Predicting Potential Beaver Dam Sites on
Lake Superior's North Shore
Submitted by:
Sean Johnson-Bice, Jessica Gorzo, Katya Kovalenko, Terry Brown, and George Host
Date: April 2020 (rev June 2020)
Report Number: NRRI/TR-2020/14

NRRI Technical Report – April 2020

Project Number: 18-306-16
NOAA Award Number: NA18NOS419

Duluth Laboratories & Administration
5013 Miller Trunk Highway
Duluth, Minnesota 55811
Coleraine Laboratories
One Gayley Avenue
P.O. Box 188
Coleraine, Minnesota 55722

Visit our website for access to NRRI publications (http://www.nrri.umn.edu/publications).

Cover Image Caption
Beaver dam and pond on Lake Superior's North Shore (photo credit: S. Johnson-Bice).

Recommended Citation
Johnson-Bice, S., Gorzo, J., Kovalenko, K., Brown, T., and Host, G. 2020. Predicting potential beaver dam
sites on Lake Superior's North Shore. Natural Resources Research Institute, University of Minnesota
Duluth, Technical Report NRRI/TR-2020/14, 31 p.
Natural Resources Research Institute
University of Minnesota, Duluth
5013 Miller Trunk Highway
Duluth, MN 55811-1442
Telephone: 218.788.2694
e-mail: nrri-reports@umn.edu
Web site: http://www.nrri.umn.edu
This report was prepared by the Natural Resources Research Institute of the University of Minnesota
Duluth using Federal funds under award NA18NOS41 from the Coastal Zone Management Act of
1972, as amended, administered by the Office for Coastal Management, National Oceanic and
Atmospheric Administration (NOAA), U.S. Department of Commerce provided to the Minnesota
Department of Natural Resources (DNR) for Minnesota’s Lake Superior Coastal Program. The
statements, findings, conclusions, and recommendations are those of the author(s) and do not
necessarily reflect the views of NOAA’s Office of Coastal Management, the U.S. Department of
Commerce, or the Minnesota DNR.

©2020 by the Regents of the University of Minnesota
All rights reserved.
The University of Minnesota is committed to the policy that all persons shall have equal access to its
programs, facilities, and employment without regard to race, color, creed, religion, national origin, sex,
age, marital status, disability, public assistance status, veteran status, or sexual orientation.

NRRI/TR-2020/14 – Johnson-Bice et al.

i
TABLE OF CONTENTS

LIST OF TABLES .............................................................................................................................................. ii
LIST OF FIGURES ........................................................................................................................................... iii
INTRODUCTION ............................................................................................................................................. 1
WORK COMPLETED ....................................................................................................................................... 1
METHODS ...................................................................................................................................................... 2
Study Area ................................................................................................................................................. 2
Identifying beaver dams and beaver wetlands ......................................................................................... 3
Field validation of remotely identified beaver features ....................................................................... 3
Water stored in beaver ponds through time ........................................................................................ 3
Quantifying the proportion of historical ponds that have been recently occupied ............................. 3
Estimating surface water storage within beaver wetlands .................................................................. 3
Predictive beaver dam model development............................................................................................. 4
Stream network development .............................................................................................................. 4
Predictor variables ................................................................................................................................ 7
Predictive Model Analysis ......................................................................................................................... 9
Variable Range Model ........................................................................................................................... 9
Conditional Inference Tree ................................................................................................................. 11
Random Forest Model ........................................................................................................................ 12
RESULTS ...................................................................................................................................................... 12
Temporal trends in surface water stored in beaver wetlands................................................................ 12
Frequency that historical ponds have been recently occupied/maintained by beavers.................... 12
Trends in the number of ponds, average size of water patches, and total water storage ................. 14
Current estimates for water storage in beaver ponds........................................................................ 15
Models for predicting current and future beaver dam locations ........................................................... 16
Digitized beaver dams ......................................................................................................................... 16
Stream network .................................................................................................................................. 16
Variable range model .......................................................................................................................... 16
Conditional Inference Tree Model Results ......................................................................................... 20
Conditional Inference Forest Results .................................................................................................. 22
Random Forest Model Results ............................................................................................................ 23
Comparison of Model Results ................................................................................................................. 24
Mapping Potential Beaver Dam Sites ..................................................................................................... 25
Management Application of the Model ................................................................................................. 26
PARTNERSHIPS ............................................................................................................................................ 27
LEVERAGED DOLLARS.................................................................................................................................. 27
CONCLUSIONS ............................................................................................................................................. 27
FUTURE PLANS ............................................................................................................................................ 28
MEDIA ......................................................................................................................................................... 29
LITERATURE CITED ...................................................................................................................................... 30

NRRI/TR-2020/14 – Johnson-Bice et al.

ii
LIST OF TABLES

Table 1. The number and proportion of ponds that were recently occupied (i.e., actively impounding
water) at least once, as evident from aerial imagery products obtained during 2009–2017.
Approximately half of all ponds visible from imagery in 1948 and 1961 were recently occupied,
demonstrating the lasting impact and persistence beaver wetlands can have on forest ecosystems.
.............................................................................................................................................................. 13
Table 2. Results from the training and testing data sets for the Variable Range model. The results are
clearly consistent between both data sets. Stream segments that were categorized as 'High'
likelihood of beaver dam establishment contained the greatest number of segments with dams
present, as well as the greatest occupancy ratio relative to the other categories. In the testing data,
only three segments contained dams where the model predicted no dams could be established.
Overall, the results suggest that the model adequately assesses the relative probability that a
stream segment may have a beaver dam established. ........................................................................ 17
Table 3. Proportion of stream segments from each watershed that were assigned to each predictive
category. ............................................................................................................................................... 18
Table 4. Confusion matrix of conditional inference tree (ctree) predicted vs. actual values. The bottom
rightmost cell is the number of correctly predicted dams, while the upper leftmost integer is the
number of watershed segments correctly identified as not hosting dams. The bottom leftmost
numeric value is the number of segments where dams are predicted but not currently present.
These are the locations that, according to the model, are most suitable for future dams. ................ 22
Table 5. Comparison of # reaches by method and prediction. ................................................................... 24
Table 6. Cross-tab of agreement between Random Forest and Conditional Random Forest models. ...... 25

NRRI/TR-2020/14 – Johnson-Bice et al.

iii
LIST OF FIGURES

Figure 1. Study area for each of the different project aspects. The watersheds filled in gray were
used for the water storage analysis (note that only a portion of the Split Rock watershed was
used for the water storage analysis). Watersheds outlined in red were used for the
development and validation of the model for predicting beaver dam sites. The beaver dam
predictive model was extended to the three watersheds outlined in blue. .......................................... 2
Figure 2. Example of how we digitized open water sections for each beaver wetland (pink outline).
Panel ‘a’ depicts the pond while it was only partially filled with water, while panel ‘b’ depicts
the same pond where it is clearly full and being actively maintained. Note that emergent
wetland portions outside of the pink outline were not included in water storage estimates,
even though water is frequently stored in these wetland classes (e.g., wet meadows). ...................... 4
Figure 3. After digitizing all dams within each of our focal watersheds, it was evident that many
dams (yellow lines) were outside of the Minnesota DNR streams and rivers hydrography layer
(blue). Therefore, we developed a custom stream network at a lower catchment threshold
(pink lines) in order to create a 'stream' network that could reach outside-channel beaver
dams. ...................................................................................................................................................... 6
Figure 4. Results from our simulations for determining the appropriate contributing area
threshold. We selected a threshold of 200,000 m2 as our network threshold (black dashed
line). The purple ribbon represents the 95% confidence interval based on 1,000 iterations. .............. 6
Figure 5. Diagram of the eight parameters extracted from the cross-sectional analysis of each
stream segment. ..................................................................................................................................... 8
Figure 6. Density plots for each of the three predictor variables (slope [a], contributing area [b],
stream power [c]) used in the variable range model from the training data set. Note that all
predictor variables were log-transformed. .......................................................................................... 10
Figure 7. Occupancy ratios for the ten bins of equal length for each predictor variable. We
calculated the occupancy ratio as the proportion of total segments within each bin that had a
beaver dam present. Bins are color-coded by the ranked score assigned to each one. Note
that all predictor variables were log-transformed. .............................................................................. 11
Figure 8. Kernel density visualization of the persistence and cyclical nature of beaver ponds in the
Cascade River watershed. This panel figure depicts the volume of water stored within beaver
ponds through time, for only the ponds that were present in 1961 imagery (i.e., panels from
later years [labeled in the bottom left corner of each panel] do not include water storage
estimates from ponds created after 1961). The image demonstrates that certain ponds within
the watershed (e.g., ponds in the SE corner) are remarkably stable through time, while other
ponds are shown to go through cycles of water storage, or are no longer storing water in
recent imagery years. In total, 216 ponds within the Cascade watershed visible from the 1961
imagery were recently occupied or maintained by beavers. Each panel was created using a 1
km search radius and the same color classification range. .................................................................. 13
Figure 9. Temporal trends in the number of open water patches associated with beaver ponds and
the amount of water stored within the patches across all watersheds. The top panel (a)
depicts an increasing trend in the number of open water patches per km2. Panel b exhibits a
steadily decreasing trend in the average volume of water (log[m3]) per open water patch.

NRRI/TR-2020/14 – Johnson-Bice et al.

iv

Surprisingly, our results suggest that the total amount of water stored in beaver ponds per
km2 has remained relatively constant since 1961 (panel c). ................................................................ 15
Figure 10. Boxplots of beaver dam densities within occupied segments (i.e., segments that
contained at least 1 dam) for each prediction category. Results indicate that the average dam
densities and distributions are nearly identical across all categories. Segments with dam
densities > 30 dams/km are not shown here. ...................................................................................... 18
Figure 11. Prediction categories for each segment in the Cascade River watershed. The main river
channel shows no potential for beaver dam building. Generally, the segments along first and
second order streams were more likely to be categorized as 'High' or 'Medium' potential for
beaver dam establishment, while the main branch of the river had all of the 'No potential'
category segments. .............................................................................................................................. 19
Figure 12. Estimated conditional class probabilities (slightly jittered) for the training data (i.e., the
classified watersheds) depending on the first split variable, slope. The vertical line denotes the
first split point. At slopes > 0.01989878 the likelihood of a dam being present decreases. ............... 20
Figure 13. Conditional inference tree based on the variables most strongly associated with dam
presence. Color-coding represents the proportion of dams present/absent according to each
decision represented in the tree. ......................................................................................................... 21
Figure 14. Convergence of the RF model. ................................................................................................... 23
Figure 15. Mean decrease in accuracy in the RF predictor ensemble. ....................................................... 24
Figure 16. Screen capture from the interactive map showing stream segments with High, Medium
and Low potential for beaver dam creation......................................................................................... 26

NRRI/TR-2019/14 – Johnson-Bice et al.

1

INTRODUCTION
Beavers (Castor canadensis) play a substantial role in coastal Lake Superior ecosystems, as the creation
of beaver dams and ponds results in riparian habitat that can be vastly different from habitats before
beaver activity (Naiman et al. 1988, Rosell et al. 2005). Beaver dams can influence water temperatures,
flow regimes, channel morphology, and sediment dynamics (Gurnell 1998, Pollock et al. 2003,
Westbrook et al. 2006, Burchsted et al. 2010, Bouwes et al. 2016). Understanding where beavers are
likely to build dams and ponds has many practical implications for resource managers and citizens.
Current climate models have predicted an increase in the prevalence of extreme precipitation events
that may cause an increase in erosion and flooding events in the North Shore (Herb et al. 2016). Beaver
dams have been shown to mitigate the downstream effects of high-precipitation events by reducing
stream energy and increasing water retention time (Law et al. 2016, Puttock et al. 2017, Karran et al.
2017); their presence in the North Shore may be an important natural mechanism for minimizing
impacts from natural hazards. But they also may have an adverse effect on fisheries, particularly
steelhead (Oncorhynchus mykiss) and brook trout (Salvelinus fontinalis) (Johnson-Bice et al. 2018),
leading to controversy within coastal communities and complex management decisions.
The goal of this study was to create a model that predicts potential beaver dam locations based on
existing habitat characteristics, stream gradient, and stream power and flow estimates. Building from an
existing data set that includes spatial information of beaver-created wetlands within five North Shore
watersheds, we also conducted a rapid assessment of water and sediment storage contained within
beaver ponds across the North Shore. The key deliverables of this project are:
●
●
●
●

An interactive online map showing historic and potential beaver dam locations
Estimates of water and sediment storage in North Shore beaver wetlands
A downloadable spatial database of existing and predicted beaver dam locations, with FGDCcompliant metadata
This report describing methods, results, and interpretations

These products will be important for resource managers that make land-use decisions based on current
and future hydrologic and sediment pathways in Lake Superior tributaries.
WORK COMPLETED
To complete this project, we did the following:
●
●
●
●
●
●
●
●
●

Digitized beaver pond locations across a series of historical air photos within selected wetlands
Conducted a field validation of identified beaver features
Estimated water storage in each of five watersheds
Quantified the proportion of historical ponds that were recently occupied
Used high-resolution Digital Elevation Model (DEM) to develop a stream network
Assembled a suite of geophysical and land-use-based variables to predict potential beaver dam
locations
Employed several modeling approaches to predict locations, evaluate model results
Delivered results through an interactive online map housed at www.nrri.umn.edu/CoastalGIS
Delivered project geodatabase on NRRI’s Data Portal site http://data.nrri.umn.edu

The project reached almost all of its original goals. One objective we decided not to pursue was the
attempt to estimate sediment storage within watersheds. We discussed this idea with UMD hydrologist
Karen Gran, who informed us that this was not reasonable without significant extra field effort and was
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likely beyond the scope of the project. Given Gran’s advice, we instead directed our efforts to
quantifying water storage through time, which proved to have interesting results as noted below.
METHODS
Study Area
We selected five primary sub-watersheds from the North Shore (Cascade, Kadunce, Knife, Manitou, Split
Rock; Fig. 1) that were the focus of a previous related project (funded by the Minnesota Environment
and Natural Resources Fund, as recommended by the Legislative Citizen Commission for Minnesota
Resources) evaluating the current and historical presence of beavers in the North Shore. These
watersheds were initially selected based on their relevance to past and current beaver management
policies, their importance to North Shore trout populations, and because they are generally
representative of the variability in topography and hydrology found across the North Shore. We
exclusively used these five watersheds for the water storage estimate portion of the project and to
develop an appropriate stream network threshold for the predictive beaver dam model.
In addition to these five primary watersheds, we selected two other watersheds (Baptism and Poplar)
for the development of the beaver dam predictive model due to their general importance in North
Shore management objectives (Fig. 1). All of these watersheds were used to build the predictive model.
Finally, three additional watersheds (Brule, Lester, Sucker) were selected to predict beaver dam
locations (Fig. 1).

Figure 1. Study area for each of the different project aspects. The watersheds filled in gray were used for the water
storage analysis (note that only a portion of the Split Rock watershed was used for the water storage analysis).
Watersheds outlined in red were used for the development and validation of the model for predicting beaver dam
sites. The beaver dam predictive model was extended to the three watersheds outlined in blue.
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Identifying beaver dams and beaver wetlands
We first digitized every unique dam visible in aerial imagery from 1991 through 2017 for each of our
focal watersheds. We used the dam data to parameterize and test the predictive dam model, as detailed
in following sections.
Field validation of remotely identified beaver features
During 2017 and 2018, we visited 89 sites on foot that were previously identified from aerial imagery as
beaver dams/ponds to assess our ability to distinguish beaver-created features from other natural or
anthropogenic features. We correctly identified 88/89 features, indicating an excellent ability to
correctly identify beaver dams/ponds from aerial imagery alone (the one incorrect identification was a
man-made retention pond).
Water stored in beaver ponds through time
For each of the five watersheds, we estimated past water storage using georectified historical aerial
imagery from 1948, 1961, and 1980/82. We also used aerial imagery from 1934 for Cascade and
Kadunce River watersheds, and 1939 imagery for the Knife River watershed, to provide historical context
of beaver activity prior to the recovery of their population. We used 1-m aerial imagery obtained by the
U.S. Geological Survey (USGS) and National Agriculture Imagery Program (NAIP) to obtain water storage
estimates for 1991, 2003, 2008, 2013, and 2017, for a total of eight water storage estimates for each of
our five primary sub-watersheds.
Quantifying the proportion of historical ponds that have been recently occupied
We evaluated the proportion of historical beaver ponds identified from aerial imagery in 1948 and 1961
that were recently functional. We used aerial imagery from 2009 to 2017 to see whether or not each
unique open water feature from 1948 and 1961 was occupied. We determined whether or not a pond
was occupied by whether the dam was actively impounding water, therefore resulting in a filled pond
(an example of a filled pond can be found in Fig. 2b). Using a temporal series of aerial imagery products,
we were able to distinguish whether or not a pond has been occupied and maintained by detecting
changes in impoundment area.
Estimating surface water storage within beaver wetlands
We used the following regression equation developed by Karran et al. (2017) to estimate the volume of
water stored within each pond:
𝑉𝑉𝑚𝑚𝑚𝑚𝑚𝑚 = 0.0955 × 𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚 1.1562

(Eq. 1)

where 𝑉𝑉𝑚𝑚𝑚𝑚𝑚𝑚 is the estimated volume of surface water stored in the pond and 𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚 is the surface area of
the pond. However, this method was developed using drained beaver wetlands, which left ambiguity
over what wetland characteristics should be considered the pond’s 'surface area.' Beaver ponds are
ephemeral, transitioning through different stages of succession in response to periods of occupation and
abandonment by beavers. Oftentimes beaver ponds are not impounding the maximum volume of water
possible, but rather are only partially filled (Fig. 2a). In order to capture this variability in pond water
volume, we defined impoundment surface area as only ‘open water’ (i.e., unconsolidated bottom) and
‘deep marsh’ wetland classes, excluding all emergent vegetation wetland classes (Eggers and Reed
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2015). In other words, we only digitized portions of the beaver ponds where water could be visually
detected in aerial imagery (Fig. 2). Although we believe this approach was the most consistent way to
capture temporal changes in water volume, it certainly underestimated the total amount of surface
water stored within beaver ponds, as water is often stored in emergent wetland classes. Thus, our
estimated water volume values should be considered minimum estimates, while the temporal trends in
water storage should be representative of actual trends because all ponds were digitized using the same
approach by a single observer (S. Johnson-Bice). Additionally, it is important to note that we digitized all
open water patches associated with beaver dams, regardless of whether the dams were occupied and
being actively maintained or not. Legacy dams can still store surface water, so we elected to account for
water stored in these remnant dams when estimating the total influence of beaver activity on water
storage.

Figure 2. Example of how we digitized open water sections for each beaver wetland (pink outline). Panel ‘a’ depicts
the pond while it was only partially filled with water, while panel ‘b’ depicts the same pond where it is clearly full
and being actively maintained. Note that emergent wetland portions outside of the pink outline were not included
in water storage estimates, even though water is frequently stored in these wetland classes (e.g., wet meadows).

Predictive beaver dam model development
Stream network development
We first developed an appropriate stream network to use for our models that would predict current and
future beaver dam locations. Similar models that were developed in the western USA used hydrography
layers (stream/river features) developed by state or federal agencies as their model input (Macfarlane et
al. 2017, Dittbrenner et al. 2018). However, an exploratory analysis revealed that only ≈55% of beaver
dams within our focal watersheds intersected the MNDNR Hydrography data set (i.e., 45% of dams
occur outside of river channels). Predicting where beavers build dams across the entire landscape
required a finer stream network that could intersect the majority of the off-channel dams (Fig. 3).
We used dam locations from our primary focal watersheds (Cascade, Kadunce, Knife, Manitou, Split
Rock) to develop the stream network. We used the 1 m lidar-derived digital elevation model (DEM)
layers developed for the MNDNR Next Generation Hydrography project as our DEM input. From these
DEM layers, we used the ‘Pit Remove’ tool from the TauDEM toolbox to fill in all sinks/pits in the DEM
layers as it tends to produce better DEM products than the standard ArcGIS tool. Next, we used ArcGIS

NRRI/TR-2019/14 – Johnson-Bice et al.
10.6.1 spatial analyst tools to create flow accumulation rasters for each watershed following standard
protocols.
For each primary focal watershed, we created a series of stream network layers by varying the
contributing area threshold. Using the ‘Raster Calculator’ tool in ArcGIS, we extracted all cells from the
flow accumulation rasters above a given threshold that corresponded to the minimum contributing
area. We created stream layers from contributing areas of 1000 m2; 25,000 m2; 50,000 m2; then every
50,000 m2 until 1,000,000 m2 (1 km2), for a total of 22 different stream network layers.
We then calculated the proportion of dams that fell within 10 m of each stream layer for each focal
watershed (the 10 m buffer accounts for dams built within stream channels but that may not physically
intersect the stream layers due to inaccuracies with the flow accumulation rasters). As the minimum
contributing area decreases, the proportion of dams that intersect the stream layers increases.
However, there is a tradeoff where stream layers that are too fine scale (i.e., very small contributing
area threshold) are less useful for predicting locations because they effectively cover too much of the
landscape. We therefore performed simulations to identify a stream layer threshold that adequately
balanced the minimum contributing area with the ability to intersect a high proportion of beaver dams.
We used the proportions of dams from each focal watershed within 10 m of each stream layer as our
data input, then performed 1,000 bootstrapped sample-with-replacement iterations to estimate a
median proportion of dams that would likely be within 10 m at each contributing area threshold. We
used the lowest 5% and highest 95% iterations to define our upper and lower confidence intervals.
Based on our simulations, we elected to set our stream layer contributing area threshold at 0.2 km2,
which was estimated to be at a scale fine enough that approximately 86.5% (95% CI: 82.2–89.5%) of all
dams within each sub-watershed should fall within 10 m of these stream layers (Fig. 4). We evaluated
this estimate using digitized dams from our other two focal watersheds; 88.7% (1,116/1,258) of dams
were within 10 m of the 0.2 km2 stream layer threshold in Baptism, while 85.2% (505/593) were within
10 m in Poplar. These results were within the expected range from our simulations, suggesting that our
estimates were likely transferrable throughout the North Shore. We therefore extracted stream layers
at this threshold (0.2 km2) for all of the sub-watersheds to use as our primary spatial input for the
predictive model.

5
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Figure 3. After digitizing all dams within each of our focal watersheds, it was evident that many dams (yellow lines)
were outside of the Minnesota DNR streams and rivers hydrography layer (blue). Therefore, we developed a custom
stream network at a lower catchment threshold (pink lines) in order to create a 'stream' network that could reach
outside-channel beaver dams.

Figure 4. Results from our simulations for determining the appropriate contributing area threshold. We selected a
threshold of 200,000 m2 as our network threshold (black dashed line). The purple ribbon represents the 95%
confidence interval based on 1,000 iterations.
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Next, we erased stream portions that intersected large permanent water bodies, as beavers are unable
to build dams there (i.e., there is no way for a beaver to build a dam in the middle of a lake). We
extracted all water body features greater than 0.3 km2 from the MNDNR Hydrography data set, applied
a 15 m buffer around the features, then used this layer to erase all stream sections that intersected the
permanent water bodies. Some stream sections were also found to be located along roads, trails, and
other developed areas. We therefore also erased all stream sections that overlapped impervious surface
features (extracted from the University of Minnesota Land Cover Classification 2013 update data; Rampi
et al. 2016). Finally, we used the ‘Divide Line by Length’ add-in tool in ArcGIS to divide our stream layers
into 250 m sections. Partial segments that were < 50 m were eliminated.
Predictor variables
Previous analyses (Macfarlane et al. 2017, Dittbrenner et al. 2018) demonstrated that several
topographic and hydrologic characteristics can be used to adequately predict where beavers are likely to
build dams within streams. We modeled our variable selection off these analyses. Important predictor
variables were hypothesized to include stream slope, stream power, valley width, bankfull width,
compound topographic index (CTI), Strahler (1957) and Shreve (1966) stream orders, drainage area, and
habitat characteristics.
We estimated the slope of each segment by calculating the difference in elevation between the start
and end points of the segment, then dividing by the segment length. Because our stream layers were
highly sinuous, this method likely underestimated the actual slope of the segment; however, since the
same method was used for all segments, the slopes were nonetheless comparable. Some segments had
a slope of 0 (i.e., the elevations were the same at the start and end points), so we forced all slopes up to
a minimum of .01% in order to be able to generate a non-zero stream power estimate.
Stream power has previously been found to limit where beavers were able to build dams in other
systems (Pollock et al. 2014, Macfarlane et al. 2017). We calculated stream power (𝛺𝛺) using the
following equation (Macfarlane et al. 2017):
𝛺𝛺 = 𝜌𝜌 × 𝑔𝑔 × 𝑄𝑄 × 𝑆𝑆

(Eq. 2)

𝑙𝑙𝑙𝑙𝑙𝑙(𝑆𝑆𝑆𝑆90) = −13.78 + 1.04𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴

(Eq. 3)

where 𝜌𝜌 is the density of water (1000 kg/m3), 𝑔𝑔 is acceleration due to gravity (9.8 m/s2), 𝑄𝑄 is stream flow
discharge (m3/s), and S is the segment slope. We used stream power estimates from the spring high flow
regimes (Spring Q90), as this provided an estimate of the maximum segment stream power that beaver
dams could theoretically withstand through time. We calculated spring high stream flow (SQ90) using a
regression equation developed by Herb et al. (2016):

where SQ90 is in ft3/s, and 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 is the segment’s contributing area in m2. We then converted SQ90 to
m3/s and input this value into the stream power equation (Eq. 2).

Bankfull width was previously identified as an important variable limiting beaver dam establishment
(Dittbrenner et al. 2018). In the North Shore region, bankfull width can be reasonably estimated using a
regression equation developed by Hillman (2015), where contributing area is the only predictor variable.
Therefore, we elected to just use the contributing area as its own predictor variable, as it can be used to
estimate both bankfull width (Hillman 2015) and spring high stream flow (Herb et al. 2016) for stream
segments. We extracted the contributing area values at the midpoint of each segment from their
corresponding flow accumulation rasters.
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Compound topographic index (CTI) is an index of wetness potential and was hypothesized to be
potentially important in determining where beavers could build dams. We generated 1 m CTI rasters
using standard protocols using the flow accumulation and slope rasters for each watershed.
We conducted a cross-sectional analysis of each stream segment using a 1 m DEM (Fig. 5). Transects
were placed at 50 m intervals along stream segments perpendicular to each segment. The transects
were 500 m long, with elevation extracted at 1 m intervals. This allowed us to detect the valley wall on
either side of the stream using an algorithm that ‘climbs’ the valley wall and until the highest point is
reached. From these we extracted several metrics describing the widths, heights, and areas of dams, for
dams 1 m in height and dams that impound the most water possible based on valley shape. We then
averaged the values from each 50 m transect to get a single estimate for each variable.

Figure 5. Diagram of the eight parameters extracted from the cross-sectional analysis of each stream segment.

Eight parameters are extracted to describe the cross section:

●
●
●
●
●
●
●
●

A1, the area of a dam with a height of 1 m
A2, the area of a dam impounding the most water possible
L1, the width of a dam with a height of 1 m
L2, the width of a dam impounding the most water possible
L3, the width of any 'plateau' as described above
L4, the width of the higher bank above the full impoundment height
H2, the height of a dam impounding the most water possible
H1, the height of the higher bank above the full impoundment height

Habitat characteristics were obtained from the 2013 Land Cover Classification update (Rampi et al.
2016). We summarized land cover within a 60–120 m buffer in order to exclude areas where beavers
were likely to alter the landscape (Zwolicki et al. 2019). Proportions (# pixels of a given land cover
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class/# total pixels in the buffer) of each of the following land cover classes were considered as
predictors:
●
●
●
●
●
●

Conifer Forest
Deciduous Forest
Mixed Forest
Managed Grass/Natural Grass
Hay and Pasture
Row Crops

Predictive Model Analysis
We used three different modeling approaches for predicting current and future segments suitable for
beaver dam creation. The methods take different approaches to analyzing the data, from simple
distribution analysis, to a technique that identifies thresholds and explanatory variables, to a machine
learning technique that simply tries to make the best predictions from an ensemble of predictor
variables. This approach allows us to assess commonalities and differences among model results and
provides a range of predictions, from highly conservative model estimates (fewer ponds predicted) to
identification of many possible locations. A key point in interpreting all results is that ‘false positives’ –
i.e., predicting a pond where none was present in a sample area – can be interpreted as an indicator of
unoccupied good habitat, as it has the characteristics of occupied sites.
Using our data layer of all unique beaver dams from 1991 to 2017 across the seven focal watersheds, we
first identified all segments that intersected a beaver dam within a 10 m buffer. This subset of segments
with dams present were then used to inform variable parameters in both modeling approaches. Our
general assumption with these modeling approaches is that the range in characteristics of current
beaver dam locations will be relatively stable through time, and therefore we can predict future
segments where beavers are likely to build dams based on the characteristics of segments where dams
have already been built.
Variable Range Model
The first modeling approach relied on ranking stream segments based on the values of several predictor
variables. We first split our stream segment data up into training and testing data sets. We randomly
selected 80% of stream segments from each of the seven focal watersheds, which ensured that the
training data set captured the full variability of segment values. The remaining 20% of segments from
each watershed were used to validate the model predictions. Exploratory analyses suggested that the
best predictor variables were likely average slope of the stream segment, average segment stream
power, and segment contributing area (correlated with both bankfull width and stream flow). Further,
these hydrologic and topographic characteristics are not modifiable by beaver (like vegetative cover, for
example) and should therefore be relatively stationary through time. Thus, the first model only included
these three variables.
The frequency distributions for all three variables were skewed, so we first log-transformed all of the
variables (Fig. 6). Then we selected only the segments that had beaver dams present from our training
data to calibrate our model parameters. Using the range of values for each of the three variables, we
divided up the segments with dams present into 10 bins of equal width. For each bin we took the
number of segments with dams present within that bin and divided that by the total number of training
segments that had a value within the bin range. This resulted in an 'occupancy ratio' of each bin that we
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interpreted as an index of selectivity. Bins with greater occupancy ratios were thought to be
representative of stream segment characteristics that beavers prefer to build dams within.
Based on the occupancy ratios of the 10 bins, we then assigned a ranked value from 0.5–4. Occupancy
ratios less than 0.05 were given a score of 0.5; ratios between 0.05 and 0.15 a score of 1; ratios between
0.15 and 0.25 a score of 2; ratios between 0.25 and 0.35 a score of 3; and ratios greater than 0.35 a
score of 4 (Fig. 7). We then added up the ranked values for each of the three variables to get a final
predictive beaver dam score for each segment and separated the scores into three predictive categories.
Total scores from 2.5–6.5 were assigned to the 'Low' category; scores from 7–8.5 were assigned to the
'Medium' category; scores from 9–10 were assigned to the 'High' category. Any stream segments that
contained a variable value outside of any one of the bin range(s) were determined to be unsuitable for
beaver dam creation (i.e., assigned to a fourth 'No potential' category).
We validated our model predictions on the testing data set, which consisted of the remaining 20% of
segments. We assigned all of the testing segments ranked values for each variable based on the scores
given in the training data set and separated them into predictive categories according to the same
protocol. Finally, we determined the number and proportion of segments with dams present within
each of the four predictive categories.

Figure 6. Density plots for each of the three predictor variables (slope [a], contributing area [b], stream power [c])
used in the variable range model from the training data set. Note that all predictor variables were log-transformed.
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Figure 7. Occupancy ratios for the ten bins of equal length for each predictor variable. We calculated the occupancy
ratio as the proportion of total segments within each bin that had a beaver dam present. Bins are color-coded by
the ranked score assigned to each one. Note that all predictor variables were log-transformed.

Conditional Inference Tree
Our second modeling analysis employed conditional inference tree analysis. Whereas traditional
decision trees (i.e., Classification and Regression Trees) tend to select variables that have many possible
splits and operate by maximizing an information measure (e.g., Gini coefficient), conditional inference
trees use a significance test procedure in order to select variables (Hothorn et al. 2006). This approach
provides a means of identifying variables with interpretable ecological significance, vs the ‘black box’
approach of random forests, which maximizes predictive power, but with less ability to interpret
individual variables. These trees can be combined in an ensemble analogous to the random forest
(Strobl et al. 2007). Thus, the conditional inference tree is illustrative of variable importance and
decision thresholds, whereas the random forest ensemble of such trees optimizes predictive power
(Strobl et al. 2009). Conditional random forests and their statistical summarization methods are also
more appropriate to handle correlated predictors (Strobl et al. 2008).
The response variable of dam presence is binary, and in addition to the land cover metrics listed above,
the predictor variables included in the analysis were:
●
●
●
●
●
●
●

slope
drainage area
stream flow
stream power
Strahler stream order (stream order increases when streams of the same order intersect)
Shreve stream order (streams orders are additive, intersection of 1st and 2nd order link creates
a third order link)
Compound Topographic Index (CTI)

NRRI/TR-2019/14 – Johnson-Bice et al.
●

12

Stream Channel metrics
○ A1
○ A2
○ L3
○ L4
○ H1
○ H2

To determine which landscape and stream characteristics were significant in predicting the presence of
beaver dams, we ran a conditional inference tree (ctree) and conditional inference forest (cforest) on
the aforementioned predictor variables to predict beaver dam presence/absence (Hothorn and Zeileis
2015). The functions were run on the entire dataset with all default parameter values (R 3.6.3). We then
used the resulting model to predict the presence/absence of beaver dams on segments in the focal
watersheds. We assessed accuracy via a confusion matrix (caret) of predicted vs. actual results,
alongside relevant statistics (Kuhn 2008). False positives were considered likely future dam sites.
Random Forest Model
The third approach was developing a Random Forest (RF) Model. Random Forest is a machine learning
technique that comprises a large number of individual decision trees that operate as an ensemble. Its
strength lies in the fact that a large number of uncorrelated models (trees) will outperform any single
tree model. It differs from the Conditional Inference Tree Analysis (above) in that there is no clear way
of identifying specific explanatory factors; the classification is an emergent property of the suite of data.
You can tell the importance of a variable, but not its directionality. Another difference in this particular
analysis was the creation of balanced samples. There are an overwhelming number of sites without
beaver dams compared to the number present. We conducted several scenarios of balancing present
and absent dams and found the most optimal scenario came from a 70% undersampling of the
dominant class (absent), which gave the most balanced error rate.
RESULTS
Temporal trends in surface water stored in beaver wetlands
Frequency that historical ponds have been recently occupied/maintained by beavers
We found that approximately half of all beaver ponds that were identified in aerial imagery from 1948
(46.3%) and 1961 (50.8%) were occupied and being actively maintained at least once between 2009 and
2017 (Table 1). Although previous studies have demonstrated that beaver ponds can persist up to 150
years (Johnston 2015), these analyses were conducted on a much smaller spatial scale (i.e., at the pondcomplex scale). Ours is the first attempt at understanding the long-term persistence and maintenance of
beaver ponds at the watershed scale. Clearly, our results demonstrate that beaver ponds are not only
remarkably persistent landscape forms, but they are also frequently occupied and maintained by
beavers 70+ years after creation (Fig. 8).
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Table 1. The number and proportion of ponds that were recently occupied (i.e., actively impounding water) at least
once, as evident from aerial imagery products obtained during 2009–2017. Approximately half of all ponds visible
from imagery in 1948 and 1961 were recently occupied, demonstrating the lasting impact and persistence beaver
wetlands can have on forest ecosystems.

Recently occupied ponds from 1948
Watershed

Number

Proportion

Recently occupied ponds from 1961
Number

Proportion

Cascade

85

41.3

216

49.1

Kadunce

41

71.9

102

72.9

Knife

31

39.7

54

43.9

Manitou

45

39.5

129

44.2

Split Rock

43

58.1

63

54.8

245

46.3

564

50.8

Total/Average

Figure 8. Kernel density visualization of the persistence and cyclical nature of beaver ponds in the Cascade River
watershed. This panel figure depicts the volume of water stored within beaver ponds through time, for only the
ponds that were present in 1961 imagery (i.e., panels from later years [labeled in the bottom left corner of each
panel] do not include water storage estimates from ponds created after 1961). The image demonstrates that
certain ponds within the watershed (e.g., ponds in the SE corner) are remarkably stable through time, while other
ponds are shown to go through cycles of water storage, or are no longer storing water in recent imagery years. In
total, 216 ponds within the Cascade watershed visible from the 1961 imagery were recently occupied or maintained
by beavers. Each panel was created using a 1 km search radius and the same color classification range.
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Trends in the number of ponds, average size of water patches, and total water storage
We found two clear temporal trends in the influence that beaver activity had on surface water storage
in the North Shore watersheds. The average number of open water patches (i.e., open water features
associated with beaver ponds) steadily increased from 1948 to 2017 (Fig. 9a). There were more than 3x
as many open water patches in 2013 (the year with the greatest number of open water patches)
compared to 1948 (1,880 vs. 526). In 2017, the most recent imagery year, we digitized 1,778 open water
patches, which equates to approximately 1.77 patches per km2. We also found a clear declining trend in
the average amount of water stored per open water patch (Fig. 9b). We estimated that in 1948 the
average open water patch was storing approximately 2,043 m3 of water, while the average patch in
2017 stored only 706 m3.
The magnitude (i.e., slope) of both trends is almost certainly influenced by the method we used to
digitize open water patches. Rather than only digitizing beaver ponds that were obviously being
maintained (i.e., the dams were clearly fully functional and impounding water), we elected to digitize all
open water patches associated with beaver dams, which included abandoned and legacy ponds/dams.
Thus, as time progresses and beavers continue to build new dams and ponds, there should be a
relatively constant increase in the total number of ponds. Assuming the beaver population is relatively
stable, as the proportion of open water patches that are associated with abandoned/legacy ponds
increases, the average amount of water storage per patch should likewise decrease since these ponds
will only be partially full.
Perhaps the most surprising result from our analysis is that the total amount of water stored in beaver
ponds did not appear to increase since 1961 (Fig. 9b). We expected there to be substantially more water
stored per km2 on the landscape today in comparison with 1961, as all evidence regarding the size of
Minnesota’s beaver population indicates that the population steadily increased from until at least the
1990s (Johnston and Naiman 1990, Johnston and Windels 2015, Johnson-Bice et al. 2018, 2020).
However, our results suggest that higher-density beaver population does not necessarily equate to more
surface water storage. We believe this pattern is likely due to beavers occupying smaller ponds, on
average, through time. Though we have not conducted a formal evaluation yet, we suspect that a
follow-up analysis looking exclusively at temporal trends in ponds that are actively being maintained
(i.e., obviously full of water) will reveal that average occupied pond size is, in fact, decreasing through
time.
Finally, we suggest that active beaver management in the Knife River watershed, ongoing since 1994
(MNDNR 2016), appears to have had a variable influence on recent temporal trends in the number of
beaver ponds and water storage therein. Since 1994, more than 600 beavers and 600 dams have been
removed from the Knife River watershed (D. Hendrickson, MNDNR, unpublished data). These
management actions appear to have had an impact on the density of open water patches, as the density
has recently declined greater in the Knife than in any other watershed (Fig. 9a). However, beaver
management does not appear to have had a clear impact on the total amount of surface water
associated with beaver ponds at the landscape scale, as the recent trend is relatively comparable to
both the Cascade and Split Rock River watersheds (Fig. 9c). In other words, because there are similar
trends from other watersheds, we cannot definitively say whether or not beaver management is
influencing total surface water storage.
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Figure 9. Temporal trends in the number of open water patches associated with beaver ponds and the amount of
water stored within the patches across all watersheds. The top panel (a) depicts an increasing trend in the number
of open water patches per km2. Panel b exhibits a steadily decreasing trend in the average volume of water
(log[m3]) per open water patch. Surprisingly, our results suggest that the total amount of water stored in beaver
ponds per km2 has remained relatively constant since 1961 (panel c).

Current estimates for water storage in beaver ponds
Results from our most recent imagery year (2017) suggest that approximately 1,251 m3 of surface water
is associated with beaver dams/ponds per km2 in the North Shore. To put it another way, this value
equates to approximately one standard Olympic-sized swimming pools (2,500 m3 each) worth of water
storage for every two square kilometers of land. Extrapolated across the entire North Shore (5,651 km2),
we estimate roughly 7.07 million m3 of surface water is associated with beaver dams/ponds in the North
Shore watersheds (which equates to approximately 2,829 Olympic-sized swimming pools).
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Models for predicting current and future beaver dam locations
Digitized beaver dams
Across all seven of our focal watersheds, we digitized a total of 5,370 unique beaver dams from aerial
imagery since 1991.
Stream network
A total of 15,457 stream segments were used from the seven focal watersheds for all three predictive
models, representing approximately 3,145 km of ‘streams’. Of these segments, 3,091 (20%) had at least
one beaver dam present (intersecting or within 10 m of the segment) over the past 30 years. For the
three additional watersheds that were not included in model development but where beaver dam
locations were predicted (Brule, Lester, Sucker), predictions were made for 7,060 segments representing
1,409 km of ‘streams.’
Variable range model
The variable range model was parameterized using 12,366 stream segments across the seven
watersheds (Baptism, Cascade, Kadunce, Knife, Manitou, Poplar, and Split Rock). Approximately 5% of all
segments were assigned to the 'No potential' category, indicating that beavers are unable to build dams
in these segments. Assignments to the rest of the categories were as follows: 48% of segments were
assigned to the 'Low' potential category, 26% were assigned to the 'Medium' potential category, and the
remaining 21% were indicated to have a 'High' potential for beaver dam establishment. Occupancy
ratios increased with each predictive category (Table 2). No segments contained beaver dams in the 'No
potential' category, while 9% of segments had a beaver dam present in the 'Low' potential category.
'Medium' and 'High' potential categories had dams present in 26% and 48% of segments, respectively. In
total, dams were found to be present in 21% of stream segments from the training data set.
Validation of the variable range model with the testing data set largely found similar results (Table 2).
Occupancy ratios were nearly identical for each of the potential categories. The one exception was the
'No potential' category, where 3/153 segments were found to contain dams, suggesting that the
variable range model may not be robust to outliers. In general, though, it appeared to adequately
predict the likelihood of beaver dam establishment as >99% of dams were assigned to the 'Low,'
'Medium,' or 'High' categories.
Predictive category assignments were relatively similar across all of the ten watersheds (Table 3), albeit
with some differences. For instance, the Knife River watershed was identified as having the greatest
proportion of 'High' potential sites, while Kadunce and Poplar River watersheds had the lowest
proportions (Table 3). Similarly, the Knife River watershed had the lowest proportion of segments with a
'Low' potential for beaver dam occurrence, while Kadunce and Poplar River watersheds had the greatest
proportions of 'Low' potential segments. Thus, some differences exist between watersheds regarding
their suitability for beaver dam establishment.
We also examined the density of beaver dams (dams/km) within occupied segments of each prediction
category, measured as the number of dams within each segment adjusted by segment length. In a
previous analysis, Macfarlane et al. (2017) modeled the potential number of beaver dams possible (i.e.,
beaver dam capacity) within a watershed based on the assumption that the best stream habitat
conditions would also have the highest density of beaver dams. Our results suggest that beaver dam
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density within segments was unrelated to the prediction category, as there appear to be no significant
differences in dam densities between categories (Fig. 10). Although the density of beaver dams will
differ at larger spatial scales (e.g., entire stream reaches) between prediction categories due to variation
in occupancy ratios (Table 2), beaver dam densities within occupied segments were similar across all
prediction categories.
Taken together, our modeling results suggest that approximately 94% of all 'stream' segments within
the North Shore are potentially suitable for beaver dams to become established (Table 3). However, the
categorical assignments indicate that there are inherent differences in the likelihood that a given
segment is likely to have a beaver dam present. Based solely on hydrogeomorphological characteristics,
we suggest this model appears to have an adequate, but not excellent, ability to predict stream
segments where beavers are most likely to build future dams.
It is important to note that the majority of segments deemed unsuitable for beaver dam establishment
are located along 4th and 5th order streams, as would be expected given the high streamflow and
stream power in these reaches (Fig. 11). For all segments along stream channels (i.e., excluding
segments that extend outside of stream channels), the suitability is likely less than 94%. Follow-up
analyses could be performed to separate predictive category assignments within- and outside-channel
segments, but that was beyond the scope of the present project.
Table 2. Results from the training and testing data sets for the Variable Range model. The results are clearly
consistent between both data sets. Stream segments that were categorized as 'High' likelihood of beaver dam
establishment contained the greatest number of segments with dams present, as well as the greatest occupancy
ratio relative to the other categories. In the testing data, only three segments contained dams where the model
predicted no dams could be established. Overall, the results suggest that the model adequately assesses the
relative probability that a stream segment may have a beaver dam established.

Prediction
category
No potential

Segments
with dams

Training Data

Testing Data

Segments
without
dams

Segments
without
dams

Occupancy
ratio

Segments
with dams

Occupancy
ratio

0

597

0.00

3

150

0.02

Low

570

5,587

0.09

141

1,436

0.09

Medium

810

2,331

0.26

206

587

0.26

High

1,182

1,287

0.48

279

289

0.49

Total

2,562

9,802

0.21

629

2,462

0.20
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Table 3. Proportion of stream segments from each watershed that were assigned to each predictive category.

Watershed

No potential

Low

Medium

High

Baptism

0.05

0.45

0.27

0.22

Brule

0.08

0.53

0.24

0.15

Cascade

0.06

0.51

0.25

0.18

Kadunce

0.03

0.57

0.27

0.13

Knife

0.04

0.41

0.25

0.30

Lester

0.05

0.50

0.25

0.20

Manitou

0.05

0.49

0.25

0.20

Poplar

0.06

0.57

0.25

0.13

Split Rock

0.03

0.45

0.27

0.25

Sucker

0.06

0.53

0.24

0.17

Average

0.06

0.50

0.25

0.19

Figure 10. Boxplots of beaver dam densities within occupied segments (i.e., segments that contained at least 1
dam) for each prediction category. Results indicate that the average dam densities and distributions are nearly
identical across all categories. Segments with dam densities > 30 dams/km are not shown here.
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Figure 11. Prediction categories for each segment in the Cascade River watershed. The main river channel shows no
potential for beaver dam building. Generally, the segments along first and second order streams were more likely
to be categorized as 'High' or 'Medium' potential for beaver dam establishment, while the main branch of the river
had all of the 'No potential' category segments.
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Conditional Inference Tree Model Results
The conditional inference tree analysis showed that slope was the most important predictor of whether
or not a dam was present (the first split, Fig. 12): dams are most likely if the slope is less than or equal to
0.0199. For such minimal slopes, dam likelihood depends mostly on the Shreve index (Fig. 13). Dams are
generally more likely at a Shreve index less than or equal to 1 and H2 > 0.957. Yet, they occur with some
frequency at a Shreve index greater than 1 and with a Strahler index greater than 3.
At slopes above approximately 0.02, dams are highly unlikely, yet they can still occur occasionally at
slopes less than 0.0357. For slopes above approximately 0.02 and less than 0.036, L4 becomes the
determinant value. Dams occur rarely above slopes of 0.036 and are then most dependent on CTI.

Figure 12. Estimated conditional class probabilities (slightly jittered) for the training data (i.e., the classified
watersheds) depending on the first split variable, slope. The vertical line denotes the first split point. At slopes >
0.01989878 the likelihood of a dam being present decreases.
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Figure 13. Conditional inference tree based on the variables most strongly associated with dam presence. Colorcoding represents the proportion of dams present/absent according to each decision represented in the tree.
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Conditional Inference Forest Results
The prevalence (i.e., prior probability) of dams on stream segments was 0.2064. In other words, of the
watersheds modeled, about 20% of the stream segments currently have dams. A simple diagnostic to
assess the accuracy of the conditional inference forest analysis is a confusion matrix (Table 4).
The sensitivity of the conditional analysis was 0.53, whereas the specificity was 0.9873. Thus,
approximately 53% of segments harboring dams were correctly identified by the model, whereas 98% of
segments that did not have dams were correctly classified. Therefore, the posterior probabilities are as
follows: the positive predictive value is 0.92, whereas the negative predictive value is 0.89.
The high positive predictive value indicates that the prevalence of dams is high enough to expect a
degree of reliability from the model trained on this dataset (i.e., the class imbalance is not prohibitive of
training a model on the entire dataset). The class imbalance in the data is represented by the ‘noinformation rate’ of 0.7936 and is accounted for in the balanced accuracy of 0.7592. The Kappa value is
the most appropriate statistic to assess the predictive performance of this model and holds a value of
0.6137. This indicates moderate agreement of the model to the data, given the class imbalance and
associated positive predictive value.
Table 4. Confusion matrix of conditional inference tree (ctree) predicted vs. actual values. The bottom rightmost cell
is the number of correctly predicted dams, while the upper leftmost integer is the number of watershed segments
correctly identified as not hosting dams. The bottom leftmost numeric value is the number of segments where dams
are predicted but not currently present. These are the locations that, according to the model, are most suitable for
future dams.

Reference
Prediction

no

yes

no

12107

1496

yes

156

1694
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Random Forest Model Results
The Final RF model used 10000 trees and model convergence was confirmed (Fig. 14).

Figure 14. Convergence of the RF model.

The RF model had an overall error rate of 12%, with 1,879 out of 15,658 observations misclassified.
However, the error rate for correctly predicting dam presence was 0%; all errors were in predicting dam
presence when they were absent, resulting in an error rate of 17% for the ‘absent’ class. As we note
above, these sites where no dams were predicted may be considered potential sites, as they have
similar characteristics of sites with dams.
The most important predictors in the RF analysis (without regard to directionality) included slope, CTI
and H1 (Fig. 15).
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Figure 15. Mean decrease in accuracy in the RF predictor ensemble.

Comparison of Model Results
The following results are based on 22,517 250 m stream segments. The number of potential habitat
segments ranged from 2,535 with the Conditional Random Forest model (11% of segments) to 7,409
with the Random Forest model (33% of segments). Note that the Variable Range method divided habitat
into No/Low/Medium/High categories. Combining Low and Not Habitat with this technique sum to
12,508, the lowest estimate of non-habitat from the three techniques.
Table 5. Comparison of # reaches by method and prediction.

Variable Range
Not habitat
Low

1,266

Conditional RF

Random Forest

19,978

14,553

2,535

7,409

11,242

Medium

5,704

High/Yes

4,305
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More interesting is assessing the agreement among models. There was a 66% agreement between
Conditional RF and RF in identifying non-habitat, and only a 0.04% disagreement in false negatives.
There was 11% agreement where both models predicted actual habitat. There was 22% disagreement
for false positives, but note that false positives may simply identify unoccupied potential habitat.

Table 6. Cross-tab of agreement between Random Forest and Conditional Random Forest models.

Conditional Random Forest
Random Forest

No

Yes

No

14,544

8

Yes

4,896

2,510

Mapping Potential Beaver Dam Sites
To visualize model outputs, estimates of potential beaver dam habitat were integrated into an
interactive online map. To map beaver dam potential, we integrated the results from the three
modeling approaches. When the three models agreed, we labeled the stream segments as having High
Potential for beaver dams. If two models predicted dam habitat, the segment was labeled as Medium
Potential, and one model prediction was labeled Low Potential (Fig. 14).
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Figure 16. Screen capture from the interactive map showing stream segments with High, Medium and Low
potential for beaver dam creation.

The map utility also shows the locations of historic and recent beaver ponds in our target watersheds
between 1934 and 2017. The online map can be accessed at http://nrri.d.umn.edu/coastalGIS/newweb/
html/beaver.htm

Management Application of the Model
Beavers are currently managed on 122.5 miles of trout streams throughout the North Shore (MNDNR
2016). Most of this management occurs within the Knife River watershed, where beaver activity has
been found to negatively impact wild steelhead populations. We suggest our model may be used to help
guide management efforts for streams affected by beavers. The effects of removing beaver dams from
less favorable stream sections will probably last longer than removing dams from sections with highly
favorable beaver establishment characteristics, and thus may be a better investment of public and
private resources. Alternatively, if dams are located in favorable beaver habitat but are also negatively
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impacting trout populations, more extensive management plans can be implemented to discourage
beaver recolonization.
Recent research on the impact of beaver activity on brook trout habitat characteristics found bimodal
effects, where beaver ponds were either highly suitable habitat or were very poor habitat for trout
(Renik and Hafs 2020). Consequently, the authors recommended that management efforts be focused
on a localized scale. We believe our modeling results will be able to help inform these management
efforts by providing a viable framework for evaluating beaver dam suitability along specific stream
segments/reaches.
PARTNERSHIPS
While we did not partner with outside organizations, we did provide an internship for Lucas Mlinar, a
student in UMD’s Geography Department, who then became a summer employee working on digitizing
the historic beaver ponds.
LEVERAGED DOLLARS
There were no leveraged funds outside of the MLSCP grant funds and match dollars supplied by the
University of Minnesota. However, this project was built on a study funded through the LegislativeCitizen Commission on Minnesota Resources (LCCMR), which supported much of the digitizing of historic
beaver ponds (S. Johnson-Bice).
CONCLUSIONS
Our work clearly demonstrates the lasting impact of beaver ponds in the North Shore watersheds.
Previous work has demonstrated that beaver ponds can last for up to 150 years (Johnston 2015).
However, this work was done on a smaller scale. Our study is the first to demonstrate the longevity of
beaver ponds at the watershed scale. Remarkably, approximately half of all beaver ponds that were
retaining water in 1961 have been recently occupied and actively maintained by beavers; just under half
of all visible ponds from 1948 have recently been occupied. To put it another way, within our five
studied watersheds we identified 564 ponds that were being occupied and maintained by beavers more
than 50 years later (approximately 1 pond for every 1.8 km2 of land). It is likely that many of these ponds
will continue to be occupied and maintained for years to come.
We estimate that more than 7 million m3 of water are currently stored within beaver ponds in the North
Shore watershed, which is equivalent to the amount of water stored in ~2,829 Olympic-sized swimming
pools. Beavers clearly represent a biotic method for increasing the amount of surface water stored on
the landscape. However, surprisingly, the total amount of water stored within beaver ponds has been
relatively stable since 1961, despite all evidence suggesting beaver populations continued to increase
until the 1990s. Thus, our results indicate that a larger beaver population will not necessarily result in
more water storage. Instead, we suggest that the recolonizing beavers likely preferentially constructed
dams in areas that would maximize the volume of water impounded.
One of the secondary motivations for developing a predictive beaver dam model was to see whether
similar models that were developed for mountainous areas in western USA could be adapted to
landscapes like those found in the North Shore watersheds. Our modeling results were not as conclusive
as the water storage trends we found, so our conclusions remain a little unclear. However, using
information from the three different modeling approaches may provide some useful insight into specific
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reaches/segments that are highly preferred by beavers, and others that are not. Further, although we
cannot definitively say that our model(s) is(are) effective at predicting dams outside of stream channels,
our method is at least a step forward from other attempts at understanding where beavers build dams.
For instance, a study from northeast British Columbia found that the best predictor of beaver dams was
the abundance of deciduous forest communities (Mumma et al. 2018). However, our results and other
modeling studies (Macfarlane et al. 2017, Dittbrenner et al. 2018) indicate this may be an overly
simplistic view of beaver dam preferences, as it does not account for topographic or hydrologic
characteristics. Further work could be done to improve upon, or expand on, our methods developed for
predicting current and future beaver dam locations.
Our project also presents a useful baseline for understanding how beaver dam locations may change in
the future — for instance, how the suitability of stream segments/reaches may alter in response to
climate change. Stream flow and calculated stream power are both important factors limiting beaver
dam construction. As climate change advances, streams in the North Shore are expected to have altered
stream flow regimes due to changes in land cover and precipitation (Herb et al. 2016). Consequently,
suitability of beaver dam construction will likely change in tandem. We now have spatio-temporal data
sets to evaluate how climate change (amongst other factors, e.g., land-use changes) may or may not
affect beavers going forward.
FUTURE PLANS
This product will be showcased through NRRI’s External Affairs Department in the form of a press
release as well as through our social media accounts on Facebook and Twitter.
The report will be made available on the NRRI website (www.nrri.umn.edu) and the online map through
our CoastalGIS website at http://nrri.d.umn.edu/coastalGIS/newweb/html/beaver.htm. In addition, we
intend to submit the water storage and potentially the predictive modeling studies to a peer-reviewed
journal.
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The following is a screen capture of the landing page for this project, located at:
http://nrri.d.umn.edu/coastalGIS/newweb/html/beaver.htm
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