anadromous and non-anadromous (known as ouananiche in Newfoundland) forms, brook trout 

(Salvelinus fontinalis), three-spined stickleback (Gasterosteus aculeatus), American eel (Anguilla 

rostrata), and Arctic charr (Salvelinus alpinus) (Mullms et al., 2007) although it is mostly dominated 

by Atlantic salmon and inter-specific competition is low. The current population of anadromous 

Atlantic salmon in the watershed is higher than historical level (COSEWIC, 2010; Fisheries and 

Oceans Canada, 2025), as waterfalls restricted access to around 90% of the watershed until 

enhancement activities and fish passages increased fish stocks and improved access around the 1960s 

to mid-1990s (O’Connell & Bourgeois, 1987; Scruton et al., 2008). The Exploits River currently has 

the highest known return of Atlantic salmon in Newfoundland (~25,000 fish, Fisheries and Oceans 

Canada, 2025), however, productivity is low relative to predicted potential based on habitat capacity 

(Davis & Riche, 1983; Scruton et al., 2003).
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Figure 1. Exploits River watershed in Central Newfoundland (shown by red boundary in inset), with 
major towns and Beothuk Lake labelled. The main stem of the Exploits River is coloured orange/red by 
discharge while other streams are in blue. The black arrow indicates general flow direction towards the 
river mouth. Data sources: Basemap - Esri, HERE, Garmin, © OpenStreetMap contributors, and the 
GIS User Community; Elevation – DEM (Natural Resources Canada, 2025b); river lines with discharge 
– RiverATLAS (Linke et al., 2019); lakes – LakeATLAS (Lehner et al., 2022).

Atlantic salmon spawning habitat

Atlantic salmon (hereafter salmon) show a wide range of life history strategies, including 

freshwater residents and sea-run anadromous forms, varying greatly in time spent at sea (for a overview 

of Atlantic salmon life history see Fleming, 1996; Gibson & Haedrich, 2006; Jonsson & Jonsson, 

2007). Typically, females deposit their eggs in gravel substrate hollows, called redds, in flowing 

freshwater in Autumn (O’Connell et al., 2006). Suitable spawning substrate generally has an 

intermediate axis length (the second-longest dimension on an individual substrate particle) between 16 

and 64 mm (Armstrong et al., 2003; Louhi et al., 2008), but habitat use largely depends on availability 
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(Heggenes, 1990) and female fish size (Kondolf & Wolman, 1993; Overstreet et al., 2016; Riebe et al., 

2014). As is the case for most Newfoundland salmon populations, around 90 per cent or more of 

salmon returns to the Exploits River are fish under 63 cm, classed as small salmon (Department of 

Fisheries and Oceans, 2022; Fisheries and Oceans Canada, 2025), thus suitable spawning gravel may 

be on the smaller side of the typical range (Purchase, 2026). In this paper, we consider gravel sizes 

between 16 and 35 mm as suitable and sizes ranging from 35 to 64 mm as marginal.

GIS data processing

To predict substrate size for the Exploits River watershed we used a combination of open access 

data sets including HydroSHEDS data (Lehner et al., 2022; Linke et al., 2019), a 30 m resolution 

digital elevation model (DEM) (Natural Resources Canada, 2025b), Google satellite imagery, and 

Geobase hydrography spatial data (Government of Canada et al., 2022) (Table 1). Because of its low 

resolution, HydroSHEDS data is better used for larger scale analysis, i.e., across watersheds and 

regions; however, in the absence of fine-scale hydrological data throughout the watershed, we used 

discharge and channel width (derived from dividing river area by length) from the HydroSHEDS 

RiverATLAS layer in our model (Table 1). Instead of using stream segments determined by 

RiverATLAS, we created a river network that contains a larger number of segments than RiverATLAS. 

With more segments over the same area, the accuracy of our substrate model was likely to be 

improved. We outline the process below and in Figure 2, while detailed methods are described in 

section S1.2 of the supplementary material.

Using QGIS tools and standard protocols, we created a river channel network for the Exploits 

watershed (termed DEM ChannelsER) using the 30 m DEM (Figure 2A and B). Due to the coarseness of 

the DEM, the created river network often does not follow the actual river channel, but is a higher 

resolution improvement from RiverATLAS segments. Thus, we manually corrected channels where 

obvious major deviations occurred using Google satellite imagery and Geobase hydrography as 

references for the true river channels. The DEM ChannelsER output comprises ‘linestrings’ (segments or 

features) that represent a length of stream between two confluences, i.e. segments ended or started at 

every stream confluence as determined by the DEM. Therefore, segment lengths were variable 

throughout the watershed (Table 2).
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Table 1. GIS Data layers used to create river lines and/or predict substrate size. 

Data Description Use of data Source

Digital Elevation 
Model (DEM)

Raster of 30 m resolution elevation 
data.

Creating river 
network, calculating 
slope.

Natural 

Resources 

Canada (2025b)

HydroSHEDS 
data (see ATLAS 
layers below)

Global database of digital data 
layers consisting of hydrographic 
data. The ATLAS products of 
HydroSHEDS contain additional 
attribute data.

We refer to 
HydroSHEDS to 
encompass the whole 
database but refer to 
ATLAS products 
when they are used 
(see below).

See ATLAS 

sources

Riverlines - 
RiverATLAS

Vectorized line network of rivers 
that have a watershed area of at least 
10 km2 or an average river discharge 
of at least 0.1 m3/s. Contains a large 
number of hydro-environmental 
characteristics.

Extracting hydro-
environmental 
variables such as 
discharge and width.

Linke et al. 

(2019)

Lakes - 
LakeATLAS

Shoreline polygons of lakes with a 
surface area of at least 10 ha.

Used to exclude river 
lines inside lake 
polygons in our river 
network.

Lehner et al. 

(2022)

Basins - 
BasinATLAS

Watershed (basin) polygons at 
different scales, containing hydro-
environmental characteristics.

General polygons of 
the watershed and 
sub-basins.

Lehner & Grill 

(2013)

Google Satellite Photographic images of the Earth 
collected by imaging satellites.

Reference for 
modifying river 
lines.

Google Satellite 

added by QMS 

in QGIS

Geobase 
Hydrography

Geospatial digital data such as lakes, 
reservoirs, watercourses (rivers and 
streams), canals, islands, drainage 
linear network, geographical names, 
constructions and obstacles related 
to surface waters, etc. Created from 
existing data at the 1:50 000 scale or 
better.

Flow directions and 
watershed extent for 
modifying channel 
lines and watershed 
and sub-basin 
boundaries.

Government of 

Canada et al. 

(2022)



10

Figure 2. Overview of analytical methods to predict and validate the substrate model. The red polygon 
in all maps is the boundary of the Exploits River watershed, determined using Google satellite imagery 
and Geobase hydrography. The ER denotation on layers indicates the Exploits River watershed. Panel 1 
outlines our GIS data processing steps used to prepare the data for model predictions (see GIS data 
processing section of the main text and supplementary material S1.2 for further details). A: We 
downloaded a DEM to cover a wider range than the Exploits River watershed. B: We created a river 
lines network using the DEM. Yellow lines depict streams that run to the Exploits River mouth while 
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blue lines are outside the watershed. C1: We clipped the DEM and river network to the watershed, 
termed DEMER and DEM ChannelsER, respectively. Elevation (m) above sea level is shown on the 
DEMER with darker blues representing lower elevations and yellows higher elevations. We then 
calculated stream order on the DEM ChannelsER river network. C2: We clipped the river, lakes, and 
basin ATLAS products of HydroSHEDS to the watershed boundary. D: We assigned discharge from 
RiverATLASER to DEM ChannelsER, using calculated stream order in the DEM ChannelsER layer to 
match with discharge. Thicker lines represent higher discharge and stream order for RiverATLASER and 
DEM ChannelsER, respectively. E: We excluded river lines inside lake polygons from LakeATLASER in 
DEM ChannelsER. Panel 2. We then extracted data from GIS layers to run the substrate model. F1: We 
calculated the length of channel segments on the DEM ChannelsER layer, followed by channel slope 
using elevation from DEMER. F2: We extracted discharge and width assigned from RiverATLASER (see 
D). Segments are displayed by discharge with thicker lines representing higher discharges. G: We 
predicted substrate size and group outputs into four size classes, shown by different colours. Panel 3 
outlines field data collection and model validation. H: We selected field segments that were accessible 
and wadeable, shown by pink lines. I: We used a gravelometer, shown in the image, to measure 
substrate size. J: We validated GIS model predictions using field data with a confusion matrix, shown 
on the right, and explained in the GIS model validation section of the methods.

To obtain an estimate of river size, we calculated stream order on DEM ChannelsER (Figure 2C1). 

This allowed us to match streams based on size with RiverATLAS data for the Exploits River 

(RiverATLASER) by comparing stream order with discharge. By matching similar stream sizes, we 

could assign discharge and other attributes from RiverATLASER to DEM ChannelsER (Figure 2D). We 

clipped the DEM (Figure 2C1) and three ATLAS layers (Figure 2C2) to the Exploits River watershed to 

be used in various stages of GIS analysis (Table 1).

The model we used to predict substrate size is intended for use in stream channels rather than 

lakes. Therefore, to obtain more accurate substrate size estimates, we excluded segments that crossed 

through lakes (Figure 2E). Characteristics of the final layer used for substrate predictions are 

summarized in Table 2.
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Table 2. Summary of features in the DEM ChannelsER river network (5010 features or stream 
segments). Discharge and width were extracted from RiverATLASER and slope and segment length 
were calculated on the DEM ChannelsER layer.

Variable Mean Median Min / Max
Standard 
deviation

Segment length (m) 845 657 10.95 / 6200 722
Width (m) 11.58 6.64 2.45 / 105.44 16.628
Slope 0.0089 0.0054 2e-06 / 0.202 0.0122
Mean annual discharge (m3/s) 10.62 0.386 0.106 / 305.5 42.93
Maximum annual discharge (m3/s) 24.60 0.971 0.237 / 668.4 97.36

GIS data extraction and analysis

To predict substrate size, we estimated channel hydraulics using bed shear stress and Shields 

parameter following Wilkins and Snyder (2011). Bed shear stress (τb) is the force that flowing water 

applies to the channel bed to transport sediment, which we estimated by:

τ b = ρgn(0.6 ) [ Q
w ]

(0.6 )

S (0.7 )

where ρ is water density (1000 kg/m3), g is acceleration due to gravity (9.80665 m/s2), n is the 

Manning’s channel roughness coefficient, Q is discharge (m3/s), w is channel width (m), and S is 

channel slope. We used an n value of 0.05, which is within estimates for gravel, cobble and boulder 

rivers (Aldridge & Garrett, 1973; Barnes, 1967). We derived Q (average annual maximum) and w from 

RiverATLASER data  (Table 1 and Figure 2F2), and S from the DEMER (Figure 2F1; see supplementary 

material S1.2 for full details).

 We then used τb to predict median grain size (D50), following Wilkins and Snyder (2011):

 D50 =
τ b

( ρs - ρ ) gτ *

where ρs is sediment density (using the density of quartz, ρs = 2650 kg/m3), and τ* is Shields parameter, 

an indicator for the onset of sediment transport. Estimates of τ* vary with basin size and channel 

characteristics but generally range between 0.03 and 0.07 (Buffington & Montgomery, 1997; Mueller et 

al., 2005). As we did not have derived values of τ* for our watershed, we used a τ* value of 0.04, a 

median estimate of gravel-bed rivers by Mueller et al. (2005) and after Wilkins and Snyder (2011). We 

used R (R Core Team, 2025) to calculate substrate size across the Exploits River watershed based on 



13

parameters described above, termed the model predicted D50 (Figure 2G). Each river segment of the 

DEM ChannelsER layer had one model predicted D50, resulting in 5010 predictions. To investigate 

model predictions, we report the proportion of segment length predicted to be suitable for spawning in 

different sub-basins across the watershed.

We grouped substrate into four size classes that generally align with suitability for Atlantic 

salmon spawning: less than 16mm (too small), 16-35mm (suitable, includes values >16mm to <35mm), 

35-64mm (marginal, includes values >35mm to <64mm), and greater than 64mm (too large) 

(Armstrong et al., 2003; Kondolf & Wolman, 1993). Substrate sizes between 35 and 64mm might be 

used for spawning if better habitat is limited, or by larger female fish (Purchase, 2026).

Field data collection

To compare with model predictions, we conducted field measurements of substrate size at 

locations across the Exploits River watershed between June 12 and October 20, 2025. We selected 51 

accessible and wadeable segments to cover a wide spatial range over the watershed (Figure 2H and 

Figure S2.1). Field segments ranged in length between 0.35 and 5.4km. For each segment, we digitized 

a centerline along the length of the river based on Google satellite imagery and topography maps. 

Typically, three sample sites were randomly selected within each segment, for a total of 149 sites (see 

supplementary material S2.1 for details of random site selection).

At each site, we performed a Wolman (1954) pebble count, randomly selecting a minimum of 

100 clasts while walking in a zig-zag pattern over a 50 m length of river (Figure S2.2A and S2.2B). We 

used a gravelometer to measure the intermediate axis of each randomly selected individual substrate 

particle up to 300 mm (Figure 2I and S2.2C) and estimated size for larger substrates following the size 

categories in Table S2.1. We calculated the median (D50) substrate size for each site using these data, 

termed the field-measured D50. Note that we recorded field measurements of substrate in discrete bins 

(Table S2.1), while the model predicted substrate size along a continuous scale. Although we have one 

model-predicted D50 for each DEM ChannelsER segment, we have up to three field-measured D50 values 

to capture the variability within each segment.
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Field data analysis

For each measured site, we plot the distribution of substrate size by the cumulative percentage of 

substrate finer than each gravelometer bin size. Sites were split into four facets based on the segment 

model-predicted size class that each site was in. For example, sites in the <16mm facet had a segment 

model-predicted D50 less than 16 mm, but the site field-measured D50 may not necessarily fall in this 

group. Note that model-predicted size classes which are based on fish size (Fisheries and Oceans 

Canada, 2025; Kondolf & Wolman, 1993; Purchase, 2026) loosely fit with gravelometer bins (see Table 

S2.2). Importantly, model bins align perfectly with gravelometer bins for the joint suitable and marginal 

spawning size classes (i.e., the gravelometer has bins of 16 mm and 64 mm). We plot the mean 

substrate distribution of sites within each facet group and therefore were able to see the combined field 

measured D50 in each group.

GIS model validation

We tested how well the GIS model predicts field-measured substrate classes with a confusion 

matrix (Figure 2I) using the caret (Kuhn, 2008) and cvms (Olsen & Zachariae, 2025) packages in R (R 

Core Team, 2025). Specifically, a confusion matrix allowed us to quantify the number of true 

positives/negatives (i.e., model-predicted substrate size = field-measured substrate size) and false 

positives/negatives (i.e., model-predicted substrate size ≠ field-measured substrate size). This enabled 

us to see where the model may be correctly and incorrectly predicting substrate classes. The accuracy 

of the GIS model predictions is the ratio of the number of correct predictions to the total number of 

predictions, measured from 0 to 1 (low to high). High accuracy does not necessarily indicate good 

model performance, as unbalanced classes (i.e., differing numbers of samples among classes) may 

allow the model to correctly predict the dominant class while performing relatively poorly in other 

classes, thereby inflating overall accuracy. Thus, we also measure the true positive rate (i.e., sensitivity 

or recall) and true negative rate (i.e., specificity), which represent correct predictions. A much higher 

value for one of these rates may indicate imbalances in the data. Precision measures how many positive 

predictions were actually correct; it is a measure of the accuracy relative to the prediction of a specific 

class. We report the F1 value, which is the weighted mean of precision and sensitivity, with 1 being the 

best score and 0 the worst. Finally, we report Cohen’s Kappa which identifies how well the predictions 

are compared to random guessing and ranges from -1 to 1, with 0 indicating no better than random 
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chance, and less than 0 worse than chance. A high Kappa score (closer to 1) indicates a strong 

agreement between model predictions and actual values. Table S2.3 gives detailed descriptions and 

bounds of confusion matrix metrics.

We tested for significant differences in the GIS model-predicted D50 grouped by the measured 

substrate size classes using a Kruskall-Wallis, and Dunn’s Test with a Bonferroni correction to adjust 

for multiple comparisons, using the rstatix package (Kassambara, 2025) in R (R Core Team, 2025). We 

used a non-parametric test as the data is not normally distributed. We used a significance threshold of 

alpha = 0.05.
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Results

Our model predicted that more than half of the stream length in the Exploits River watershed had 

a median grain size (D50) in the suitable (16-35 mm) or marginal (35-64 mm) spawning suitability 

categories (Table 3). Note that the model predicts one D50 estimate for each DEM ChannelsER segment. 

This distribution was uneven across the watershed (Figure 3A) with the highest proportion of predicted 

suitable substrate (16-35 mm) in the Great Rattling Brook basin (Figure 3B and 3C).

Table 3. Summary of substrate D50 model predictions on the DEM ChannelsER layer split into size 
classes for the Exploits River watershed.

Predicted D50 

substrate class 
size (mm)

Suitability for 
spawning

Number of 
stream segments 

in class

Length of stream 
segments in class 

(km)

Percentage of 
stream length in 

class
<16 ‍Too small 1869 1093 25.8

16-35 Suitable 1318 1327 31.4
35-64 Marginal 1082 1109 26.2
>64 Too large 741 703 16.6
Total ‍ 5010 4232 100

The model under-estimated substrate sizes when compared to field measurements in the three 

lowest model-predicted size classes (Figure 4). The average field-measured D50 for each size category, 

denoted by the black dashed lines in Figure 4 is consistently higher than the model-predicted size class. 

The exception was the >64mm predicted category. This group had a much larger size range compared 

to the smaller three groups, so it is somewhat unsurprising we see more agreement in this group. 

Nonetheless, the measured D50 increased progressively with the predicted classes, i.e. the measured D50 

in the 16-35 mm predicted class is higher than the measured D50 in the <16 mm predicted class, and this 

pattern follows for the 35-64 mm and >64 mm classes (Figure 4). Of note, the combined D50 of all 

measured substrates in the predicted 35-64 mm group fell closer to 64 mm than the subsequent bin of 

90 mm. The D50 is determined by which bin the 50th percentile of counts fall; because substrate field 

measurements are discrete, the 50th percentile will be situated in one of the gravelometer substrate size 

categories (Table S2.2). While the 50th percentile in the 35-64 mm group was in the 90 mm bin, the 48th 

percentile fell in the 64 mm bin; thus the combined measured D50 only just exceeds the bounds of the 

prediction.
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Figure 3. Model predictions of median grain size (D50, mm) in the Exploits River watershed. Classes of 
median grain size (Predicted D50) are calculated for each segment. A: Model predictions on the DEM 
ChannelsER layer. B: The proportion of suitable spawning substrate (16-35 mm, green segments in A 
and C) by segment length within mapped sub-basins. C: Model predicted D50 for segments in the Great 
Rattling Brook basin. GIS sources: watershed and basin polygons are modified from a BasinATLAS 
layer (Lehner & Grill, 2013); lakes from LakeATLAS (Lehner et al., 2022).

Sites that fall in the two larger predicted classes (35-64 mm and >64 mm) had lower confidence 

intervals in measured substrate distributions (Figure 4), indicating these sites are more similar in their 

distribution of bed substrate size within each class. In contrast, the two smaller groups had a wider 

distribution of substrate sizes across sites and more uncertainty. The greater uncertainty could be partly 

attributed to the smaller sample sizes in these groups. Importantly, sites with a large measured 

proportion of finer substrate (sites in the upper left hand corner of panel A and B, Figure 4), were also 

predicted to only fall into the two lowest substrate classes. Likewise, there were few sites in the <16 

mm category that contained large substrates.
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Figure 4. Cumulative percentage of substrate finer than each gravelometer size bin at 149 sites in the 
Exploits River watershed. Sites are grouped by the size class of the model-predicted median substrate 
size (D50). Coloured lines in panels A-D are the distribution of field-measured substrate from Wolman 
pebble counts with each line representing one site. Twelve, 34, 51, and 52 sites were sampled in model-
predicted substrate classes <16 mm, 16-35 mm, 35-64 mm, >64 mm, respectively. The top panel is to 
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guide interpretation of panels A-D. The solid black line and grey shaded area are the mean and 95% 
confidence interval (CI), respectively, of the cumulative percentage of field-measured substrate sizes 
within each model-predicted class. The black dashed lines represent the median field-measured D50 of 
all sites within the class. For example, in Panel B, we had 34 field sites that were sampled at segments 
with a model predicted D50 of 16-35 mm. The field-measured D50 for these sites = 64 mm with a 95% 
CI = 45 mm, 90 mm. This shows that the model predicts lower D50s than observed in the field. The 
spawning suitability of substrate sizes are shown in the interpretation panel.

The overall accuracy for our model was 0.477, meaning almost half the time (48%) it predicted 

correctly, either true positive or true negative (Figure 5). True positives, where the model predicted the 

correct substrate size measured, are shown from the top left to bottom right diagonal of the confusion 

matrix (Figure 5). Higher numbers here indicate accurate predictions and thus a stronger model.  

Overall, specificity (0.82) was higher than sensitivity (0.51), meaning the model was better at correctly 

detecting the negative class compared to the positive class (Figure 5). For example, if the model 

predicted that the D50 was not <16 mm and the measured substrate was also not <16 mm, it correctly 

detected the negative class. A true positive detection is where both the predicted and measured classes 

were the same. 

Precision, meaning the accuracy of positive predictions, in the overall model was moderate (0.41; 

Figure 5). Thus, the model incorrectly predicted some classes. The F1 score may be a better indicator 

of the overall performance of the model, being a harmonic mean between precision and sensitivity. As 

our sensitivity and precision were moderate, the F1 score was also moderate (0.42; Figure 5). However, 

there were significant differences between classes (p-value = 0.0001, Figure 5; Figure S3.1). While 

sensitivity in the >64 mm classes was lower than all other classes (0.465), the F1 score was higher 

(0.579), as the model was better at predicting correct values (0.769) in this class (Table S3.1). In the 

other direction, the <16 mm class had a higher sensitivity rate (0.6), but because of its low precision 

(0.25), the F1 score was lower (0.353; Table S3.1). The Cohen’s Kappa score (0.239, Figure 5) showed 

fair agreement between model predictions and field observations. 

We found predicted D50s generally increased with each subsequent measured class (Figure S3.1). 

We found significant differences between the <16 mm class and both of the larger substrate classes (35-

64 mm and >64 mm), as well as between the 16-35 mm and >64 mm size classes (Kruskal Wallis test 

statistic = 25, p-value < 0.001, Dunn’s test results in Table S3.2).
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Figure 5. Matrix of field-measured and model-predicted median substrate size (D50) classes at field sites 
in the Exploits River watershed. The colour intensity is based on the number of sites, shown in the 
middle of each tile. Metric outputs for the overall confusion matrix model are presented on the right 
side of the figure and explained in the text. CI is the confidence interval. See Table S2.3 for further 
descriptions and bounds of metrics.
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Discussion

Concern grows over the decline of many salmonid species across the range of the species, 

including Atlantic salmon (Clarke & Scruton, 2002; Dempson et al., 2024; Limburg & Waldman, 2009; 

Soulsby et al., 2024). Spawning is a key life stage; lack of good quality habitat at this stage could be a 

major limitation for population productivity (Smialek et al., 2021). Identifying areas of high quality 

spawning habitat, however, is a major challenge, particularly at a watershed extent. Given river bed 

substrate is one of the key aspects of riverine spawning habitat (Gibson, 1993; Louhi et al., 2008), we 

modelled substrate size in a large watershed (~11,000km2) to better inform our understanding of 

spawning habitat distribution. Our key goal was to test the reliability of a substrate model applied at a 

large watershed extent. We found that the model was better at predicting large substrate and often 

under-estimated substrate size relative to field observations. We discuss aspects of our modelling 

framework that led to successful predictions and consider additional steps that may improve future 

model predictions.

 Based on model validation data, we can consider our model to have fair agreement with field 

observations, on average (Kappa = 0.239 is in the range of fair agreement (0.21 to 0.4)) (Landis & 

Koch, 1977). Overall, our model successfully predicted the field-measured substrate class about 42% of 

the time (precision, Figure 5). The model precision varied substantially across substrate classes. For 

instance, the model was better at correctly identifying substrates in the >64 mm class (precision = 0.77) 

compared to the other three classes (precision = 0.25, 0.24, 0.41 for <16 mm, 16-35 mm, 35-64 mm, 

respectively; Table S3.1).

The island of Newfoundland has some of the Earth’s most ancient geological formations 

(Twenhofel, 1939). As such, large weathered substrate and bedrock (>64 mm) were very common at 

our field sites. Resistant bedrock may limit the supply of finer substrate (Curtis et al., 2010). In 

practice, this skewed distribution of field-observed substrate size led to an imbalance in specificity and 

sensitivity (true negative and true positive rates, respectively). For instance, we sampled more sites 

with a D50 greater than 64 mm compared to other size classes. Ideally we would have sampled sites 

from all size classes evenly, but this was difficult due to site accessibility, time constraints, and a lack 

of prior knowledge about substrate distribution in the watershed.

In contrast to our field observations, our model predicted that the median substrate size suitable 

(16-35 mm) or marginal (35-64 mm) for spawning covered 58 per cent of segments in the watershed.  
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Model segments varied in length between 11 m and 6.2 km; each segment had one model prediction 

which is the expected median substrate size for the segment. At the segment extent in the field, 

however, we observed large variation in substrate sizes. Thus, the model predicted D50 is a conservative 

estimate that may not reflect within segment heterogeneity. Higher resolution GIS data (e.g., 1 m or 5 

m) may improve predictions of spatial heterogeneity in substrate size by generating shorter stream 

segments and, therefore, a greater number of model predictions. We might better interpret this result as 

58 per cent of segments are likely to have suitable or marginal substrate for spawning somewhere at the 

segment scale. What remains is to understand how aggregated suitable spawning substrate is in order to 

find sites where there is enough gravel coverage to facilitate spawning (Overstreet et al., 2016; Riebe et 

al., 2014). For example, larger anadromous female Atlantic salmon require around 1-5 m2 of spawning 

gravel to construct a redd (Barlaup et al., 2008). By knowing how aggregated suitable substrate is, we 

could then estimate the capacity of river sections for spawning (for example see Overstreet et al., 2016; 

Riebe et al., 2014).

While the model predicted that median substrate size in the 16-35 mm range covered the greatest 

proportion of the watershed (Table 3), model precision was lowest for this class (Table S3.1). For 

almost half of the sites (16 of 34) that the model predicted a D50 in the 16-35 mm class, field 

measurements of D50 were greater than 64 mm (Figure 5). In fact, the model under-estimated substrate 

size in the three lowest size classes (Figure 4), indicating the model may perform poorly in these finer 

substrate classes. Importantly though, model predictions of substrate size increased as field 

measurements increased (Figure 4). All of the sites that had a low measured D50 (i.e., fine substrate) 

were in the lowest two model-predicted classes (<16 mm and 16-35 mm), while the model predicted 

only one segment with a D50 less than 35 mm at sites with a high proportion of large boulders and 

bedrock (Figure 5). This gives us confidence that areas where the model-predicted substrate sizes were 

greater than 64 mm are unlikely to provide suitable spawning habitat.

While there are few examples of substrate models applied to large watershed extents, we can 

compare our results to other models used to predict substrate size in smaller watersheds and river 

segments. Wilkins and Snyder (2011) used shear stress equations to successfully predict D50 at 62-70 

per cent of sites across two North American Atlantic coastal streams. Similar to our findings, model 

performance improved at sites with coarser substrates, with stronger agreement between predicted and 

observed values when the D50 exceeded 64 mm. In contrast, their model generally over-predicted D50, 

such that field-measured substrate sizes were finer than predicted values. In our study, field 
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measurements were typically coarser than model predictions. Building on their sites, Snyder et al. 

(2013) applied three different models across four rivers in Maine and reliably predicted D50 at 

approximately 70 per cent of sites. Likewise, model performance improved in coarser-bed reaches (D50 

>16 mm), whereas model failures were more common in fine-grained (<16 mm) depositional reaches 

(Snyder et al., 2013). Similarly, Gorman et al. (2011) accurately predicted median substrate size across 

20 stream reaches in northeastern Ohio, USA using GIS-derived variables to estimate stream power. 

The high success rate of these studies may partly reflect the relatively small spatial extents over which 

the models were applied: all of the study watersheds were less than 700 km2. Furthermore, most studies 

used higher resolution DEMs (1-10 m) to calculate stream slope, a key predictor variable. Fine-

resolution data are often only available at smaller spatial extents, but where they are available, they can 

better capture channel morphology and local hydraulic variability. For example, Hedger et al. (2006) 

used high-resolution imagery (3 cm) to accurately predict substrate size within relatively small study 

sites (90 m x 50 m) in the Sainte-Marguerite, Quebec. Applying this level of spatial resolution across 

larger extents, however, would likely be impractical due to data and processing demands. Nonetheless, 

incorporating higher-resolution data would allow us to fine tune predictions to an area more relevant to 

the resolution of field data collection and of salmon spawning, i.e. 1-100 m rather than 100-1000 m.

The model approach requires several parameters that are difficult to estimate, for example, the 

Shields parameter (τ*) and Manning’s hydraulic roughness coefficient (n). We used values similar to 

other studies but future work could attempt to estimate these parameters with data. For instance, the 

availability of spawning gravel may be heavily influenced by hydraulic roughness (n) (Buffington et 

al., 2004). We used a standard value of n across our watershed, but roughness varies at the reach or 

even site extent. More information is required at this extent to assign a reliable n value (Aldridge & 

Garrett, 1973; Barnes, 1967). To improve model performance we could estimate n at field sites and 

extrapolate across the watershed. In areas where hydraulic roughness may be limiting spawning gravel 

quantity, the addition of large wood could increase flow resistance and aid in textual fining of the bed 

substrate (Buffington et al., 2004).

Another consideration to improve model performance is to investigate factors that may be 

affecting sediment supply and transport. Lakes, barriers, land cover, and both local and catchment 

geology can affect sediment dynamics within a watershed. For example, Wilkins and Snyder (2011) 

found that lakes and the legacy effects of dams altered sediment flow in the Narraguagus watershed in 

Maine, contributing to discrepancies between modelled and field-measured D50 values. Similarly, the 



24

Exploits River watershed contains multiple dams and nearly 1000 lakes, many of which likely function 

as sediment sinks. Dams alter downstream flow regimes and disrupt sediment transport processes 

(Brandt, 2000; Curtis et al., 2010; Graf, 1999; Kondolf et al., 2014; Nilsson et al., 2005). Large 

reservoirs can trap nearly 100 per cent of incoming sediment, substantially reducing downstream 

sediment supply (Kondolf et al., 2014; Williams & Wolman, 1984). Sediment starvation downstream of 

dams often leads to channel incision, bed coarsening, and changes in channel slope (Brandt, 2000; 

Kondolf et al., 2014), resulting in reduced sediment mobility and larger median substrate sizes in 

regulated reaches (Cheng & Granata, 2007; Curtis et al., 2010). To a lesser degree, coarsening may 

occur downstream of lakes (Purchase, 2026), but to a lesser degree. Historical logging practices may 

also continue to influence riverine habitat conditions in the watershed. The Exploits River and its 

tributaries were widely used for log transport, often requiring the construction of dams to control flow 

and store logs (Scruton et al., 1998). Log driving typically involved the removal of natural channel 

obstructions, including boulders, large rocks, trees, or sunken logs, as well as more extensive channel 

modification (Sedell et al., 1991). These activities frequently altered stream morphology through 

channel scouring, channel widening, and gravel displacement (Sedell et al., 1991). Much of the 

associated infrastructure was abandoned and left to deteriorate in place (Scruton et al., 1998). The 

Exploits River may be still recovering from previous alterations in sedimentation and flow and may 

have not yet reached an equilibrium state. The predicted D50 values from our model may better reflect 

conditions expected under a more natural or consistent sediment regime, without major disruptions to 

sediment transport.

Exploring and comparing alternative model approaches may also provide a useful direction for 

future research. Regression-based and summed normal distribution models that incorporate 

environmental variables have been used to estimate bed substrates with varying levels of success 

(Haddadchi et al., 2018; Snelder et al., 2011). For example, Snelder et al. (2011) applied random forest 

models to predict substrate size in rivers across France. Although they found high uncertainty at the 

reach scale, their model was useful for basin-scale assessments of substrate and therefore showed 

promise for watershed management and conservation planning. Consistent with our results and other 

studies (e.g. Snyder et al., 2013; Wilkins & Snyder, 2011), they found greater uncertainty in finer 

substrate classes (Snelder et al., 2011). With sufficient data, these modelling approaches could be 

applied at regional or even national extents; however, their applicability may be limited in areas where 

environmental data are sparse or unavailable (Haddadchi et al., 2018).
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We set out to build models to predict salmon spawning substrate at large watershed extents, 

aligning with the extent at which restoration and conservation planning is increasingly being conducted 

or recommended (Biron et al., 2014; Hermoso et al., 2012; Leroux & Rayfield, 2014; Roni et al., 

2002). Effective conservation and restoration planning requires managing populations at the spatial 

extent over which they occur (Linke et al., 2011). Given upstream processes strongly influence 

downstream habitat conditions, adopting a whole-watershed perspective is particularly important 

(Allan, 2004; Fuller et al., 2015; Wohl, 2019). This is especially relevant for anadromous salmon, 

which can migrate long distances upstream to spawn. Given the cumulative influence of watershed 

processes on downstream habitats, lower river reaches are often more influenced by anthropogenic 

disturbances such as agriculture, forestry, and development (Allan, 2004; Dudgeon et al., 2006; 

Maloney & Weller, 2011). Consequently, salmon may migrate farther upstream to access higher-quality 

spawning habitat, either as a preferential habitat selection strategy or because suitable habitats in lower 

reaches have been degraded (Thorstad et al., 2008). Understanding habitat distribution at the watershed 

extent allows us to target conservation and restoration efforts where they are likely to have the greatest 

impact. It can also help us to identify drivers of habitat loss, for example, by spatially correlating 

habitat and watershed disturbances over time.

Substrate size is an important part of spawning habitat, but it is only one component. We must 

also consider gravel quality and whether it is accessible to anadromous spawning salmon. Small 

amounts of fine sediment (<2 mm) within spawning gravels can significantly reduce egg survival 

(Soulsby et al., 2001), while small, disconnected patches of gravel may provide insufficient habitat for 

female salmon to construct redds and spawn successfully (Overstreet et al., 2016; Riebe et al., 2014). 

Additionally, stream flow, depth, temperature, cover, and connectivity are all important habitat aspects 

of spawning success (Armstrong et al., 2003; Louhi et al., 2008). Our substrate model can be used as an 

input for larger spawning habitat models as well as help inform habitat distribution for other life stages 

where substrate size is important, such as rearing (Gibson, 1993).

Our model is valuable because it operates at the watershed scale and uses readily available data. 

This makes it practical for broad-scale application by managers and conservationists. Furthermore, it is 

applied at the extent to which Atlantic salmon migrate. While we can narrow down potential spawning 

areas by excluding segments with predicted D50 values greater than 64 mm, additional refinement is 

needed to improve predictions in smaller substrate size classes. Despite these limitations, our model 

provides an important step toward watershed-scale identification of potential spawning habitat. By 
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identifying areas that are more likely to provide suitable spawning substrate, it can help guide more 

efficient restoration and conservation planning.
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S1. Study Area and GIS Data

S1.1. Study area

Table S1.1. Characteristics of the Exploits River.

Variable Value
Watershed drainage area (km2) 11250
Mean annual discharge1 (m3/s) 305
Maximum annual discharge1 (m3/s) 668
Mean annual precipitation1 (mm) 1215
Mean channel gradient2 0.0089
Data sources: 1HydroSHEDS (Linke et al., 2019), note that the discharge is calculated for the Exploits 
River mouth; 2GIS calculations (see section S1.2 Step 12), mean includes all river segments in the 
watershed.

S1.2. GIS data processing and analysis

The following steps outline methods to create a river network using QGIS and obtain data for the GIS 
substrate model predictions.

1. We used the STAC API browser plugin in QGIS to connect to the NRCan CCMEO datacube 
and load the medium resolution Canada digital elevation model (MRDEM). We followed 
instructions in the product access guide (Natural Resources Canada, 2024) to download a 30 m 
DEM to cover the extent of the Exploits River watershed. We downloaded an area that covered 
a larger area than the watershed (Figure S1.1A). As the DEM was at a medium resolution (30 
m), we wanted to ensure that river lines in the whole watershed would be included (for creating 
river lines in step 3). Rivers can be incorrectly excluded if the DEM boundaries are too close to 
the drainage divide, especially at coarse resolutions. The DEM will be clipped to the watershed 
later (red outlined polygon in Figure S1.1A).

2. Abrupt elevation changes between adjacent cells may occur in DEMs. To remedy this, we 
smoothed out elevation in the DEM by filling sinks (‘Raster Terrain Analysis – Fill Sinks 
(Wang & Liu)’ tool; output: filled DEM). A minimum slope of 0.001 degrees was used. 

3. To obtain channel lines, we used the SAGA ‘Channel Network and Drainage Basins’ tool using 
the filled DEM with a threshold of 5. We saved the ‘DEM Channels’ output (blue and yellow 
lines in Figure S1.1B). The ‘DEM Channels’ output comprises ‘linestrings’ (segments or 
features) that represent a length of stream between two confluences, i.e. segments ended or 
started at every stream confluence as determined by the DEM. Therefore, segment lengths were 
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variable throughout the watershed. Using this output, we selected the most downstream river 
segment of the Exploits River (i.e. the mouth) and ran the ‘flow trace’ tool upstream. This tool 
selects all connecting segments that flow upstream or downstream (depending on selection). For 
the Exploits watershed, all segments were selected except for streams flowing towards a dam in 
the south of Victoria Lake which is diverting water to the south coast (yellow lines in Figure 
S1B). The resolution of the DEM meant that the vectorized Channels output was coarse, and as 
a result, streams that are not actually draining into the Exploits watershed were connected as if 
they were flowing into the watershed (see yellow lines outside the red boundary in Figure 
S1.1B). Additionally, many streams were digitized incorrectly in that segments representing 
streams often do not follow the actual streams, particularly for smaller streams, and segments 
did not always join at actual stream confluences (e.g. Figure S1.1D). Because of this, some 
manual correction was undertaken on the DEM Channels layer (see step 7). 

4. Using Google Satellite imagery to view rivers and lakes, we modified the Exploits River 
watershed basin extent from BasinATLAS (level 5) to follow streams flowing into the 
watershed and remove areas that were not part of the drainage area (Figure S1.1C). We also did 
this at the sub-basin level using the BasinATLAS level 9 layer (Figure S1.2).

5. Layers from HydroSHEDS and the DEM were then clipped to the Exploits River watershed 
layer using ‘Vector Geoprocessing – Clip Vector by Mask Layer’ for the HydroSHEDS layers 
and ‘Raster Extraction – Clip Raster by Mask Layer’ for the DEM. Our outputs were 
LakeATLASER, RiverATLASER, and DEMER (Figure S1.2) which will be used in later steps. We 
use the average annual maximum discharge, displayed in Figure S1.2, to predict substrate size.

6. All vector layers and the DEMER were projected to a local coordinate reference system (CRS): 
EPSG:26921 - NAD83 / UTM zone 21N.

7. We clipped the DEM Channels output from step 3 to the modified Exploits watershed produced 
in step 4 (output: DEM ChannelsER using ‘Vector Geoprocessing – Clip Vector by Mask 
Layer’). This resulted in 13456 individual segments. The DEM ChannelsER layer was then 
compared with water bodies in Google satellite imagery and major discrepancies (i.e. where 
channels flowed the wrong direction or were not part of the watershed) were modified (example 
in Figure S1.1D). These discrepancies largely occur because the elevation changes between 
stream lines are too small to be captured by the DEM. Channel networks created with finer 
resolution DEMs will result in reduced errors. We did few modifications on very small streams 
(i.e. first and second order), although stream lines tended to be more inaccurate at this size due 
to the coarse resolution. However, first and second order streams account for the majority of 
stream segment counts (73%), thus requiring much more processing time to modify. 
Furthermore, they are unlikely to support spawning salmon and are less important for our 
purpose. At this stage we kept diverted streams in the Victoria River watershed and ended with 
13342 segments in the DEM ChannelsER layer (Figure S1.1E).
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Figure S1.1. Examples of GIS processing for creating river channels. A: DEM of the watershed and 
surrounding area. B: Channels output derived from the DEM in A (blue and yellow lines). Yellow lines 
show all connected stream segments upstream from the Exploits River mouth, i.e. everything that flows 
to the mouth. C: Original BasinATLAS level 5 basin layer is shown by the blue dashed outline, while 
the red outline shows the modified Exploits River basin. D: Example of modifications made to the 
DEM ChannelsER output – the original DEM Channels output (pink line) has the stream incorrectly 
flowing to the right (following the arrow); we modified the segment to follow the channel shown in 
Google satellite imagery (mostly shown by the yellow line inside the black box). E: Modified DEM 
ChannelsER output with 13342 segments (green lines). F: Modified DEM ChannelsER layer displayed by 
Shreve order – larger segments are higher order streams. Streams flowing away from the watershed 
from Victoria Lake dam are not displayed (bottom right corner shown by the arrow) because stream 
order was not calculated as they do not flow to the Exploits River mouth.
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Figure S1.2. Clipped DEM and HydroSHEDS ATLAS layers used as data inputs and processing.  Layer 
descriptions and sources are listed in Table 1 in the main manuscript. Lines in the RiverATLAS layer 
display the average annual maximum discharge, which we use to predict substrate size. We modified 
the BasinATLAS layer to represent drainage reflected by satellite imagery (see step 4).

8. We used the ‘Lines Ranking’ tool on DEM ChannelsER to calculate stream orders. The Exploits 
River mouth was selected on the map as the Start Point Coordinate, thus, streams flowing 
downstream to this point will be included in the output. To check for major discrepancies in 
stream order we visually assessed whether stream order increased downstream by changing the 
symbology of the layer to display Shreve order by size (Figure S1.1F) and looking for obvious 
segments downstream that were larger than upstream. There were few (<10) instances where we 
modified stream order to ensure order was increasing downstream. 

9. Because modifications were made to the length of segments in DEM ChannelsER, and thus 
coordinates for segments may have changed, we used the ‘Vector Geometry – Fix Geometries’ 
tool to update any geometries that had changed.

10. We calculated the length of segments using ‘@length’ in a new column (Length) within the 
DEM ChannelsER layer.
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11. To get elevation data for each segment, we used the ‘Vector Geometry – Drape (Set Z Value 
From Raster)’ tool. The input layer was DEM ChannelsER and the raster layer was DEMER from 
step 5.

12. We use change in elevation to calculate channel slope for each segment in the DEM ChannelsER 
layer. In the field calculator we created a new field (Slope) and used the formula: 
abs(z((start_point(@geometry)))-z((end_point(@geometry))))/Length. The start_point and 
end_point refers to the ends of the line segment; z is the elevation taken from the DEMER in step 
11; Length refers to the Length calculated in step 10; and abs converts the number to an 
absolute value to avoid negative slopes.

13. As the DEM ChannelsER layer does not contain the data we use for substrate predictions (e.g. 
discharge), we join data from RiverATLASER onto the DEM ChannelsER layer. Discharge and 
stream order are both representations of stream size - higher discharges generally correspond to 
higher stream orders. Thus, we assigned data from RiverATLASER to DEM ChannelsER based on 
discharge (Figure S1.3) and order (Figure S1.3B) in the two layers, respectively. However, the 
layers are different resolutions, and segments do not overlap 100% (e.g. Figure S1.3C). 
Therefore, we need to proceed carefully to not assign discharge from RiverATLASER to the 
wrong DEM ChannelsER segment. We do this in steps from largest to smallest discharge and 
then join the steps together at the end.

a. Specifically, we categorize the data into graduated size classes for  mean annual discharge 
(RiverATLASER, Figure S1.3A) and Shreve order (DEM ChannelsER, Figure S1.3B) and 
match the segments in steps from the highest discharge/order to the smallest.

b. Our highest category consists of segments with discharge of 180-306 m3/s and 
corresponding stream order of 2900-6596  (Figure S1.3D and S1.3E, respectively). The 
features of these categories in both layers were selected, and using the tool ‘Vector General 
– Join Attributes by Nearest’ we selected DEM ChannelsER as the first input layer and 
RiverATLASER as input layer 2. For both layers the box ‘Selected features only’ was 
checked to ensure all features in the layer are not used. After running the tool, the resulting 
layer contains geometry and attributes from DEM ChannelsER with attributes from 
RiverATLASER as added columns. 

c. We then selected features from the next category, order = 1100-2900 and discharge = 75-
180 m3/s (Figure S1.3F and S1.3G, respectively), and followed the same steps. 

d. After these two categories, stream order and discharge did not follow segments consistently 
across the whole watershed. Therefore, to assign data from RiverATLASER that more 
accurately reflects the stream, we split segments from both layers into sub-basins or areas 
(basins shown in Figure S1.3J). This means that different basins have different 
order/discharge matches but are likely to reflect RiverATLASER data in their proximity.

e. Matching order with discharge becomes more difficult with smaller stream orders as there 
are far fewer RiverATLASER segments. For instance, the DEM ChannelsER layer contains 
13456 segments, while the RiverATLASER layer contains 1083 segments. This means that, 
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when matched, many segments in the DEM ChannelsER layer will contain the same data 
from Exploits RiverATLASER. To reduce the number of segments with duplicate data, we 
excluded all first order (Shreve) streams in DEM ChannelsER. Furthermore, these first order 
streams are very small, often corresponding to ephemeral streams, and did not have 
corresponding segments in RiverATLASER. The resulting layer contained 6529 segments.

f. An example of a sub-basin analysis using the Badger basin is shown in Figure S1.3H and 
S1.3I (discharge and stream order, respectively).  Both layers in this basin were split into 
eight discharge/order classes and we proceeded by assigning each class separately (see 
Table S1.2). Categories were created iteratively by matching segments in similar proximity 
and/or size. This method was followed for each coloured basin in Figure S1.3J based on 
corresponding categories in Table S1.2.

g. Note on joining layers: The tool used to join layers, ‘Vector General – Join Attributes by 
Nearest’, joins layers based on the nearest proximity in distance. However, if the second 
joining layer has multiple features that are in equal distance from features in the first layer, 
several joins may occur. This results in multiple features with the same geometry but 
different attributes from the second joining layer. In our case, there may be duplicate 
segments that represent the same river stretch in DEM ChannelsER, but they will have 
different data attributes from RiverATLASER. We remedy this problem in later steps (Step 
18). 

Figure S1.3. Examples of processing steps to join RiverATLASER data to DEM ChannelsER.  A: 
RiverATLASER layer displayed by mean discharge with thicker lines representing higher discharges. B: 
Modified DEM ChannelsER layer displayed by Shreve order (see Figure S1.1F for further explanation). 
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C: Example of how river lines from each layer are different, with fewer segments in the RiverATLASER 

layer (Discharge). D: Segments from DEM ChannelsER with Shreve order between 2900 and 6596. E: 
Segments from RiverATLASER where discharge is between 180 and 306 m3/s. Values in D were 
assigned to the nearest stream segments in E. F and G: Segments of RiverATLASER (F) and DEM 
ChannelsER (G) that were matched following steps in D and E. H and I: Segments displayed by order 
and discharge, respectively, in the Badger basin (shown in J). Values in H were assigned to segments in 
I in multiple steps to avoid mis-assigning discharge to segments. J: Basins and areas displayed by 
colour that order/discharge joins were separated by.

14. The resulting layers (130 in total from matches in Table S1.2) from step 13 were merged using 
‘Vector General - Merge Vector Layers’, creating a temporary layer. The layer was saved and 
under select fields to export, we unchecked boxes we did not require as the file exceeded the 
maximum number of attributes that can be saved as a shapefile. Note that the resulting merged 
layer contained 6683 features, indicating that there are duplicate features (there were 6529 
features before discharge was attributed to the layer), which will be corrected in later steps. We 
visually checked that discharges were generally increasing downstream in the merged layer by 
displaying the layer by discharge with higher discharges represented by thicker lines (similar to 
Figure S1.3A). Inconsistencies can occur when joining layers if streams are selected in the 
wrong step for instance (step 13). Where we observed upstream discharges were higher than 
downstream (<10 instances), manual changes were made by increasing or decreasing discharge 
in the upstream or downstream segments, respectively. Generally, this involved switching 
values between upstream and downstream. 

15. We predict substrate size in stream segments, not within lakes. In watersheds with few or no 
lakes, the following steps are not required. We excluded lake segments using the tool ‘Vector 
Overlay – Difference’ with the DEM ChannelsER as the input layer and LakeATLASER polygon 
as the overlay layer. This tool cuts nodes from vectors inside polygons and deletes whole 
vectors if the entire line is inside a polygon, but does not delete the vectors if nodes exist 
outside of polygons. The resulting layer consisted of 5942 segments (Figure S1.4A).

16. The coarseness of the DEM ChannelsER river segments means that there are many places where 
river lines do not cross through lake polygons, but rather run outside, i.e. they do not follow the 
rivers and lakes accurately (Figure S1.4B). Because of this, there were many fractured 
segments, i.e. nodes of vectors did not join or were in places with no rivers. To correct for this, 
we manually deleted vectors and/or nodes that represented lake segments (but that fell outside 
of polygons), and manually corrected stream segments that had major deviations from streams 
represented in Google Satellite imagery (Figure S1.4C), i.e., similar to step 7 in creating river 
networks. As this was conducted manually, errors may still occur. The final layer consists of 
5142 segments.

17. Steps 9 to 12 above were then repeated for the DEM ChannelsER layer to calculate new length 
and slope estimates for stream segments excluding lakes.
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18. Where there were duplicate segments in the DEM ChannelsER layer (explained in step 13g), we 
removed one of the entries, resulting in 5010 segments.

19. Width was calculated for each segment by dividing river area by segment length using attributes 
from RiverATLASER (river area and segment length).

Figure S1.4. Exploits River channels with lakes exluded. A: Output of Exploits Channels with 
segments running through lake polygons excluded. B: Example of situation where river lines (orange 
lines) occur just outside of the boundaries of lake polygons (blue polygons) so vectors and/or nodes are 
not deleted and individual segments become disjointed. C: Fractured orange lines were deleted so that 
river channels (yellow lines) follow continuous paths.

Table S1.2. Matches of Shreve stream order and annual discharge used to assign RiverATLASER 
attributes to the DEM ChannelsER layer.

Number
Shreve order -  DEM 
ChannelsER

Annual discharge (m3/s) 
- RiverATLASER

Basin or area (see Figure S1.3J for 
locations in the watershed).

1 2900-6596 180-305.5
Exploits main stem – Beothuk Dam to 
mouth

2 1100-2900 75-180 Mid Beothuk Lake to Beothuk Dam
3 120-366 6-16 Badger
4 59-120 2.5-6 Badger
5 30-58 1.8-2.5 Badger
6 20-30 0.8-1.8 Badger
7 10-19 0.5-0.8 Badger
8 5-9 0.3-0.5 Badger
9 3-4 0.2-0.3 Badger
10 2 0-0.2 Badger
11 150-1003 55-74 Beothuk Upper
12 49-150 3-5 Beothuk Upper
13 30-48 2.1-3 Beothuk Upper
14 19-29 1.1-2.1 Beothuk Upper
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15 11-18 0.6-1.1 Beothuk Upper
16 6-10 0.35-0.6 Beothuk Upper
17 4-5 0.26-0.35 Beothuk Upper
18 3 0.2-0.26 Beothuk Upper
19 2 0-0.2 Beothuk Upper
20 60-166 3.5-10 Buchans
21 20-59 2.1-3.5 Buchans
22 17-20 1.5-2.1 Buchans
23 12-16 0.8-1.5 Buchans
24 6-11 0.4-0.8 Buchans
25 4-5 0.25-0.4 Buchans
26 3 0.2-0.25 Buchans
27 2 0-0.2 Buchans
28 380-916 15.3-37.8 GRB main stem
29 125-380 5.5-15.3 GRB main stem upper
30 66-125 2.7-5.5 GRB major tribs mouths
31 20-66 0.8-2.7 GRB Lower
32 15-20 0.5-0.8 GRB Lower
33 7-14 0.25-0.5 GRB Lower
34 5-6 0.15-0.25 GRB Lower
35 2-4 0-0.15 GRB Lower
36 29-60 1.6-2.65 GRB Mid
37 13-28 0.6-1.6 GRB Mid
38 6-12 0.23-0.6 GRB Mid
39 3-5 0.2-0.23 GRB Mid
40 2 0-0.2 GRB Mid
41 28-66 1.29-2.7 GRB Upper
42 14-27 0.8-1.29 GRB Upper
43 5-13 0.32-0.8 GRB Upper
44 2-4 0-0.32 GRB Upper
45 139-244 5.3-9.2 Harpoon
46 90-138 3-5.3 Harpoon
47 51-90 1.6-3 Harpoon
48 32-50 1.3-1.6 Harpoon
49 16-31 0.8-1.3 Harpoon
50 11-15 0.4-0.8 Harpoon
51 7-10 0.25-0.4 Harpoon
52 4-6 0.2-0.25 Harpoon
53 2-3 0-0.2 Harpoon
54 260-603 13-38 Lloyds
55 82-260 3.7-13 Lloyds
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56 60-81 2.9-3.7 Lloyds
57 33-59 1.9-2.9 Lloyds
58 17-32 1-1.9 Lloyds
59 11-17 0.61-1 Lloyds
60 8-10 0.45-0.61 Lloyds
61 6-7 0.4-0.45 Lloyds
62 4-5 0.3-0.4 Lloyds
63 2-3 0-0.3 Lloyds
64 45-122 2-4.915 Lower Exploits
65 25-45 1.1-2 Lower Exploits
66 18-24 0.7-1.1 Lower Exploits
67 14-17 0.49-0.7 Lower Exploits
68 9-13 0.36-0.4915 Lower Exploits
69 5-8 0.28-0.36 Lower Exploits
70 3-4 0.24-0.28 Lower Exploits
71 2 0-0.24 Lower Exploits
72 100-339 6.5-17.5 Mary March
73 60-100 2.7-6.5 Mary March
74 30-60 1.6-2.7 Mary March
75 25-30 1.2-1.6 Mary March
76 20-25 0.8-1.2 Mary March
77 11-20 0.5-0.8 Mary March
78 8-10 0.35-0.5 Mary March
79 4-7 0.25-0.35 Mary March
80 3 0.16-0.25 Mary March
81 2 0-0.16 Mary March
82 80-100 2-2.8 Mid Exploits
83 40-80 1.2-2 Mid Exploits
84 30-39 0.8-1.2 Mid Exploits
85 19-30 0.6-0.8 Mid Exploits
86 11-18 0.35-0.6 Mid Exploits
87 7-10 0.3-0.35 Mid Exploits
88 4-6 0.2-0.3 Mid Exploits
89 2-3 0-0.2 Mid Exploits
90 152-717 10-29 Noel Paul
91 71-151 3.5-10 Noel Paul
92 49-70 2-3.5 Noel Paul
93 36-48 1.5-2 Noel Paul
94 20-35 0.95-1.5 Noel Paul
95 13-19 0.7-0.95 Noel Paul
96 11-12 0.48-0.7 Noel Paul
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97 6-10 0.43-0.48 Noel Paul
98 4-5 0.3-0.43 Noel Paul
99 2-3 0-0.3 Noel Paul
100 100-445 5-13.752 Sandy
101 65-100 2.3-5 Sandy
102 38-65 1.6-2.3 Sandy
103 21-37 0.8-1.6 Sandy
104 15-20 0.5-0.8 Sandy
105 10-14 0.34-0.5 Sandy
106 7-9 0.3-0.34 Sandy
107 4-6 0.25-0.3 Sandy
108 3 0.2-0.25 Sandy
109 2 0-0.2 Sandy
110 116-202 7.8-12.88 Star & Shanawdithit
111 51-110 3.1-7.8 Star & Shanawdithit
112 31-50 2.3-3.1 Star & Shanawdithit
113 25-30 1.9-2.3 Star & Shanawdithit
114 16-24 1.1-1.9 Star & Shanawdithit
115 10-15 0.7-1.1 Star & Shanawdithit
116 5-9 0.4-0.7 Star & Shanawdithit
117 3-4 0.25-0.4 Star & Shanawdithit
118 2 0-0.25 Star & Shanawdithit
119 403-1074 36-66 Victoria
120 100-402 7.5-36 Victoria
121 50-100 3.5-7.5 Victoria
122 36-50 2.39-3.5 Victoria
123 25-35 1.5-2.39 Victoria
124 21-24 1.2-1.5 Victoria
125 18-20 1.1-1.2 Victoria
126 13-17 0.54-1.1 Victoria
127 8-12 0.45-0.54 Victoria
128 5-7 0.4-0.45 Victoria
129 3-4 0.3-0.4 Victoria
130 2 0-0.3 Victoria
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S2. Field Data Collection and Model Validation

S2.1. Random site selection

We sampled 51 DEM ChannelsER river segments across the Exploits River watershed (Figure S2.1A). 
To select random sites for field sampling, we first divided each segment into three equal sections. In 
each section, two random points were created to guide substrate sampling sites using the QGIS tool 
‘Vector Creation – Random Points Along Line’ (Figure S2.1B). Two points were created in case one 
was unsuitable or inaccessible for sampling. For sampling, we avoided ponds, water too deep to wade, 
waterfalls, directly under bridges or other crossings, and other human infrastructure such as dams and 
culverts. If both random points were in these areas, we sampled the closest suitable habitat to an access 
point (example in Figure S2.1C). All but nine of the 149 sites were within 1km of an access road or 
trail to allow timely access in this remote area. The remaining nine were within 1.8km of an access 
point.
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Figure S2.1. Overview of field segment locations and site selection. A: Segment locations in the 
Exploits River watershed. Black rectangle refers to extent in B. B: Example of a field segment split into 
three equal sections (Split segment 1-3). Random points to guide sampling are shown by orange 
triangles and green circles. White stars are the upstream points of actual sampling locations. White 
rectangle refers to extent in C. C: The sampled site centreline shows extent of sampled site where 
pebble counts were performed with the white star at the upstream point. The green circle and orange 
triangle are the two random points in this section. Basemap in B and C: Google Satellite imagery. 
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Figure S2.2. Measuring bed substrate at a field site.  A: The 50m extent of a field site from upstream 
(white star) to downstream (white arrow). B: Undertaking a Wolman pebble count. C: Gravelometer 
showing different compartments for various sized substrates. Photos by C. Purchase (A and B) and A. 
Hart (C).
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Table S2.1. Substrate size categories and descriptions of gravelometer size or size ranges of substrate.

Size categories
Gravelometer size or size 

ranges (mm)
‍Value on figures

Silt/clay (smooth feel) Very small <2‍

Sand (small grainy feel) < 2 ‍<2

Gravel (Pea to tennis ball 
diameter)

2 - 2.8 ‍2.8

2.8 - 4 ‍4

4 - 5.6 ‍5.6

5.6 - 8 ‍8

8 - 11 ‍11

11 - 16 ‍16

16 - 22.6 ‍22.6

22.6 - 32 ‍32

32 - 45 ‍45

45 - 64 ‍64

Cobble (Tennis ball to 
basketball diameter)

64 - 90 ‍90

90 - 128 ‍128

128 - 180 ‍180

180 - 250 ‍250

Boulder (basketball to car 
diameter)

250 - 300 ‍300

300 - 512 ‍512

512 - 1024 ‍1024

1024 - 2048 ‍2048

> 2048 ‍>2048

Bedrock
Large unbroken rock 

surface
‍Bedrock

Woody debris Sticks and wood ‍NA

Note: Other field measurements of substrate usually do not include the size range of 250-300, and the 
range of 180-250 normally ends at 256, not 250. We switched to 250 and included the size range of 
250-300 as we also used the long side of the gravelometer (ruler up to 300 mm) to measure substrate 
and these measures ensured quick measurements in the field.
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Table S2.2. Relationship between gravelometer size bins and model prediction classes.  Model 
predictions are continuous values that fall within defined prediction bins, while measured substrate 
sizes are discrete and correspond to specific bin values. The prediction bins are aligned with suitability 
for spawning.
Gravelometer bin substrate size 
(mm)

Model prediction class (mm) Suitability for spawning

<2

<16 ‍No

2.8

4

5.6

8

11

16

22.6
16 - 35 ‍Yes

‍32

‍45
35 - 64 ‍Possible

‍64

‍90

> 64 ‍No

‍128

‍180

‍256

‍300

‍512

‍1024

‍2048

‍> 2048

Bedrock

Note: Except for <2, >2048, and Bedrock, gravelometer sizes are the size that substrate is finer than. 
For example in the 16 mm bin, substrate is between 11 mm and 16 mm. 
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S2.2. Confusion matrix

Table S2.3. Description of multi class confusion matrix metrics and bounds used for validation 
analysis.

Metric Description ‍Bounds and interpretation

‍Accuracy The ratio of the number of correct 
predictions (positive or negative) to 
the total number of predictions.

‍0-1, 1 being all predictions are correct, 
0 being no predictions are correct.

‍Sensitivity (or true 
positive rate or recall)

Proportion of positive correct 
predictions.

‍0-1, 1 being all predictions = actual 
measurements.

‍Specificity (true 
negative rate)

Proportion of negative correct 
predictions.

‍0-1, 1 being all predictions ≠ actual 
measurements.

‍Precision (or Positive 
Prediction Value)

Measures how many positive 
predictions are actually correct.

‍0-1, 1 being all predictions for a class 
are actually that class.

‍Negative Prediction 
Value

Measures how many negative 
predictions are actually correct.

‍0-1, 1 being all negative predictions for 
that class are correct.

‍F1 Weighted mean of precision and 
sensitivity.

‍0-1, 1 being there are no incorrect 
predictions.

‍Balanced accuracy The average of the sensitivity for each 
class in a multi class confusion 
matrix.

‍0-1, 1 being all predictions in all classes 
= actual predictions.

‍Kappa (Cohen’s 
Kappa)

Indicates how well the predictions are 
compared to random guessing. Takes 
into account imbalanced datasets. 
More reliable that accuracy for 
assessing model performance.

‍-1-1; <0 = worse than random, 0 =  no 
better than random, < 0 better than 
random with 1 being the best.

‍P-value Significance value of McNemar’s test 
to test for differences between classes.

‍<0.05 = significantly different.

‍Prevalence The proportion of samples that belong 
to each measured (actual) class. 
Computed individually for each class.

‍0-1, 1 being 100% of samples 
belonging to class, 0 being no samples 
in that class.

‍Detection rate The proportion of the whole dataset 
that were correctly identified as each 
class. It combines the prevalence and 
sensitivity of each class.

‍0-1, 1 being 100% of the dataset were 
correctly identified as class; unlikely.

‍Detection prevalence The proportion of samples that were 
predicted as each class.

‍0-1, 1 being 100% of the dataset were 
predicted as that class; unlikely.
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S3. Results

S3.1. Confusion matrix results

Table S3.1. Confusion matrix results for predictions in each measured substrate size class.

Metric
Substrate class (mm)

<16 16-35 35-64 >64

‍Sensitivity (true positive rate) 0.600 0.500 0.476 0.465
‍Specificity (true negative rate) 0.938 0.805 0.710 0.810
‍Positive Prediction Value (precision) 0.250 0.235 0.392 0.769
‍Negative Prediction Value 0.985 0.930 0.776 0.536
F1 0.353 0.320 0.430 0.579
‍Prevalence 0.034 0.107 0.282 0.577
‍Detection Rate 0.020 0.054 0.134 0.269
‍Detection Prevalence 0.081 0.228 0.342 0.349
‍Balanced Accuracy 0.769 0.652 0.593 0.637
Note: Results derived from the ‘caret’ package in R. See Table S2.1 for descriptions of metrics.
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S3.2. Differences between substrate classes

Figure S3.1. Boxplots of model-predicted substrate size (D50) grouped by field-measured class.  Points 
are coloured by model-predicted substrate class. Box plot explanation: Boxes show the median (centre 
line); and the interquartile range (IQR) of predicted D50 values. IQR: bottom line is the 25th percentile 
(Q1), and the top line the 75th percentile (Q3). The whiskers, or lines, range from the ‘minimum’ to the 
‘maximum’ (Q1–1.5 × IQR or Q3 + 1.5 × IQR). Significant differences between groups are shown: * = 
p.adj < 0.05, *** = p.adj < 0.001. 
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Table S3.2. Results of Dunn’s test of multiple comparisons between predicted D50s grouped by the D50 
class of field measurements.

Group 1 Group 2 n1 n2 Test statistic Adjusted p value ‍p significant

‍<16 16-35 5 16 1.79 0.443 ‍ns
‍<16 35-64 5 42 2.76 0.0343 ‍*
‍<16 >64 5 86 3.84 0.0007 ‍***
‍16-35 35-64 16 42 1.33 1 ‍ns
‍16-35 >64 16 86 3.13 0.0104 ‍*

‍35-64 >64 42 86 2.45 0.0859 ‍ns

Note: Significant differences between groups are as follows: ns= not significant, * = p.adj < 0.05, ** = 
p.adj < 0.01, *** = p.adj < 0.001. p.adj = Adjusted p value for differences between groups.
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