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EXECUTIVE SUMMARY
This research was undertaken from 2014 – 2020 to provide biological insights and tools to enhance
conservation and management of wolves in Montana. Gray wolves were extirpated from Montana in the
20th century. Formal protections under the Endangered Species Act, natural recolonization, and
reintroduction efforts led to the recovery of the wolf population in the Northern Rocky Mountains.
Recovery enabled delisting the population in Montana in 2009 and 2011 (with brief renewed protections
during court challenges in these years). This returned management authority to the state, allowing
Montana Fish, Wildlife and Parks (MFWP) to manage the population through public harvest seasons.
A major objective of our research was to provide a means to reliably estimate wolf abundance.
Abundance estimates are key to management decisions, and to date have relied on challenging, costly
field-based monitoring. From 2007 through 2019, MFWP estimated annual population size using a patch
occupancy model-based approach. However, this approach was sensitive to sizes of packs and territories,
and was developed prior to the implementation of public harvest. Reliability of estimates were contingent
on accurate information on territory size, overlap, and pack size. Intensive, field-based monitoring
became cumbersome and less effective as the population grew. Furthermore, the cessation of federal
funding for wolf monitoring required a reduction in reliance on intensive counts of the wolf population.
We developed a multi-model approach known as the integrated patch occupancy model (iPOM) to
estimate wolf abundance. iPOM eliminates the need for intensive field-based monitoring and introduces
biological models of wolf behavior. An occupancy model first estimates annual wolf distribution, based
on environmental covariates and wolf observations reported by hunters. A mechanistic territory model
predicts territory sizes using simple behavioral rules and limited data for prey resources, terrain
ruggedness, and human density. Together, these models predict the number of packs in a given area.
Finally, a pack size model demonstrates that pack sizes are generally negatively related to terrain
ruggedness, local mortalities, and intensity of harvest management. Total abundance estimates are derived
by combining the predicted number of packs and pack sizes.
We applied iPOM to estimate wolf abundance for 2007 – 2019. The population was estimated to have
been smallest in 2007, with 91 packs (95% CI = 76 – 107) and 650 wolves (95% CI = 547 – 771). A
peak appears in 2011, with a high of 187 packs (95% CI = 170 – 206) and 1254 wolves (95% CI = 1136 –
1383). This coincided with the first years of harvest management, after which the population declined by
7.8% in total abundance between 2011 and 2019. From 2016 – 2019, the population appears to have
become somewhat stabilized with an average of 190 packs and 1136 wolves per year, even with an
estimated annual harvest rate of >20% in this period.
We also sought to develop methods to estimate recruitment in wolf packs in Montana. We developed and
tested an integrated population model to estimate the number of pups recruited without recruitment data.
Recruitment of wolves in Montana varied annually, and was negatively correlated with wolf abundance
and harvest, and positively correlated with pack size. Future application of the recruitment model will
require incorporation of iPOM methodology; however, our model provides the foundation for estimating
recruitment using collaring and pack count data.
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Additionally, we conceptualized a decision tool for wolf management. Management of large carnivore
populations with harvest is contentious. Adaptive management incorporates scientific information and
associated uncertainty in a transparent process that relates alternative management actions to explicit,
quantifiable objectives to guide decision making. Through monitoring, uncertainty can be reduced over
time to improve future decisions. We demonstrate how an adaptive management framework explicitly
incorporating uncertainty in estimates of harvest, biological and sociopolitical values, and quantitative
objectives could guide decisions of harvest regulations of wolves.
Based on these new analytical methods, we provided recommendations for wolf monitoring to inform
iPOM and recruitment estimates. Efficient and effective use of limited resources requires targeted
monitoring. Because wolves in Montana are managed through harvest, reliable estimates of population
size will help inform harvest regulations. Abundance estimation will entail the continuation of hunter
harvest surveys and monitoring related to the occupancy model. This includes pack centroids, although
potential exists for a reduction from current effort. Approximate locations of wolves removed in response
to livestock conflicts will be needed for the pack size model. Future monitoring of pack size may be
needed to calibrate the model, such as if changes are made to harvest regulations. Once finalized to
include the iPOM methodology, the recruitment model will require collar and pack count data.
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INTRODUCTION
Gray wolves (Canis lupus) were extirpated from most of the contiguous United States, including
Montana, in the 20th century. With formal protections under the Endangered Species Act in 1974 (U.S.
Fish and Wildlife Service 1974), wolves began recolonizing northwest Montana in the 1980s (Ream et al.
1989) and nearby areas following reintroductions into Yellowstone National Park and Idaho in 1995 and
1996 (Bangs and Fritts 1996). Wolf numbers increased thereafter, and wolves were delisted via
congressional action in Montana in 2009 and 2011 (with a brief re-listing in 2010 due to court challenges;
Fritts et al. 1997, Bradley et al. 2014). Delisting returned management authority to the state, and wolves
were officially classified as a “species in need of management,” enabling harvest seasons as identified in
Montana’s wolf management plan to be carried out in 2009 and from 2011 onward.
In response to federal delisting criteria, Montana has committed to maintain populations and breeding
pairs (a male and female wolf with ≥2 surviving pups by December 31; USFWS 1994) above established
minimums of ≥150 wolves and ≥15 breeding pairs. Montana Fish, Wildlife and Parks (MFWP) has
estimated population size each year since 2007 using a patch occupancy model-based approach (POM;
Miller et al. 2013; Rich et al. 2013; Bradley et al. 2015). However, this approach is sensitive to pack size
and territory size and was developed prior to the implementation of public harvest seasons for wolves.
Reliability of future estimates will be contingent on accurate information on territory size, overlap, and
pack size, which are likely influenced by harvest. Additionally, breeding pairs are determined via direct
counts. Federal funding for wolf monitoring has ended in Montana, and future monitoring will not be able
to rely on intensive counts of the wolf population. Intensive, field-based monitoring has become
cumbersome and less effective since the population has grown. With the implementation of public harvest
seasons, predicting the effects of harvest on the wolf population and monitoring the effectiveness of
management actions will help inform decisions regarding hunting and trapping seasons.
Objectives & Deliverables
Two PhD students addressed the 4 study objectives, as follows (Fig. 1):
1. Wolf abundance: Improve and maintain calibration of wolf abundance estimates generated through
POM.
Deliverables: Models to estimate territory size and pack size that can keep POM estimates calibrated
to changing environmental and management conditions for wolves in Montana (Project 1, S. Sells).
2. Recruitment: Improve estimation of
recruitment.
Deliverables: A method to estimate
recruitment for Montana’s wolf population
that is more cost effective and biologically
sound than the breeding pair metric (Project
2, A. Keever).

Figure 1. Objectives were addressed by 2 PhD projects.
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3. Adaptive management: Develop a framework for dynamic, adaptive harvest management based on
achievement of Objectives 1 & 2.
Deliverables: An adaptive harvest management model that allows the formal assessment of various
harvest regimes and reduces uncertainty over time to facilitate adaptive management of wolves
(Project 2, A. Keever).
4. Monitoring program: Design a targeted monitoring program to provide information needed for
robust estimates and reduce uncertainty over time.
Deliverables: A recommended monitoring program for wolves to maintain calibration of POM
estimates, determine effectiveness of management actions, and facilitate learning in an adaptive
framework (S. Sells and A. Keever).
Project Outcomes
Project 1, S. Sells: The PhD components of this project were completed and defended in December 2019.
Project deliverables included a mechanistic territory model, empirical territory and group size models,
and a final dissertation (Sells 2019). As a Research Associate through December 2020, S. Sells continued
collaboration towards integrating models to estimate wolf abundance for the MFWP Wolf Program.
Project 2, A. Keever: This project was completed in September 2020. Project deliverables included
recruitment models, conceptualization for a decision tool in an AHM framework, and a final dissertation
(Keever 2020).
Details are provided in subsequent sections of this report.
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SECTION 1: ESTIMATION OF WOLF ABUNDANCE
ABSTRACT Our goal under Objective 1 was to develop reliable methods to estimate territory size,
territory overlap, and pack size to help improve the reliability of wolf abundance estimates through POM.
We developed and applied a mechanistic territory model to produce predictions for the hypothesis that
wolves select territories economically based on the benefits of food resources and costs of competition,
travel, and predation risk. We summarized territory sizes of real wolves using location data and empirical
models to test the mechanistic model’s predictions. As predicted, territory sizes in Montana varied
inversely with prey abundance, number of nearby competitors, and pack size, and curvilinearly with
mortality risk. Parameterizing the mechanistic model with data produced spatially-explicit predictions for
territory location, size, and overlap for the Montana wolf population and reliably predicted territories of
specific packs. Additionally, we aimed to test mechanisms hypothesized to influence pack size and to
develop a predictive model for pack size. Pack size increased with density of packs and decreased with
greater terrain ruggedness, control removals, and intensity of harvest management. A predictive model for
pack sizes reliably estimated the annual wolf pack sizes observed and illuminated possible underlying
mechanisms influencing variation in pack sizes over space and time. Finally, we incorporated these
territory and pack size models into an integrated Patch Occupancy Model to estimate wolf abundance in
Montana. We applied the models to estimate wolf abundance for 2007 – 2019. The population was
estimated to have been smallest in 2007, with 91 packs (95% CI = 76 – 107) and 650 wolves (95% CI =
547 – 771). A peak appears in 2011, with a high of 187 packs (95% CI = 170 – 206) and 1254 wolves
(95% CI = 1136 – 1383). This coincided with the first years of harvest management, after which the
population declined by 7.8% in total abundance between 2011 and 2019. From 2016 – 2019, the
population appears to have become somewhat stabilized with an average of 190 packs and 1136 wolves
per year, even with an estimated annual harvest rate of >20% in this period.
1.1 Introduction
Monitoring is a critical yet challenging component of gray wolf management. Throughout wolf recovery
in the Northern Rockies, intensive monitoring helped managers estimate numbers of packs, territory
locations, and pack sizes. Monitoring results helped MFWP set public harvest seasons, inform livestock
depredation policies, evaluate the effects of public harvest and depredation management, and
communicate with stakeholders and the public. Monitoring large carnivores is challenging, however, due
to their elusive nature and low densities (Boitani et al. 2012). Minimum counts of packs and wolves was
achievable during initial stages of wolf recovery when fewer wolves existed on the landscape. This task
became exceedingly difficult once wolves became spread across western Montana and federal funding for
monitoring ended. Monitoring has also relied on deploying radio- and global positioning system (GPS)collars, which is increasingly challenging due to difficulty of capture and frequent collar loss caused by
collar failures and mortalities. Furthermore, there is frequent turnover of packs, and public harvest can
affect behavioral dynamics of wolves (Adams et al. 2008, Brainerd et al. 2008).
Abundance estimates are a key component of monitoring and to date have relied on this challenging,
costly field effort. A Patch Occupancy Model (POM) developed a decade ago (Miller et al. 2013, Rich et
al. 2013) helped improve the ability to estimate annual wolf and pack abundances (Fig. 1.1). From 2007 –
2019, POM estimated abundance using parameters for area occupied, average territory size, annual
territory overlap index, and annual average pack size (Inman et al. 2020). Area occupied was estimated
Montana Wolf Monitoring Study
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with an occupancy model,
using hunter observations
and field surveys on an
observation grid of 600
km2 cells (Miller et al.
2013, Rich et al. 2013,
Inman et al. 2020).
Average territory size was
assumed to be 600 km2
based on past work (Rich et Figure 1.1. Example of POM results (red indicates highest occupancy probability, green
lowest), and components of estimated wolf abundance.
al. 2012). An ad hoc
overlap index was the average number of known packs per 600 km2 grid cell. Annual average pack size
was estimated from field monitoring using visual surveys, trail cameras, and public reports. Pack
abundance was then calculated as the number of territories estimated within the area occupied (i.e., area
occupied ÷ 600 km2 × overlap index). Abundance of wolves living in packs was estimated as the number
of packs × average pack size, and total wolf abundance was the abundance of wolves in packs × 1.125 to
account for lone and dispersing wolves, based on scientific literature (Fuller et al. 2003).
Whereas estimates of area occupied through POM are expected to be reliable (Miller et al. 2013),
reliability of abundance estimates hinges on assumptions about territory size, territory overlap, and pack
size (Inman et al. 2020). Assumptions of a fixed territory size with minimal overlap are simplistic; in
reality, territories vary spatiotemporally (Uboni et al. 2015, Sells and Mitchell 2020). Furthermore,
estimates of mean territory size were largely derived pre-harvest and at a smaller population size (Rich et
al. 2012). Overall abundance estimates would be biased with any temporal changes to mean territory size,
as would regional estimates if mean territory size varies spatially. Variations in territory overlap would
similarly bias results. Importantly, POM’s requirements of developing annual indices for overlap and
mean pack size necessitate intensive monitoring to locate packs and accurately count pack members each
year. This became increasingly infeasible given large numbers of packs, limited staff, and declining
funding for monitoring (Inman et al. 2020).
Our objective was to improve POM using a multi-model approach to predict territory size, territory
overlap, and pack size in a manner that reduced reliance on field monitoring. A more efficient approach
would allow limited conservation dollars to be used for other pressing needs. We developed an integrated
Patch Occupancy Model (iPOM) that employs mechanistic and empirical models to maximize
understanding of behavior and use available data. We used a mechanistic approach to test hypotheses
about why wolves select particular territories and enable predicting behavior across a full range of
potential present and future conditions. We evaluated the mechanistic model’s predictive ability using
patterns summarized by empirical territory models. We used empirical models for group size to test
hypotheses about factors influencing pack sizes and to develop a predictive model for pack size. This
multi-model approach enables annual estimates of wolf population size and characteristics based on
changing conditions and enhances understanding of wolf behavior, while drastically reducing costly,
intensive monitoring efforts.
Below, we provide overviews of the models developed for iPOM. Section 1.2 provides an overview of the
mechanistic model for territory selection (Sells and Mitchell 2020). Section 1.3 introduces how we tested
Montana Wolf Monitoring Study
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the model’s qualitative predictions using empirical models (Sells et al. in press). Section 1.4 introduces
how we parameterized the mechanistic model with data for Montana to evaluate the model’s capacity to
make quantitative, spatially-explicit predictions and to further understand how and why wolf territories
vary over space and time (Sells et al. in review a). Section 1.5 provides an overview of pack size analyses,
and Section 1.6 provides an overview of the resulting predictive model for pack size (Sells et al. in review
b). Finally, Section 1.7 details the integration of the models into iPOM to estimate wolf abundances (Sells
et al. in prep). The dissertation produced from this research contains the full details about the territory and
pack size models (Sells 2019), as do upcoming manuscripts and those in review.
1.2 Mechanistic Territory Model
Understanding how and why territory sizes vary would help calibrate iPOM. As detailed in Sells and
Mitchell (2020), we developed a mechanistic model to enhance understanding of mechanisms driving
territory selection. The Sells and Mitchell (2020) model was designed to apply broadly across taxa and
used no input data. The model produced qualitative predictions for patterns of territory size and overlap in
relation to environmental and social conditions simulated animals encountered.
The model centered on the hypothesis that in general, territories that maximize benefits and minimize
costs of ownership should lead to higher fitness (Brown 1964, Emlen and Oring 1977, Krebs and
Kacelnik 1991). Accordingly, as a product of natural selection (Darwin 1859), animals are likely adapted
to select territories economically. Based on theory and empirical precedent, territoriality should occur
only when resources are economically defendable (Brown 1964), i.e., benefits outweigh costs of defense.
Economical territories should also be only large enough to provide requisite resources for survival and
reproduction, except in cases where additional resources increase fitness (Mitchell and Powell 2004,
2007, 2012). A primary benefit of many territories is likely exclusive access to food resources (Brown
1964, Hixon 1980, Carpenter 1987, Adams 2001) because food is essential to survival and reproduction.
Primary costs are likely competition (Brown 1964, Hixon 1980, Carpenter 1987) and travel (Mitchell &
Powell 2004, 2007, 2012), because competition is inherent to territoriality and energy is needed to access
and defend resources. Territory holders with lower competitive ability may also pay higher costs to
compete against more-competitive conspecifics (Packer et al. 1990, Sillero-Zubiri and Macdonald 1998,
Cassidy et al. 2015, Sells and Mitchell 2020). Mortality risk may also be a primary cost where predator
density is high if it affects how animals select and use their territory (Sargeant et al. 1987, Whittington et
al. 2005, Rich et al. 2012).
The mechanistic model was founded on optimal foraging theory and thus an evolutionary approach to
understanding the proximate and ultimate mechanisms underlying behavior (Börger et al. 2008).
Integration of competitor-interaction modeling (Adams 2001) helped understand how competition affects
economical territory selection. The approach strongly differed from previous mechanistic territory models
that have typically used partial differential equations to model movement as diffusive with a bias towards
the territory center (Börger et al. 2008). That class of mechanistic models focus on movement ecology
and third-order selection (space use within the territory; Johnson 1980), whereas Sells and Mitchell
(2020) modeled first- and second-order selection through economical behavior. This work thus built on
the foundation of a mechanistic model of economical home range selection (Mitchell and Powell 2004),
which successfully predicted home ranges of black bears (Ursus americanus; Mitchell and Powell 2007,
2012). That earlier work modeled space use with respect to the benefits of food resources and costs of
Montana Wolf Monitoring Study
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travel, and was limited to home ranges because it represented competition passively as resource
depression. Accordingly, Sells and Mitchell (2020) modeled competition dynamically, whereby territory
holders continuously assessed and responded to the decisions made by neighboring conspecifics.
Methods
The Sells and Mitchell (2020) mechanistic model represented the hypothesis that animals from numerous
taxa are adapted to select territories economically based on the benefits of food resources and costs of
competition, travel, and mortality risk. The mechanistic territory model was developed in NetLogo 6.1.1
(Wilensky 1999) and entailed spatially-explicit simulations. Landscapes for simulations were grids of
patches that varied in benefits and costs of ownership.
In the model, territories were selected for simulated animals (agents) to economically meet their resource
requirements by maximizing food resources obtained while minimizing costs of territory ownership (Fig.
1.2). Each time an agent was added to the simulated landscape, it selected a starting location for a
territory center and then calculated patch values around itself by discounting each nearby patch’s food
benefits by its associated costs of ownership. It then selected patches for a territory in order of patch
value, stopping once sufficient resources were obtained. The agent’s selected territory center was next
compared to the territory’s geographic center. A mismatch between centers indicated patch values were
more economical in a particular direction. Accordingly, the agent was repositioned to the geographic
center if it did not align with the selected center. The agent then recalculated patch values, reselected
patches, and continued this process of territory building and centering until the selected and geographic
centers matched, indicating the territory was optimized. After each agent selected its territory,
neighboring agents assessed whether their territories were still economical, as any changes in overlap
with neighboring territories influenced costs of competition for those patches. Each agent dropped lessvaluable patches from its territory and added more-valuable patches to maximize the territory’s economic
value. This cycle of territory formation and maintenance continued after each new agent was added to the
landscape. Once a predefined population target was reached, the simulated ended.
We conducted simulation
experiments to provide
data for summarizing
effects of food, resource
requirements, competition,
competitive ability, and
mortality risk (represented
as predator density) on
territorial space use. We
collected output summaries
for each territory formed
after initial establishment,
at a low population density
and after carrying capacity
was reached (i.e., the
landscape could not
Figure 1.2. Mechanistic territory model schematic.
Montana Wolf Monitoring Study
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support more territories). We recorded each agent’s final territory size (including travel corridors to reach
selected patches from the territory center), territory overlap, number of nearby competitors, and predator
density encountered (mean predator presence per territory patch). We used program R Version 3.6.1 (R
Core Team 2020) and package dplyr (Wickham et al., 2019) to summarize results.
Results & Discussion
The mechanistic, spatially-explicit, individual-based model produced numerous empirically testable
predictions for what may be observed empirically if economical territory selection drives placement and
characteristics of territories (Table 1.1). For example, the model predicted that greater food abundance
and competitor density would lead to smaller territories, less competitive territory holders encountering
high population densities would often have larger territories than more-competitive conspecifics, and
territory size would often increase before decreasing curvilinearly in response to greater levels of
mortality risk. A curvilinear response to costs of mortality risk suggests there are increasingly-economical
trade-offs with other benefits and costs, e.g., through abandoning areas of high mortality risk and
accepting higher costs of competition by overlapping other territories. A subsequent literature search
demonstrated numerous observations of these patterns in real populations across taxa, contributing
evidence for the economical selection of territories as a causal mechanism underlying ecological patterns
observed (Sells and Mitchell 2020).
The model can be used to predict the effects of conservation actions. In absence of data, the model
provided predictions and a mechanistic understanding of how territorial behavior is likely to vary over
space and time. For example, a mechanistic understanding of how a population will respond to prey and
predator distributions and abundances can help predict the effects of a species on prey populations, and
vice versa. The model can furthermore be parameterized with empirical data to make spatially-explicit
predictions, e.g., for locations and sizes of territories across areas of conservation concern (Sect. 1.4).
Table 1.1. Model predictions for mean territory size, overlap, and carrying capacity.
Scenario

Territory size

Territory overlap

Carrying capacity

As food distribution > clumped

−

+

+

As food abundance ↑

−

− or + a

+

As resource requirements ↑

+

−

−

− or + a

+

NA

As # neighbors ↑

primarily − a

+

NA

As competitor density ↑,  in individual territory

primarily − a

+

NA

+a

− or + a

NA

− or + b

variable b

−

As population density ↑,  in population mean

Less competitive individuals or groups
As mortality risk (density of predators) ↑
a
b

Trends were variable; details in Sells and Mitchell (2020).
Generally varied curvilinearly by predator density (territory size) or in nuanced ways (overlap).
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1.3 Empirical Territory Models
Alignment of the mechanistic model’s predictions (Sect. 1.2) with empirically-observable patterns in
territories of wolves would contribute evidence that economical territory selection is a causal mechanism
underlying space use by wolves (Sells and Mitchell 2020). We therefore sought to determine whether the
model suitably predicted and explained patterns in space use of wolves. To accomplish this, we compared
patterns predicted by the mechanistic model to patterns observed in territories of wolves in Montana. We
used GPS location data collected from 2014 – 2019 as part of this research to estimate the locations of
wolf territories.
The mechanistic model’s hypotheses are easily extended to wolves (Table 1.2). This strongly territorial
species maintains territories year-round (Mech and Boitani 2003). Ungulates comprise the bulk of wolf
diets (Mech and Peterson 2003, Peterson and Ciucci 2003). Packs generally comprise a dominant
breeding pair and their offspring from multiple years who cooperatively defend the territory, hunt, and
raise pups. Larger groups of carnivores may have greater competitive ability (Packer et al. 1990, SilleroZubiri and Macdonald 1998, Cassidy et al. 2015) and therefore reduced costs of competition with
neighboring groups. Wolves are coursing predators who travel long distances, and such movement is
energetically costly. Following the concept of economical territories (Sells and Mitchell 2020), areas
costlier to own would necessitate more benefits to offset the cost. For wolves, rugged terrain may increase
travel costs whereas roads with low human use may offer less-costly travel routes (Whittington et al.
2005, Zimmermann et al. 2014). It is also possible that high travel costs ultimately become uneconomical
Table 1.2 The mechanistic model’s hypotheses and predictions for economical territory selection as applied to wolves, and evidence of
these patterns in wolf territories in Montana.
Hypothesis: Wolves select territories
economically based on benefits and costs:

Prediction for territory sizea

Variable

Food resources are a
primary benefit structuring space use

↓ where prey abundance ↑

ungulatesummer

yes

ungulatewinter

yes

Competition is a primary cost structuring
space use; additionally, smaller groups pay
higher costs to compete

↓ as # nearby competitors ↑

competitordensity

yes

↓ as group size ↑ at high
population densities

groupsize

yes

Travel is a primary cost structuring space
use; in our system, rugged terrain is more
costly and low-use roads are less costly

↑ where ruggedness ↑ to
offset this cost

ruggedness

yes

alternatively, n-curvilinear
response to ruggedness

ruggedness^2

yes

↓ where road density ↑ given
lower costs

roadslow-use

yes

n-curvilinear response

roadslow-use^2

Mortality risk is a primary cost structuring
space use

Evidence consistent
with hypothesis?

no

densityhumans^2

no

harvestmortalities

^2

yes

Yes = results consistent with hypothesis (90% confidence intervals [CI’s] exclude 0); no = no support (CI overlaps 0).
a. Predictions were from the Sells and Mitchell (2020) mechanistic model (Sect. 1.2). We focused on patterns in territory size rather
than overlap because the full territory mosaic and resulting overlap cannot be known (absent simultaneously deploying collars on
wolves in every territory, which is infeasible given cost, logistics, difficulty of capture, and frequent collar turnover).
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such that territory size declines curvilinearly, as with the response to costs of mortality risk (Sells and
Mitchell 2020). Humans are generally a primary source of mortality (Fritts et al. 2003, Musiani and
Paquet 2004) and harvest has occurred in our study system for the past decade (Inman et al. 2020).
Wolves are intelligent and adaptable (Packard 2003) and often avoid humans (Whittington et al. 2004,
Hebblewhite and Merrill 2008, Latham et al. 2011). Whether permanent or limited to specific times of
day or seasons, avoidance of sites associated with higher mortality risk could necessitate expansion of the
territory to maintain its economic value, until trade-offs in other costs and benefits become more
economical (Sells and Mitchell 2020). We hypothesized that costs of mortality risk increased with density
of low-use roads (which may provide easier travel for not only wolves, but hunters, trappers, and other
recreationists), density of humans, and greater numbers of conspecifics recently killed via harvest.
Methods
Study Area
Our study area was Montana (Fig. 1.3), where elevations range 554 – 3,938 m (Foresman 2001). In the
northwest corner of Montana, dense forests and a maritime-influenced climate characterized the rugged,
mountainous terrain of the Northern Rockies Ecoregion (NRE, epa.gov). To the east, the Canadian
Rockies Ecoregion (CRE) was characterized by higher-elevation, glaciated terrain, which transitioned to
the Northwestern Glaciated Plains Ecoregion (GLPE) characterized by level and rolling terrain with
seasonal ponds and wetlands. In far southwestern Montana, the Idaho Batholith Ecoregion (IBE) was
mountainous, granitic, and partially glaciated. To the east, the large Middle Rockies Ecoregion (MRE)
was characterized by rolling foothills where shrubs and grasses transitioned to rugged mountains with
conifers and alpine vegetation. The xeric Wyoming Basin Ecoregion (WBE) of south-central Montana

Figure 1.3. Our study area encompassed the state, characterized by various ecoregions (epa.gov). Also shown are the wolf
territories estimated as part of this research, and the MFWP regional boundaries (R1 – R7, gray lines).
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was dominated by grasses and shrubs. The semiarid, rolling plains of Northwestern Great Plains
Ecoregion (GRPE) in southeastern Montana was interspersed with breaks and forested highlands. Wolves
were found primarily in the western side of the state within the NRE, CRE, IBE, and MRE, but reported
sightings and occasional harvests occurred in eastern Montana. Primary prey for wolves were elk (Cervus
canadensis), white-tailed deer (Odocoileus virginianus), mule deer (O. hemionus), and moose (Alces
alces). Other large carnivores included coyotes (C. latrans), mountain lions (Puma concolor), black bears
(Ursus americanus), and grizzly bears (U. arctos). The human population in Montana was just over
1,062,000 in 2018 (census.gov). Annual depredation removals for livestock conflicts ranged 51 – 61 from
2014 – 2017 (Coltrane et al. 2015; Bradley et al. 2015; Boyd et al. 2017; Montana Fish Wildlife and
Parks 2018). During this same era, harvest through hunting and trapping led to 207 – 295 mortalities per
harvest season, which occurred each September 1 – March 15.
Wolf location data
Location data were collected from 2014 – 2019 via GPS collars deployed by MFWP. Wolf captures
occurred using foothold traps (EZ Grip # 7 double long spring traps, Livestock Protection Company,
Alpine TX), or aerial darting. Wolf anesthetization and handling followed MFWP’s biomedical protocol
for free-ranging wolves (Montana Fish, Wildlife and Parks 2005), guidelines from the Institutional
Animal Care and Use Committee for the University of Montana (AUP # 070–17), and guidelines from the
American Society of Mammalogists (Sikes et al. 2011). GPS collars were Lotek LifeCycle, Lotek
Litetrack B 420, Telonics TGW-4400-3, Telonics TGW-4483-3, or Telonics TGW-4577-4, programmed
to collect latitude and longitude every 3 – 13 hours.
MFWP Wolf Specialists determined pack membership of each collared individual. A wolf was considered
a resident of its pack while its movements were in a localized cluster, including limited forays, defined as
departing from and returning to the cluster. We considered a wolf to no longer be a resident if it did not
return to its territory, or forays became frequent (this nearly always precipitated full dispersal; frequent
forays were defined as starting a new foray < 1 month after returning from a previous one). Upon
dispersing, the individual could either die or join a new pack by again localizing its movements.
Successful dispersers were identified as a member of the nearest pack or given a new pack identification
if the cluster did not overlap a known territory centroid.
We estimated sizes and locations of territories of resident, GPS-collared wolves using Program R (R Core
Team 2020). We estimated territory sizes using volume-adaptive kernel density estimates (KDEs; Worton
1989) with package AdehabitatHR (Calenge 2006), with a smoothing parameter of 100% of the reference
bandwidth. This smoothing parameter and a 95% KDE best prevented islands and lacunas while
excluding extra-territorial forays. We also generated 90% KDEs to enable comparisons to past research in
Montana (Rich et al. 2012). We generated KDEs for each year of data for each territory in which the wolf
was a resident. We excluded 2 individuals whose territories were mostly or entirely outside of Montana
(beyond which covariate data were not readily available), 3 individuals that appeared transient, and 2
individuals whose collars functioned intermittently (transmitting < 1 fix every 5 days on average). We
averaged territory size for packs with multiple KDEs, which occurred if > 1 wolf was collared in a pack
or a wolf was collared for multiple years. We considered wolves to represent the same pack when their
50% KDEs (i.e., core areas) had any overlap.
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Explanatory variables
We generated explanatory variables to represent the benefit of prey resources and costs of competition,
travel, and mortality risk using Program R (R Core Team 2020). We represented prey resources as
summer and winter ungulate density indices, competition as competitor density and pack size, travel as
terrain ruggedness and low-use road densities, and mortality risk as low-use road densities, human
densities, and harvest mortalities (Table 1.2). For competitor density, pack size, and harvest mortality, we
averaged data from the calendar year in which the collar was deployed (year T) and the following year
(T+1). Because collars were deployed at variable times of year, this 2-year mean better matched the
timing of collar deployment. We used the most recent year of data available for these variables in limited
cases where data were unavailable in 2018 or 2019.
We developed indices for ungulate densities across our large study area. In each km2 grid cell i delineated
as summer deer habitat (http://fieldguide.mt.gov), we calculated a summer deer density index as:
𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠)𝑖𝑖 = (𝑁𝑁𝑅𝑅 ÷ 𝛴𝛴𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 ) × (𝐶𝐶𝐶𝐶𝑈𝑈𝐸𝐸𝑖𝑖 ÷ 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑅𝑅� ).

𝑁𝑁𝑅𝑅 was MFWP’s 10-year average estimate of white-tailed and mule deer abundance in the MFWP
administrative region (𝑅𝑅) where i fell. 𝛴𝛴𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 was 𝑅𝑅’s estimated area of deer summer habitat. 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖 was
the mean catch per unit effort (CPUE; male harvest / hunter days) in the MFWP hunting district in which
i fell, and 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑅𝑅� was the regional mean CPUE, based on MFWP harvest records from 2008 – 2017. We
repeated these calculations for a deer winter density index, and for elk density indices. The long-term
regional averages were the most reliable ungulate abundance data for our study area and provided a
preliminary density estimate (the first half of the formula). The second half of the formula adjusted this
index slightly lower or higher based on the relative CPUE, which generally correlates with deer and elk
abundance (Dusek et al. 2006, Rich et al. 2012) and is best compared within administrative regions given
spatially similar factors that can affect hunting success (e.g., terrain, vegetation, accessibility, etc.). We
calculated a moose density index for each cell i delineated as seasonal moose habitat as:
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 (𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠)𝑖𝑖 = 𝑁𝑁𝐻𝐻𝐻𝐻 ÷ 𝛴𝛴𝐻𝐻𝐻𝐻 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 .

𝑁𝑁𝐻𝐻𝐻𝐻 was MFWP’s estimate of moose abundance in the HD in which i fell, and 𝛴𝛴𝐻𝐻𝐻𝐻 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 was the area of
summer or winter moose habitat in that HD. In limited cases where density estimates were unavailable
within territories partially overlapping national parks, tribal reservations, or neighboring states, we
interpolated the ungulate indices through inverse distance weighting using the gstat package in R
(Pebesma 2004). We smoothed each index using 9×9 km2 weighted moving windows. We then calculated
overall ungulate density indices by summing the indices for deer, elk, and moose for each season, and
measured the mean value of these seasonal ungulate indices within each KDE.
Competitor density was based on neighboring packs. Each year, MFWP Wolf Specialists monitored wolf
packs to estimate territory centroids. We defined neighbors as packs with territory centroids ≤ 25 km of a
pack’s KDE (Rich et al. 2012). We calculated the mean number of neighboring packs in year T and T+1,
and scaled this value to number of neighbors per 100 km2 of the focal pack’s territory size to control for
territory size (as larger territories tend to have more neighbors; Rich et al. 2012).
Pack size was the mean of sizes reported in year T and T+1. MFWP Wolf Specialists reported pack sizes
each calendar year. We included known removals (harvest, dispersal, etc.) because these individuals were
present for part of the year.
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We estimated terrain ruggedness with the Vector Ruggedness Measure (Sappington et al. 2007) using R
package spatialEco (Evans 2018) and elevation data derived through package elevatr (Hollister and Shah
2017). Ruggedness represented the mean change in elevation between adjacent 1-km2 raster cells. We
calculated the mean ruggedness within each KDE. We calculated the mean density of low-use roads
within each KDE using the most recent road dataset (geoinfo.msl.mt.gov).
We calculated the mean human density per KDE based on 2010 census data (geoinfo.msl.mt.gov). We
identified the number of hunter-reported harvest locations (wolves killed via hunting and trapping) within
the KDE in year T and T+1.
Analyses
We analyzed patterns in territory size using generalized linear mixed effect models (GLMMs) in R (R
Core Team 2020) using package lme4 (Bates et al. 2015) with helper functions from package jtools (Long
2020), AICcmodavg (Mazerolle 2020), and cowplot (Wilke 2020). As a primary analysis we created
simple GLMMs for each variable as a single fixed effect plus a random effect for pack identity (family =
Gaussian, link = log). We included quadratic terms for ruggedness and each mortality risk variable to test
for a curvilinear relationship (Table 1.2). We considered predictions to have support if the 90%
confidence intervals (CIs) of the fixed effect’s coefficient estimate did not overlap 0.
To further investigate patterns in territory sizes, we created complex GLMMs with multiple fixed effects
plus a random effect for pack identity. We started with a global model containing all variables. We next
developed 14 reduced models containing each 1-, 2-, and 3-way combination of the benefits and costs
(i.e., food alone, food and competition, etc.). No variables were overly correlated (> 0.7 Spearman’s rank
correlation; Dormann et al. 2013). To avoid fitting overly complex models, we retained 1 quadratic term
per model. We included an interaction between competitor density and pack size in some models because
we expected pack size could be more important at high competitor densities. We also varied which
mortality risk variable received a quadratic term. We identified the most supported models using Akaike’s
information criterion corrected for small
sample size (AICc; Burnham and
Anderson 2002) with a cut-off of ∆AICc
= 2 (Anderson et al. 2001). Results were
based on centered and scaled variables
(units accordingly were standard
deviations from the mean).
Results
From 2014 – 2019, 93 wolves were
captured and GPS-collared. Collar data
were collected from January 1, 2014 –
May 20, 2019. Mean collar deployment
length was 10.20 months, primarily as a
result of collar failures (n = 36), harvest
(n = 21), and other mortalities (e.g.,
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Figure 1.4. Annual territory size estimated for packs in Montana from
GPS-collared wolves, 2014 – 2019.
Table 1.3. Mean sizes for wolf territories in Montana, 2014 – 2019.
Measurement Arithmetic SD
Min.
Max.
Geometric
𝑥𝑥̅ territory (km2)
𝑥𝑥̅ (km2)
2
size (km )
95% KDEs

582.02

420.21

187.71

2207.42

483.62

90% KDEs

440.89

390.86

137.82

1592.00

366.50
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Figure 1.5. Patterns associated with annual and seasonal space use. Lines depict 90% confidence intervals (CIs), thin tails
represent 95% CIs, and points represent mean estimates. Variables refer to ungulate density indices (“summer ungulates” and
“winter ungulates”), competitor density (“competitors), low-use road density (“roads”), local human density (“density”), and
local harvest mortalities (“harvest”). Quadratic terms tested for a curvilinear response.

after livestock depredations or by vehicle strikes, injuries, or poaching; n = 22). Of 15 identified
dispersals, 9 led to joining or forming other territories. Remaining dispersals yielded 3 mortalities, 2
emigrations to Idaho, and 1 emigration to Wyoming before returning to the wolf’s natal territory.
From data for wolves that remained a resident of a pack for ≥ 70% of a year, we estimated 43 territories
of 28 packs (Fig. 1.3). After averaging by pack, arithmetic mean territory size was 582.02 km2 for 95%
KDEs and 440.89 km2 for 90% KDEs (Fig. 1.4; Table 1.3).
Our primary analysis revealed that territories were smaller in areas of greater ungulate densities, in areas
with greater competitor densities, and for packs of greater size (Fig. 1.5). Territories had an n-curvilinear
response to terrain ruggedness (i.e., initially increasing before decreasing). Greater density of low-use
roads was also associated with smaller territories. There was no evidence of a curvilinear response to lowuse roads or human densities. Territory size had an n-curvilinear response to harvest mortalities.
The top complex GLMM included the variables for food, competition, and mortality risk (Fig. 1.6).
Territory size had a negative relationship with the winter ungulate index, competitor density, and pack
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size, and ambiguous relationships with
the summer ungulate index, human
density, and harvest mortalities.
Discussion
Empirically-observed patterns in space
use were consistent with hypotheses
and predictions for the economical
selection of territories in the Montana
Figure 1.6. Variables in the top complex model for space use. Lines
wolf population. As hypothesized for
depict 90% CIs, thin tails are 95% CIs, and points are mean estimates.
many territorial animals (Sells and
Mitchell 2020), wolves appear to select territories that maximize benefits of food resources and minimize
costs of competition, travel, and mortality risk.
Economical territories should be only large enough to provide requisite resources for survival and
reproduction (Mitchell and Powell 2004, 2007, 2012), and exclusive access to food resources has long
been expected to be a primary benefit of territoriality (Brown 1964, Hixon 1980, Carpenter 1987, Adams
2001). Results supported the hypothesis that food resources are a primary benefit driving territory
selection by wolves. Aligning with predictions of the mechanistic model, space use decreased with greater
densities of ungulates (Fig. 1.5), which is consistent with other similar populations (Fuller et al. 2003,
Jedrzejewski et al. 2007, Kittle et al. 2015).
Competition is inherent to territoriality and should therefore be a primary cost of space use in territorial
animals (Brown 1964, Hixon 1980, Carpenter 1987, Sells and Mitchell 2020). Supporting this hypothesis,
territories were smaller in areas of greater densities of neighboring territories (Fig. 1.5; Table 1.2).
Matching the prediction that territories would compress with increasing levels of competition, territories
were 26% smaller than observed at lower population densities (Rich et al. 2012). Due to territory
compression, populations with relatively stable spatial distributions cannot be assumed to have stable
dynamics in competition and densities within.
Territory holders with lower competitive ability may pay higher costs to compete against morecompetitive conspecifics (Sells and Mitchell 2020). Among social carnivores, competitive ability appears
linked to group size (Packer et al. 1990, Sillero-Zubiri and Macdonald 1998, Cassidy et al. 2015). As
predicted if cost of competition varies inversely with pack size (Figs. 1.5 – 1.6; Table 1.2; Sells and
Mitchell 2020), territories were smaller for packs of greater size in our high-density population (an
average estimated 11 – 13 individuals per 1,000 km2; Inman et al. 2019). Although it might be assumed
that larger packs require greater area to provide sufficient food resources, larger territories do not
necessarily provide more resources, particularly after accounting for energetic costs of maintaining a large
territory. If animals defend areas to satisfy energetic requirements, territories will be smaller in areas with
more food resources (Table 1.2).
Travel is likely a primary cost of territoriality because energy is needed to access and defend resources
(Mitchell and Powell 2004, 2007, 2012, Sells and Mitchell 2020). Costs of travel are likely to be
influenced by numerous environmental variables and a species’ evolutionary traits (Shepard et al. 2013,
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Wilson et al. 2015). In our study system, we expected costs of travel to increase with terrain ruggedness
and decrease with low-use roads (Table 1.2; Whittington et al. 2005, Oakleaf et al. 2006, Zimmermann et
al. 2014). As expected, space use increased and then decreased curvilinearly with greater terrain
ruggedness (Fig. 1.5), suggesting that larger territories help offset costs of ownership until such trade-offs
become uneconomical (Sells and Mitchell 2020). Similarly, territories were smaller in areas with more
low-use roads (Fig. 1.5), suggesting that low-use roads decrease cost of territory ownership by reducing
cost of travel.
Mortality risk may also be a primary cost of territoriality if it affects how animals select and use their
territories. As predicted (Table 1.2; Sells and Mitchell 2020), territories in our system increased and
decreased curvilinearly with increasing harvest mortalities (Fig. 1.5). This response suggests that avoiding
areas perceived as high mortality risk may necessitate expanding one’s territory to offset resources lost by
avoidance. Eventually this expansion may become uneconomical, causing territories to contract as other
tradeoffs are made (Sells and Mitchell 2020). Variables related to human presence had ambiguous effects
(Fig. 1.5), providing evidence that direct mortality hazards may influence the economic valuation of space
use more than human presence alone in populations managed through harvest.
1.4 Mechanistic Wolf Territory Model
Our next objective was to parameterize and apply the Sells and Mitchell (2020) model (Sect 1.2) to
produce quantitative, spatially-explicit predictions for wolves in Montana. We aimed to use only readilyavailable data to demonstrate the model’s ability to make predictions absent expensive, difficult-to-collect
datasets, including data for wolves (e.g., omitting GPS data for wolf locations). The ability to predict wolf
space use absent wolf data would help calibrate iPOM and constitute a strong test of the mechanistic
model.
We assessed the model’s ability to predict first-order selection (the geographic range of wolves in
Montana) and second-order selection (the territories of individual packs; Johnson 1980). After
ascertaining the model’s predictive power, we used the model to predict territory size and location under a
range of potential conditions wolves could encounter, such as variable densities of prey and competitors.
Methods
Study area
Our study area was the same as described under Sect. 1.3.
Estimates of truth
Estimates of truth were needed to calibrate and evaluate the model. As detailed in Sect. 1.3, empiricallyobserved estimates of recent territory sizes (2014 – 2019) were available for 28 packs in Montana. We
dropped 2 packs whose territories extended beyond the state boundary because data to run the
mechanistic model were limited to Montana. The remaining 26 territory observations formed the primary
sample of empirically-estimated territory locations and sizes.
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We also estimated the mean density of packs that occurred in each ecoregion from 2014 – 2019. From the
territory centroids monitored by MFWP Wolf Specialists each year (Sect. 1.3), we calculated the mean
density of packs per ecoregion from this period. The population was largely stable in these years (Inman
et al. 2020) with a density of packs per 1000 km2 equivalent to 1.6 packs in the NRE, 1.4 in the CRE, 1.9
in the IBE, 0.5 in the MRE, 0.02 in the GLPE, and 0.03 in the GRPE, for a total of 127 packs in Montana.
We estimated the distribution of real wolves for 2014 – 2019 from monitoring data. These data included
territory centroids and harvest locations, along with wolf collar locations collected from all wolves
collared during these years. We plotted locations for territory centroids, harvest locations, and wolf
locations together as an approximation of the distribution of wolves in Montana during these years.
As a separate estimate of truth from a different period, we estimated territory size and location using data
from 10 GPS-collared wolves from 9 packs in 2008 – 2009 and the same steps outlined in Sect. 1.3. We
also estimated the mean density of packs per ecoregion in each year following the steps described above.
In 2008, this was equivalent to densities in the NRE, IBE, CRE, MRE, GLPE, and GRPE of 0.9, 1.9, 0.7,
0.4, 0.02, and 0.03 packs per 1000 km2, respectively. In 2009, respective densities were 1.3, 1.9, 0.9, 0.5,
0.02, and 0.03 packs per ecoregion. Whereas we ultimately use our primary set of 26 locations and sizes
of territories for 2014 – 2019 during model calibration and evaluation, we used this secondary set of 9
locations and sizes for 2008 – 2009 during evaluation only.
Mechanistic model
We adapted the mechanistic territory model from Sells and Mitchell (2020) for wolves in Montana. We
completed simulations using NetLogo 6.1.1 (Wilensky 1999) and analyzed results in Program R (R Core
Team 2020) using helper functions from package dplyr (Wickham et al. 2020), ggplot2 (Wickham 2016),
and cowplot (Wilke 2020).
In the model, agents representing wolf packs were added to a landscape parameterized to represent
Montana. This consisted of a grid of 1-km2 patches, 929 × 540 patches in size. Each patch varied in its
benefit of food resources and costs of travel and mortality risk (competition arose during simulations
through interactions among agents). Our spatial density indices for ungulates represented the seasonal
benefit of food for wolves using the same ungulate data described in Sect. 1.3. Travel cost to each patch
incorporated distance and a terrain ruggedness index, representing the average change in elevation
between adjacent 1-km2 patches. The cost of mortality risk for each patch was based on human density. A
density threshold (𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑇𝑇 ) was also set to specify the density of agents per 1000 km2 to be modeled.

As in the original model, territories were selected and defended (Fig. 1.2). Agents were added to a
random starting patch in Western Montana (within the NRE, CRE, IBE, or MRE; Fig. 1.3). Because
wolves in Montana rely on migratory ungulates, seasonal territories were selected to meet resource
requirements for summer and winter. The full territory constituted the sum of these selected patches and
travel corridors to reach them from the agent’s territory center. The cycle of steps proceeded as in the
original model (Fig. 1.2, Sect. 1.2), whereby agents continued selecting, modifying, and defending
territories in response to decisions made by neighboring agents. Throughout each simulation, the density
of agents per ecoregion was tracked. Once 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑇𝑇 was reached in an ecoregion, no new agents could
settle there. Once 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑇𝑇 was reached in all ecoregions, the simulation ended.
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Model output included territory size, overlap, and spatial extent. Territory size was the number of 1-km2
patches in the territory and territory overlap was the percentage of the territory overlapping other
territories. The model saved a raster dataset of the spatial extent and sizes of territories. To do so, each
agent transmitted its territory size onto patches it owned; shared patches were assigned the mean territory
size of the agents claiming them. This created a spatial layer of locations and sizes of predicted territories
at a 1-km2 resolution. The model also recorded each agent’s number of nearby competitors (# of other
agent territory centers ≤ 25 patches from the territory border) and mean human density per territory patch.
Model calibration
Because resource requirements and the costs of competition, travel, and mortality risk for wolves was
unknown, calibration was required to identify parameter values for wolves (Sells et al. in review a;
Grimm and Railsback 2005). This calibration step involved a substantially different application of the
model than used for drawing inferences and assessing the model’s predictive performance. As outlined
above, in the primary model application agents were added randomly to the landscape. Agents had no
information about locations of real territories. In contrast, during calibration we adjusted the model to
manually settle an agent at the center of each of the 26 empirically-observed territories from 2014 – 2019.
The 26 agents selected optimal territories with respect to their locations on the landscape and the
parameter values encountered. We then calculated the mean squared error (MSE) in the size of each
predicted versus observed territory. We repeated these steps as we iteratively varied each parameter over
a wide range. We then identified the set of parameter values that produced the smallest average MSE
across the 26 packs, and used the identified parameter values when applying the model.
Model application
Our primary model application evaluated its predictive power. We simulated conditions experienced by
packs in Montana from 2014 – 2019. We set 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑇𝑇 per ecoregion to the mean density of packs that
occurred in the respective ecoregion during these years. We repeated 50 iterations of the simulation to
capture variability in results. We assessed the model’s predictive ability by comparing accuracy in
predicted versus observed territory distributions, territory sizes, and patterns in relation to food,
competition, and human density. For the comparison of territory distributions, we merged the raster
datasets from the 50 model runs to identify where the predicted territories occurred, then overlaid this
with the estimated distribution of real territories. For the comparison of individual territory sizes, we
calculated the mean of the 50 raster datasets. We then measured the mean size predicted within each of
the 26 real territory boundaries and compared this to the observed size. We also plotted the sizes of the
simulated territories versus the 26 real territories in relation to prey density, competition, and human
density.
We next evaluated the model’s predictive capacity for an earlier period. We set 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑇𝑇 per ecoregion
to the density of packs that occurred in the respective ecoregion during 2008 and ran 50 iterations of the
model. We calculated the mean of the 50 rasters and measured the predicted territory sizes for wolves
collared in 2008. We then repeated this using the identified 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑇𝑇 per ecoregion for 2009. We
compared observed versus predicted territory sizes of the 9 packs with collared wolves from 2008 – 2009.
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We next applied the model to predict outcomes under alternate environmental and social conditions. We
first predicted outcomes under changing densities of prey in Western Montana. We retained the settings
from the primary model application but scaled the density of prey to 50%, 75%, 125%, and 150% of the
main prey densities estimated. We repeated 50 iterations at each relative prey density. We next simulated
increasingly intense competition among packs for space in Western Montana. We set 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑇𝑇
incrementally from 0.1 – 2.5 agents per 1000 km2, in increments of 0.1. We repeated 50 simulations per
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑇𝑇 and summarized the predicted territory sizes under these densities.
Results

The model successfully predicted the distribution of wolves in Montana. The observed locations of
wolves versus predicted distribution of territories from 2014 – 2019 were broadly aligned (Fig. 1.7).
Areas not known to be used by real wolves in Western Montana were largely avoided by simulated packs,
such as in the Flathead and Bitterroot Valleys. The distribution of real wolf locations was noticeably

Figure 1.7. Predicted distribution of territories for 2014 – 2019 on a 1-km2 grid (gray shading), alongside observed locations of
wolves during this period (territory centroids, GPS locations for collared individuals, and harvest mortality locations).
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patchy in the MRE (southwestern
Montana), and the model replicated the
approximate locations of used space well.
The model predicted a slightly broader
distribution of territories in central Montana
(including parts of the GLPE and GRPE)
than were known to occur there. This was
expected because agents were randomly
initiated in Western Montana and small
sections of the MRE fell within this area.
Placement of territories varied by
simulations, and these areas of central
Montana were not commonly predicted to
hold territories. Nonetheless, these areas
may have been missed by past monitoring
efforts or forecast sites that may be selected
by wolves in the future.
The model successfully predicted the
territory sizes observed in real packs (Fig.
1.8). The mean difference in predicted
versus observed territory size for the 26 real
territories was 202 km2. Omitting one large
outlier territory resulted in a mean
difference of 146 km2. Of the 26
territories, 42.3% predicted territory
sizes were within 100 km2 of the
observed size and 80.8% were within
200 km2. Interestingly, the 19.2% of
territories with lower accuracy (>200
km2 difference in predicted versus
observed sizes) were generally those
with visible extra space estimated
around the wolf locations (Fig. 1.7).
This byproduct of kernel density
estimation represented uncertainty in the
exact extent of the territory boundaries;
the primary space used by all but 1 of
this subset of wolves was both predicted
and observed to be smaller than the full
territory boundary that was estimated as
truth.
The model successfully predicted the
sizes of territories from 2008 – 2009
Montana Wolf Monitoring Study

Figure 1.8. Comparison of predicted versus observed territory sizes
for 26 GPS-collared packs (2014 – 2019), as well as 9 packs from
2008 – 2009. The solid line represents perfect precision, and dotted
lines represent estimates with a difference of ≤ 200 km2 in predicted
versus observed territory size.

Figure 1.9. Territory sizes from 2014 – 2019 were predicted to vary by
ecoregion (Fig. 1.3). These predictions aligned well with observations.
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(Fig. 1.8). The mean difference in predicted versus observed territory size for these 9 earlier territories
was 256 km2. Omitting one large outlier territory resulted in a mean difference of 127 km2. Of the 9
territories, 44.4% were within 100 km2 of the observed size, and 66.7% were within 200 km2; all but the
one outlier territory were within 300 km2.
Predictions by ecoregion tracked trends observed empirically (Fig. 1.9). The same was true for
predictions in response to food abundance (Fig. 1.10), competitor density (Fig. 1.11), and human density
(Fig. 1.12). As originally predicted (Sells and Mitchell 2020) and demonstrated statistically for wolves
(Sect. 1.3; Sells et al. in press), territory size declined with increasing food abundance and more
neighboring packs. Territory overlap was predicted to increase under the same circumstances. Similar to
predictions from Sells and Mitchell (2020), territory size was predicted to increase and then decrease
curvilinearly with an increase in mortality risk (Fig. 1.12).
The model also predicted outcomes in space use under changing environmental and social conditions. It
predicted that territories would increase in size and decrease in overlap if prey densities declined (Fig.
1.13). Mean territory size was predicted to be 515 km2 or 487 km2 at prey densities of 50% or 75% of
current levels, respectively, with mean overlap decreasing to 3.4% and 7.9%. Conversely, mean sizes

Figure 1.10. Territory size was predicted to decline whereas overlap was predicted to increase with greater summer and
winter densities of ungulates. These predictions were closely aligned with empirical observations. Lines depict smoothed
conditional means (method = local polynomial regression) for predictions.
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Figure 1.11. The model predicted territory size would decline
and overlap increase with increasing competitor density
(measured as the # of neighbors per 100 km2 in territory size),
as observed empirically. Lines depict smoothed conditional
means (method = generalized additive model) for predictions.

Figure 1.12. The model predicted territory size and overlap
would increase and then decrease in response to increasing
human densities. Lines depict smoothed conditional means
(method = generalized additive model) for predictions. 3 outlier
observations are omitted (densities of 26 – 72 humans per mi2).

were predicted to decline to 449 km2 or 410 km2 at prey densities of 125% and 150% of current levels,
respectively, with mean overlap increasing to 22.0 and 25.2%. Changes in social conditions also affected
space use (Fig. 1.14). Territory size on average declined with an increase in pack density. As an
exception, territory size in the NRE initially increased as pack densities transitioned from 0.1 to 1.0 packs
per 1000 km2 before again declining at pack densities > 1.0. The range in territory sizes was consistently
greatest at low pack densities. Differences in mean territory sizes by ecoregions were initially pronounced
but became more uniform across ecoregions at approximately 1.0 packs per 1000 km2.
Discussion
We demonstrated the strong potential for a mechanistic modeling approach centered on optimal foraging
theory to predict space use and advance scientific understanding of mechanisms driving spatial behavior.
Our mechanistic model based on simple rules for economical territory selection successfully predicted
locations and sizes of real wolf territories using limited data. Demonstrating the model’s ability to predict
first-order selection, the distribution of predicted territories closely matched the estimated distribution of
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real space use of wolves in Montana (Fig.
1.7). At the second-order level, the model
predicted individual territory sizes (Fig. 1.8)
and replicated empirically-observed patterns
in relation to variable ecoregions, prey
densities, competitor densities, and mortality
risk (Figs. 1.9 – 1.12). Ability to predict
space use provides strong evidence that
wolves select territories economically based
on the benefits and costs of territory
ownership.
The model’s first-order predictions replicated
the distribution of real wolves while also
revealing areas where territories may have
gone undetected in the recent past and where
Figure 1.13. Example predictions under potential conditions
they may occur in the future (Fig. 1.7).
wolves may encounter whereby prey densities have decreased or
Territories predicted in areas where few have
increased from current levels. Density plots show that mean
territory size increased and overlap decreased as prey density
been confirmed (e.g., in some mountain
declined; the range in territory sizes also increased. As prey density
ranges in central Montana) may have been
increased, mean territory size declined and overlap increased.
used by real wolves who did not successfully
sustain territories, as territories had to be identified and remain occupied through each calendar year to be
recorded (Inman et al. 2020). These areas include island mountain ranges surrounded by ranchlands
where human-wolf conflicts can be high, potentially decreasing the odds a pack persisted. Wolves are
commonly reported by the public to occur and have occasionally been harvested in these areas (Fig. 1.7),
indicating that real wolves do use them during extra-territorial forays, dispersal, or as sites of attempted
territories. As wolves continue expanding their range, new territories may be successfully settled in the
areas predicted.
The model successfully predicted individual territory sizes, both for our original dataset of 26 observed
territories from 2014 – 2019, and for a former dataset of 9 territories from 2008 – 2009 (Fig. 1.8). The
original dataset was used briefly to help calibrate the model whereas the former dataset was held out of
model calibration entirely, demonstrating the need for only a limited location dataset for model
calibration to enable successful prediction of second-order space use.
The model’s mechanistic approach to understanding space use and its successful replication of patterns
observable in nature reveal how differing conditions will influence spatial behavior. Economical territory
selection leads to differences in territory sizes by ecoregion (Fig. 1.9). These density plots are expected to
better depict the true variation in territories in Montana than could be summarized from limited empirical
observations. Spatial variation in territories can arise through disparities in any one benefit or cost of
territory ownership (e.g., prey or pack densities), or as an outcome of the interacting effects of these
benefits and costs. Spatial variation in mean territory size will influence the local densities of packs and
abundance estimates from iPOM. Accordingly, this spatial variation in territory sizes can be incorporated
into iPOM to improve accuracy of abundance estimates.
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Predictions related to the density of prey (Fig. 1.10) demonstrate the important effects of food resources
on space use. By maintaining economical territories, wolves can be expected to generally compress their
territories and increase territory overlap in response to greater prey abundances. Smaller territories with
more overlap mean that densities and numbers of packs are likely to be relatively high where prey
populations are high. Fluctuating prey populations can be expected to cause territory size and overlap to
also fluctuate. Altogether these effects could influence the accuracy of abundance estimates from iPOM if
not unaccounted for, particularly when estimating wolf abundances at finer spatial scales than the
statewide level, where local prey populations can be highly variable. Using this understanding of how
prey populations influence space use, iPOM estimates can be calibrated for finer spatial scales (e.g., at
MFWP regional management levels) and into the future as prey populations fluctuate.
By maintaining economical territories, wolves can be expected to compress their territories and increase
territory overlap in response to greater inter-pack competition (Fig. 1.11). Packs may therefore reach
higher densities than would be estimated using a snapshot of average observed territory sizes alone. For
example, Rich et al. (2012) reported an average territory size of 599.8 km2 for packs in 2008 – 2010.

Figure 1.14. Example predictions under potential conditions wolves may encounter whereby group densities have decreased
or increased from current levels. The lower panel contains density plots and the mean (circle) and median (line) territory
sizes observed. The predictions for the CRE end at 1.5 because no additional simulated packs successfully established
territories past this density.
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Although this mean territory size has been presumed to date to be unchanged, territory sizes have
considerably declined when estimated for 2014 – 2019 using comparable methods (Sect. 1.3). Territory
compression explains why the estimated distribution of wolves has not increased at comparable rates as
the estimated number of packs. For example, an estimated ~65% increase in the number of packs from the
years of Rich et al. (2012)’s study to ours yielded an estimated 41% increase in area occupied (Inman et
al. 2019). Packs are thus likely to have more neighboring territories in recent years than they did a decade
ago, increasing the costs of competition and leading to territory compression. Fritts and Mech (1981) also
reported that territories shrank by as much as 68% as density of packs increased during recolonization in
Minnesota. Occupancy and wolf distribution can be expected to be more stable than territory sizes and
pack densities as packs adjust their space use in response to levels of intraspecific competition.
Understanding these dynamics will be important for keeping iPOM estimates calibrated as the wolf
population fluctuates. Assessing wolf occupancy without also accounting for territory sizes within the
occupied area could easily over- or under-estimate wolf abundance estimates.
Predictions related to human density support the hypothesis that the cost of mortality risk affects territory
selection by wolves in Montana (Fig. 1.12). We observed that running the model without a cost of
mortality risk led some simulated wolves to settle relatively urban areas (e.g., the broad Flathead and
Mission Valleys in northwestern Montana), whereas they avoided urban areas if this cost contributed to
the values of potential territory patches. As no data exist for how costs of mortality risk affect the
economic value of patches for wolves, we had to assume that we suitably represented these costs in the
model. Our results are intuitive, however. Human settlements often occur along Montana’s valley
bottoms, which also attract ungulates. These areas were likely used by wolves prior to heavy habitation
and mortality risk by humans. Wolves in our study area faced risk of mortality through harvest and
control removals in response to livestock depredations. We expect that in areas with lower human-caused
mortality risk, e.g., national parks, the risk of mortality from humans is relatively less important to how
wolves select territories.
We know of no other model for animal space use capable of accurately predicting territory sizes of
individual animals or groups and a population’s distribution, particularly absent extensive data for
movements and resource availability. Ultimately, the dynamic fluctuations and large variations in territory
sizes within a population make it difficult to draw inferences about a population’s spatial requirements
absent approaches such as ours. Any empirically-observed territory is a snapshot in time and assumes an
individual’s movements revealed the full extent of the territory and no extraneous movements (e.g.,
during extra-territorial forays prior to dispersal). The true territory mosaic at any given time could only be
observed empirically if all individuals in a population were simultaneously collared. Our approach
uniquely enabled predicting these mosaics for the full population using limited data and under varying
conditions.
Management implications
Wildlife conservation agencies like MFWP require information about animal behavior, numbers, and the
anticipated effects of conservation actions. Such information is challenging, costly, and time-consuming
to gather. Efforts often include the use of radio- or GPS-transmitters to track movements, but particularly
for elusive large carnivores like wolves, it can take weeks or more to successfully capture a single
individual. Post-capture, equipment failures and mortalities can easily cut short the lifespan of a
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transmitter, challenging efforts to gather ongoing data to understand and monitor spatial behavior.
Furthermore, inferences from empirical approaches are generally limited to the time and place from
which data were collected, as such approaches tend to describe space use but do not reveal the causal
mechanisms underlying behavior.
Our mechanistic approach to modeling animal space use provided a linkage between theory and
conservation and made predictions applicable to ecology absent extensive data for animal movements or
resource availability. Model parameterization used only readily available data, i.e., indices for ungulate
densities, terrain ruggedness, and human densities. Our approach enabled simulating a suite of potential
conditions to produce predictions for the full population and potential future conditions, absent any
additional data. The model is expected to be predictive and reliable across a full range of current and
future conditions because it was founded on hypothesized drivers of behavior (Sells et al. 2018). The
model’s spatially-explicit predictions can be used to estimate the abundance of territories, carrying
capacity, and effects of conservation actions or environmental change. Linking the model’s estimates of
territory size and overlap with the spatially-explicit occupancy probabilities produced through iPOM
(Sect. 1.1) will enable summarizing the estimated number of packs at finer spatial scales, e.g., at MFWP
regional levels. Ability to predict the effects of changing conditions will enable calibrating iPOM into the
future, absent intensive monitoring efforts.
We expect this mechanistic approach centered on optimal foraging theory and explicit modeling of
economical behavior has far-ranging potential. Primary challenges of our approach include the necessity
of strong coding skills and sufficient data, including indices representing the hypothesized benefits and
costs of space use, and location data for initial model calibration and evaluation. We demonstrated the
utility of even simple indices from readily-available datasets. The foundation provided by Sells and
Mitchell (2020) and this study are adaptable to different contexts or to further improve predictive
capacity, such as by modifying model rules or data inputs. Similar approaches could be taken to not only
predict first- and second-order habitat selection by wolves in other areas, but for other species. The
approach is not limited to territorial species; minor changes to the model would extend it to home ranges
in general, further expanding the opportunity to study and understand animal spatial behavior.
1.5 Group Size Models
To help calibrate iPOM, we aimed to better understand mechanisms influencing wolf pack size. As with
populations, groups and group sizes are shaped by births, deaths, and social decisions about group
membership. The outcome of these decisions can strongly shape demographic processes, particularly for
species like wolves, in which only a dominant pair generally breeds (Clutton-Brock 2016). Behaviors as
fundamental as group living should be strongly shaped by natural selection (Emlen 1982, 1994, 1995;
Krebs and Kacelnik 1991). Decisions about group membership are thought to ultimately be driven by
factors related to resource competition, kin interactions, inbreeding avoidance, or habitat quality (Emlen
1982, 1995; Bowler and Benton 2005). Whereas in some carnivorans dominant individuals enforce
eviction of subordinates (Cant et al. 2001; Grinnell et al. 1995; Stephens et al. 2005), in other species like
wolves, decisions to emigrate are likely influenced by economic considerations for both dominants and
subordinates. In such cases, subordinates should be accepted when the benefits to dominant individuals
outweighs the costs of a subordinate’s presence, and otherwise encouraged to leave. Subordinates should
likewise remain only while the benefits they gain by staying exceed their costs (Emlen 1982, 1994, 1995).
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Similarly, given an option, dominant individuals should only accept immigrants when in the dominant’s
economic interest; likewise, immigrants should only join groups when in their economic interest.
We hypothesized competition is a primary factor influencing the size of groups. By reducing per capita
resources, larger groups may experience fewer births and more deaths. Mortality rates may also rise
through conspecific aggression within or among groups. Competition likely also influences the economics
of social decisions (Emlen 1982, 1994, 1995). An increase in the density of nearby groups may signal less
space for new home ranges and greater risk of conspecific mortality while emigrating, causing a positive
effect on group size as subordinates delay leaving. Additionally, dominant individuals may be more
accepting of subordinates and immigrants at high group densities, when territorial disputes may increase
and having a larger group can increase the odds of winning confrontations (Mosser & Packer 2009;
Cassidy et al. 2015). Accordingly, if there is a large positive effect on social decisions, group size may
increase with competition even if birth rates fall and death rates rise (Table 1.4). Delayed dispersal may
also lead to greater birth rates through multiple breeders (Ausband 2018), further contributing to a
positive effect of competition. Alternatively, a negative or null relationship between competition and
group size would occur if individuals leave at greater rates to avoid this competition, or social decisions
simply do not offset effects on births and deaths.
We hypothesized that conditions related to prey also influence births, deaths, and social decisions. Birth
rates may fall and death rates rise if prey acquisition falls below per capita requirements (Fuller et al.
2003). If subordinates cannot meet their food requirements, leaving is likely the optimal decision;
additionally, dominant individuals might increase aggression or withhold resources to further encourage
emigration (Mech 1999, Peterson and Ciucci 2003). Conversely, in addition to potentially increasing birth
rates and reducing death rates, greater access to food resources may increase the group sizes that can be
maintained, allowing dominants to tolerate subordinates and accept immigrants, and enticing subordinates
to stay. For these reasons we expected that group size would positively correlate with prey abundance and
availability (Table 1.4; Mech & Boitani, 2003). We alternatively hypothesized that higher prey abundance
may signal subordinates that conditions are conducive to forming one’s own group in which to breed,
increasing emigration and resulting in a weak or nonexistent relationship between group size and prey.
Mortalities directly decrease group size, but we hypothesized they also have wider effects. Deaths of
parents or helpers may lead to further deaths of dependent young (Ausband et al. 2017). Survivors may
also have more difficulty hunting prey (Creel and Creel 1995), defending territories (Cassidy et al. 2015),
and assisting injured or sick group members (Almberg et al. 2015). We also expected that mortalities or
even a perceived risk of mortality could influence the economics of social decisions. As the risk of dying
increases locally, subordinates might leave to avoid this risk and the consequences of losing group
members. Subordinates may also be pressured or opt to leave if larger groups are more easily detected by
predators. Emigration may be economical if dominant individuals are replaced by non-relatives, reducing
inclusive fitness benefits (Emlen 1995). Smaller groups would be the outcome of these mortalities and
behavioral responses (Table 1.4). Alternatively, mortalities could cause group size to stabilize or increase
if decreased survival leads to compensation through increased reproduction or larger litters. Similarly,
emigration may decrease and immigration increase if predation risk is diluted in larger groups.
We evaluated our hypotheses about group size using a 14-year dataset of wolf pack sizes observed in
Montana. We used our previously-developed index for prey abundance (Sect. 1.3), and terrain ruggedness
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as an index for prey availability. We expected that greater terrain ruggedness could negatively influence
pack size by decreasing the availability of ungulates because wolves are coursing predators (Peterson and
Ciucci 2003) who may make more kills at lower elevations (McPhee et al. 2012) and may have lower
hunting success in rugged terrain (Rich et al. 2012). We expected that several factors would influence
mortality risk to wolves, including hunting, trapping, deaths in response to livestock depredations (i.e.,
control removals), and intensity of harvest management (Table 1.4). Additionally, greater human densities
could mean more hunters and mortalities, plus greater perceived mortality risk given the natural wariness
of wolves towards humans (Hebblewhite & Merrill 2008; Latham et al. 2011; Whittington et al. 2004).
Mortality risk could also increase in human-dominated landscapes (e.g., agricultural areas), and with lowuse roads, which humans may use while hunting or otherwise recreating.
Table 1.4. Hypothesized relationships between wolf pack size and variables related to competition, prey, and mortality risk (ο
denotes neutral outcome expected for group size). We considered hypotheses to be supported when 90% confidence intervals did
not overlap 0.0, as determined by variables included in the top models (Fig. 1.161) or through secondary analyses of models with
single fixed effects (denoted by *). Bold text signifies the hypotheses with support.
Variables hypothesized to influence group size

Expected
relationship

Alternative
expected
relationship

ß

CIlower

CIupper

Competition
H1: +

H1-alt: ο

0.082

0.039

0.124

Summer ungulate density

H2a: +

H2a-alt: ο / −

0.014

−0.028

0.055

Winter ungulate density

H2b: +

H2b-alt: ο / −

0.008

−0.031

0.046

Summer deer density

H2c: +

H2c-alt: ο / − *

0.007

−0.033

0.048

Winter deer density

H2d: +

H2d-alt: ο / −

0.014

−0.029

0.058

Summer elk density

H2e: +

H2e-alt: ο / −

0.018

−0.027

0.063

Winter elk density

H2f: +

H2f-alt: ο / −

0.013

−0.027

0.054

Terrain ruggedness

H3: −

H3-alt: ο / +

−0.051

−0.092

−0.010

Harvest mortality density

H4a: −

H4a-alt: ο / +

−0.012

−0.063

0.039

Control removals

H4d: −

H4d-alt: ο / +

−0.061

−0.098

−0.027

Intensity of harvest management (restricted)

H4e: −

H4e-alt: ο / +

−0.089

−0.183

0.004

Intensity of harvest management (liberal)

H4f: −

H4f-alt: ο / +

−0.193

−0.298

−0.087

Human density

H4g: −

H4g-alt: ο / +

0.025

−0.009

0.059

Human-dominated area

H4h: −

H4h-alt: ο / + *

0.000

−0.035

0.035

Density of low-use roads

H4i: −

H4i-alt: ο / +

−0.013

−0.053

0.027

Density of groups
Prey

Mortality risk

1. The variable values shown are from the highest-ranked model with the given variable.
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Methods
Study area
Our study area was the same as described under Sect. 1.3 (Fig. 1.3).
Data
Wolf Specialists from MFWP monitored packs through radio-tracking, camera-trapping, and aerial
surveys each year from 2005 – 2018 to verify pack presence, count pack members, and estimate year-end
pack sizes. We retained for analysis only good quality counts, which were from packs documented
multiple times each year using trail cameras, visual sightings, or track surveys. Wolf Specialists estimated
an annual territory centroid for each pack.
We estimated local conditions related to competition, prey, and mortality risk using relevant spatial data
and program R (R Core Team 2020), as follows. In each case, we measured the mean value of the
covariate within the local vicinity of the pack’s annual territory centroid (defined as 12.41 km around the
centroid, based on the 484 km2 geometric mean territory size for wolves in Montana, 2014 – 2019, Sect.
1.3) using R package raster (Hijmans 2020) and helper functions from packages dplyr (Wickham et al.
2020), tidyr (Wickham 2020), and AICmodavg (Mazerolle 2020).
We represented competition as the density of packs. Within each pack’s local vicinity, we measured the
density of territory centroids per 1000 km2 using the kernel smoothed intensity function in R package
spatstat (Baddeley et al. 2015) with sigma set to 25 km.
To represent prey abundance, we used the spatial density indices developed in Sect. 1.3. We included the
individual indices for deer and elk to measure their separate effects. To represent prey availability, we
calculated terrain ruggedness using the steps described under Sect. 1.4. Within each pack’s local vicinity,
we estimated mean ruggedness, representing the mean elevation change among adjacent 1 km2 grid cells.
For mortality risk, we first estimated the annual density of harvest mortalities (hunting and trapping
combined) per 1000 km2 using reported locations of harvested wolves and the kernel smoothed intensity
function in R package spatstat (Baddeley et al. 2015) with a sigma of 25 km. Pack-specific control
removals were reported in MFWP annual reports (fwp.mt.gov). We classified the intensity of harvest
management as hunting seasons with no harvest (≤ 2008 and 2010), restricted harvest (2009 and 2011;
when statewide harvest was limited by a quota, seasons were shorter, bag limits were low, and trapping
was prohibited), and liberal harvest (2012 on, when statewide harvest quotas were removed, seasons were
longer, bag limits were higher, and trapping was allowed; fwp.mt.gov). Within each pack’s local vicinity,
we measured the mean density of humans using 2010 census data (geoinfo.msl.mt.gov), the percentage of
human-dominated areas using existing vegetation type to identify agricultural and developed areas
(LANDFIRE 2014), and the mean density of low-use roads using the most recent road dataset
(geoinfo.msl.mt.gov).
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Analyses
We tested our hypotheses using GLMMs (family = Poisson) with R package lme4 (Bates et al. 2015). We
designed 20 competing models (Sells et al. in review b) to focus on competition, prey, or mortality risk, as
well as their combined effects, representing different hypotheses for which factors best predicted pack
size. We included variables for the density of harvest mortalities, number of control removals, and
intensity of harvest management in each model because these mortality variables directly influence pack
size. We avoided combining overly-correlated variables in the same model (> 0.6 Spearman’s rank
correlation; Dormann et al. 2013). We also added a random effect for pack identity to each model. We
identified the most supported models using Akaike’s information criterion (AIC; Burnham & Anderson
2002) with a cut-off of 2 ∆AIC (Anderson et al. 2001) and Akaike weights (𝜔𝜔𝑖𝑖 ; Burnham & Anderson
2002). We reported results based on centered and scaled variables, with resulting units representing
standard deviations from the mean. We considered a hypothesis to have support if the 90% confidence
intervals (CIs) of the coefficient estimate (ß) excluded 0. Where covariates were omitted from the top
models identified, we ascertained other evidence of support for hypotheses using GLMMs with a single
fixed effect for the covariate of interest. To display results, we used R packages ggplot2 (Wickham 2016)
and jtools (Long 2020), with helper functions from cowplot (Wilke 2020).
Results
From 2005 – 2018, MFWP
monitored 46 – 152 packs per year
for a total of 1531 pack-years. Of
these, 26 – 68 packs per year had
good quality counts, yielding 660
total pack-years from 220 packs for
analysis. Annual mean pack size
ranged 4.86 – 7.03 and overall mean
pack size was 5.92 (Fig. 1.15). Most
packs were relatively small, with
80% containing ≤ 8 members.
Six models had support (Fig. 1.16).
These models differed by prey
indices and mortality risk factors
included, and revealed similar
effects on group size. Group size
increased with density of groups
and decreased with greater terrain
ruggedness and control removals
(Table 1.4). Liberal harvest had a
negative effect whereas restricted
harvest had an uncertain effect.
Group size had no clear relationship
with densities of prey, harvest
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Figure 1.15. Observed wolf pack sizes, 2005 – 2018. Pack sizes ranged 2 –
22, with a mean of 5.92 and a 50% interquartile range of 4 – 8 members. Gray
points in Panel A depict observations whereas black points depict outliers.
Boxplot whiskers in both panels extend 1.5 times the interquartile range.
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mortalities, humans, or lowuse roads. Further
assessment of covariates
excluded from the top
models found no measurable
effect for remaining
variables (Table 1.4).
Discussion
Sociality in carnivores is
relatively uncommon but
associated with many
potential benefits, including
increased ability to acquire
resources, decreased risk of
mortality, and increased
reproductive success. Group
size may affect these
benefits and is driven not
only by births and deaths,
but the social decisions of
group members, including
whether to stay with or leave
the group.

Figure 1.16. The top predictive models for pack sizes included variables related to
competition, prey, and mortality risk. Thicker line segments represented 90% CIs, full
lines the 95% CIs, and points represented mean estimates.

A positive relationship between the density of packs and pack size supported the hypothesis that group
densities influence the economics of social decisions (Fig. 1.16, Table 1.4). Under that hypothesis, we
predicted that even if births fell or deaths rose with increased competition, group size would increase if
social decisions favored staying in the group. Our results align with Emlen (1982)’s hypothesis that group
living evolved as a result of delayed dispersal in response to habitat saturation, and suggest that, as habitat
becomes saturated, inclusive fitness may become increasingly important such that subordinates decide to
stay and help rather than emigrate. Local group densities may serve as an important cue to the costs and
benefits of staying versus leaving. Detection of local densities of conspecific groups may occur through
direct interactions and signals such as scent marks or howling (Mech and Boitani 2003). Pre-disposal
forays may also help an individual investigate the costs and benefits of emigrating. Emigration may lead
to injury and death through increased encounters with conspecifics at high group densities (Jimenez et al.
2017). Our results also suggest that dominants may be more accepting of subordinates and immigrants at
high densities of groups, particularly when a group’s competitive ability and success in defending their
territory increases with group size (Cassidy et al. 2015, Sells and Mitchell 2020). The patterns we
observed may have also been driven by enhanced fitness, such as through multiple breeders per group
(Ausband 2018). Declines in rates of dispersal, however, have been attributed to wolf population
increases (Jimenez et al. 2017), greater numbers of neighboring prides of lions (Panthera leo;
VanderWaal et al. 2009), and saturated habitats for Ethiopian wolves (C. simensis; Sillero-Zubiri et al.
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1996). Similarly, clans of spotted hyenas (Crocuta crocuta) may be prone to fission when there is more
vacant habitat nearby (Holekamp et al., 1993).
Wolf packs were smaller where food availability was low (Fig. 1.16, Table 1.4), demonstrating that the
advantages of sociality may be reduced when food availability declines. Terrain ruggedness served as an
index to food availability because hunting success may increase in less rugged terrain (McPhee et al.
2012, Rich et al. 2012). Decreased food availability may reduce a group’s ability to meet its resource
requirements, potentially reducing births and survival. In similar systems, litter size and pup survival
appear to correlate with prey biomass (Fuller et al. 2003) and availability (Mech et al. 1998). Smaller
carnivore groups may likewise occur in response to decreased prey availability if dominants become less
tolerant of subordinates and subordinates decide to leave (Table 1.4; Ekman et al. 2004). Increased
emigration may be a contributing mechanism for observed correlations between food and carnivore
densities (Fuller et al. 2003; Fuller 1989; Mech & Peterson 2003).
Contrary to our index for prey availability, our indices for prey abundance were not associated with wolf
pack size (Fig. 1.16, Table 1.4). This supports our alternative hypothesis that an increase in births or
reduction in deaths with greater prey abundance is offset by a higher rate of emigration because prey
abundance is a cue to greater odds of finding sufficient resources. Other studies have however reported
evidence that carnivore dispersal increases in response to low prey availability instead (Messier 1985;
Peterson & Page 1988; Gese et al. 1996; Fuller et al. 2003). Because deer and elk numbers for our large
study area were at coarse resolutions, our results may have been a product of the prey data available for
analysis. Whereas this information successfully helped predict territory sizes (Sect. 1.4), we suspect more
detailed data tracking temporal trends in prey abundance may be required to detect effects on pack sizes.
Mortalities may both directly and indirectly influence group size (Fig. 1.16, Table 1.4). Our results
suggest that control removals, hunting, and trapping may not just directly decrease group size but also
depress survival of remaining group members (e.g., via higher mortality of young after the death of a
parent or helper; Ausband et al. 2017). Smaller groups in areas of greater mortalities could also be an
outcome of emigration by surviving subordinates in response to increased local mortality risk, or reduced
inclusive fitness after the death of a parent (Emlen 1995). In similar systems, groups appear more likely to
disband after loss of dominant individuals (Brainerd et al. 2008). Although it might be expected that
emigration in response to mortalities would lead to voids of groups in high-mortality areas, later
immigrants would likely not immediately know that mortality risk was locally high, nor have freedom to
select low-mortality areas (e.g., in protected reserves) if already defended by existing groups.
Evidence suggests that wolves may partially compensate for a relatively low level of mortality through
increased births, decreased emigration, or increased immigration. Restricted harvest occurred in 2 years
punctuated by a year without harvest and had no appreciable effect on wolf pack size during this period
(Fig. 1.16, Table 1.4). This could have been an outcome of the restricted harvest regulations (which
entailed statewide quotas, lower bag limits, and no trapping) or a recovery year absent harvest. More
liberal harvest regulations (which entailed no quotas, higher bag limits and both hunting and trapping),
however, had a measurable effect on pack size, potentially because of direct mortality or increased
emigration. Increased emigration in response to greater harvest intensity would serve to replenish breeder
or territory vacancies quickly, which in turn could lead to more compensation under intensive harvest
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than may otherwise be expected. This may help explain the apparent overall stability of some harvested
carnivore populations like ours despite years of intensive harvest (Inman et al. 2019).
Data for group-specific births, deaths, immigration, and emigration are rarely available, especially where
large carnivores coexist alongside humans outside protected reserves. We employed a large, long-term
dataset to test our hypotheses. Although smaller groups could conceivably be more difficult to find and
count, 80% of packs monitored contained ≤ 8 members and 51% had ≤ 5 members (Fig 1.15). Undetected
packs would lead to locally-underestimated densities and likely weaken measurable relationships with
pack size. We assumed that terrain ruggedness was a credible index to prey availability (Peterson and
Ciucci 2003, McPhee et al. 2012, Rich et al. 2012), and although its observed relationship with pack size
could have been related to other factors (e.g., mortality risk), ruggedness had < 0.4 correlation with other
variables (Sells 2019). Imprecise reports of harvest locations or control removals could also weaken
relationships between group size and mortality variables. We assumed that data for human density,
human-dominated areas, and low-use roads did not appreciably change from 2005 – 2018; finerresolution data for these variables may reveal relationships with pack size.
1.6 Predictive Pack Size Model
Pack size has been integral to MFWP’s abundance estimates since 2007. These data, however, have been
derived through intensive monitoring efforts to date. Absent annual monitoring data, total wolf abundance
could be estimated with a model that predicts pack size. A useful model for MFWP would predict pack
sizes with as few data as possible given the costs and difficulties of monitoring an elusive large carnivore.
Methods
We adapted our top group size model (Sect. 1.5) into a predictive model. We aimed to make the model as
parsimonious as possible, and to require minimal monitoring effort for covariates. We therefore first
dropped summer ungulate density, harvest density, and low-use road density, which had CIs overlapping
0 (Fig. 1.16). Because obtaining pack centroids through monitoring is costly, we used the mean pack
density observed from 2005 – 2018 as an index to long-term density trends. Because control removals
were pack-specific and this level of detail may not always be available, we used the observation grid of
600 km2 cells (Sect. 1.1), then summarized the total number of control removals reported in each cell. To
capture additional environmental effects, we added a covariate representing the pack’s ecoregion (Fig.
1.3). We included a random effect for the 600 km2 grid cell in which the pack fell in place of a packspecific random effect to account for repeated observations among years. We then refit the GLMM.
We tested our model by comparing predicted versus observed mean pack size each year (2005 – 2018).
We first measured mean values for model covariates in each 600 km2 POM observation grid cells, then
predicted pack size per cell by applying the model covariates to each cell. We next obtained the
probability of occupancy in each cell for each year from 2007 – 2018 (when occupancy data were
available) from MFWP’s occupancy model (Sect. 1.1; Inman et al. 2019). We calculated the annual mean
predicted pack size of cells with ≥50% probability of occupancy. For 2005 and 2006 (when occupancy
estimates were unavailable), we predicted pack size per cell known to have a pack. We estimated a linear
regression of these predicted versus observed annual mean pack sizes. If the regression slope estimate’s
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95% CI overlapped 1.0 (Rich et al. 2012), we
considered the model to reliably estimate
annual mean pack size.

Table 1.5. The predictive model for wolf pack sizes. Variables
and their 95% confidence intervals (CIs) are reported on the log
scale.
Coefficients

Results & Discussion
The predictive model revealed a positive
relationship of pack size with pack density,
and negative relationships with ruggedness,
harvest intensity, and control removals (Table
1.5). The model reliably estimated annual
mean pack size, as the linear regression of
observed versus predicted pack sizes included
1.0 (ß = 0.81, 95% CI = 0.319, 1.307, R2 =
0.52, F1,12 = 12.84, P = 0.004).

Estimate

Lower CI

Upper CI

intercept

1.56

1.324

1.803

mean packdensity

0.44

0.259

0.624

−67.28

−99.661

−34.892

harvest intensityrestricted

−0.06

−0.158

0.043

harvest intensityliberal

−0.18

−0.257

−0.100

grid-level controlremovals

−0.03

−0.049

−0.005

ecoregion: IBE

−0.06

−0.245

0.120

ecoregion: MRE

0.04

−0.095

0.166

ecoregion: CRE

0.13

−0.019

0.286

ecoregion: GLPE

0.03

−0.327

0.390

ruggedness

ecoregion: GRPE
0.00
−0.320
0.317
Despite omitting direct information
for births, immigration, dispersal, and
deaths, our model successfully
predicted annual mean pack size
for wolves in Montana (Fig.
1.17). The model can be used
alongside the mechanistic
territory model (Sells and
Mitchell 2020) and existing
occupancy model (Miller et al.
2013, Rich et al. 2013) to
estimate wolf abundance with
limited data. Our predictive
model for pack size therefore
directly fulfills a conservation
need by facilitating estimates of
Figure 1.17. Predicted annual mean pack sizes reflected observed mean pack
wolf abundance with limited
sizes for wolves in Montana from 2005 – 2018. Predictions were derived using
our model for wolf pack sizes.
data.

1.7 Integration of Models: iPOM
As our final step under Objective 1, we incorporated the territory and pack size models into iPOM to
estimate wolf abundance.
Methods
Occupancy
To predict where wolves occurred in Montana each year from 2007 – 2019, we fit the multi-season falsepositives occupancy model from POM in a Bayesian context (Bassing et al. 2019). Details of the original
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model are provided in past publications (Miller et al. 2013, Rich et al. 2013, Inman et al. 2020). We
retained the original observation grid for Montana as 600 km2 cells (hereafter, the iPOM grid). We
assigned to grid cells the locations of wolves based on monitoring effort by MFWP Wolf Specialists and
wolf sightings reported by hunters each fall. To demarcate approximate territory centroids for packs, Wolf
Specialists monitored packs each year to verify presence using a combination of trail cameras, visual
observations, and telemetry collars. MFWP conducted annual Hunter Harvest Surveys of a random
sample of 50,000 – 80,000 deer and elk hunters annually to obtain wolf sighting reports. Hunters spent
1.8 – 2.2 million hunter days each fall pursuing deer and elk (fwp.mt.gov), providing many observers
across Montana. Hunters were queried about dates and locations of any sightings of groups of 2 – 25
wolves.
To develop encounter histories, we divided the 5-week general rifle season (occurring each year around
late Oct through Nov or early Dec) into one-week encounter periods and mapped locations of pack
centroids and hunter observations for each week. Based on past work (Miller et al. 2013, Rich et al. 2013,
Inman et al. 2020), we included model covariates for detection as: 1) hunter days per km2 in each hunting
district (an index to spatial effort), 2) proportion of mapped wolf observations (a correction for effort,
accounting for the number of hunter observations with coordinates versus the total reported, including any
sightings with vague location descriptions), 3) densities of low-use forested and non-forested roads
(indices of spatial accessibility), 4) a spatial autocovariate (the proportion of neighboring cells with
wolves seen out to a mean dispersal distance of 100 km), and 5) patch area sampled (because smaller cells
on the border of Montana, parks, and tribal lands have less hunting activity and therefore less opportunity
for hunters to see wolves). We also included cell size as a nuisance parameter to account for varying cell
sizes. Model covariates for occupancy, colonization, and local extinction included a principal component
constructed from several autocorrelated environmental covariates (percent forest cover, slope, elevation,
latitude, percent low use forest roads, and human population density), and recency (the number of years
with verified pack locations in the previous 5 years).
Using these pack locations and model covariates, we fit the multi-season false-positives occupancy model
to estimate psi, the probability of occupancy (ψ). We used pack centroids to estimate probabilities of false
positives, true positives, and false negatives (Miller et al. 2013). We estimated ψ for tribal lands and
national parks, where no hunter survey data were available, via modeled covariates.
We used Markov chain Monte Carlo (MCMC; Brooks 2003) methods in a Bayesian framework to fit the
occupancy model using program R 3.4.1 (R Core Team 2020) and package rjags (Plummer, Stukalov and
Denwood 2019) that calls on program JAGS 4.2.0 (Plummer 2003). We ran 3 chains for 10,000 iterations,
after an adaptation phase of 10,000 iterations and a burn-in of 10,000 iterations. We did not thin the
MCMC chains.
Territory size
We used the mechanistic wolf territory model (Sect. 1.4) to predict territory size each year from 2007 –
2019. Monitoring data indicated that pack densities in Montana changed at different rates in different
places. The mechanistic model demonstrated the strong effect of competition on resulting space use (Sect.
1.2 – 1.4). Accordingly, as described in Sect. 1.4, we applied the model to predict territory sizes at a wide
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range of possible pack densities (𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑇𝑇 ) and resulting levels of competition. We used the model to
also generate a modified measure of territory size for each pack that accounted for overlap:
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑁𝑁𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠−𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ𝑒𝑒𝑒𝑒 + 𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡−𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ𝑒𝑒𝑒𝑒 − 𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ𝑒𝑒𝑒𝑒−𝑠𝑠ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 + ∑𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ𝑒𝑒𝑒𝑒−𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎
where Nselected-patches was the number of selected patches, Ntravel-patches was the number of patches crossed to
reach selected patches from a pack’s territory center, Npatches-shared was the number of Nselected-patches and
Ntravel-patches used by >1 pack, and
𝑛𝑛
1
∑𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ𝑒𝑒𝑒𝑒−𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 = �
𝑖𝑖 𝑁𝑁𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜
where for each patch i - n, Nowners was the number of owners at the patch. This slightly modified measure
of territory size negated the need for specific estimates of territory overlap in the final iPOM calculations.
Model output was saved as tables of each pack’s territory size and location.
Table 1.6. Density identifier model results. Ecoregions
To identify the appropriate level of competition to use
refer to codes on Fig. 1.3.
for iPOM, we developed a density identifier model. In
earlier model applications, we modeled competition by
Coefficients:
Estimate
SE
Pr(>|t|)
simulating territories at the set of known pack centroids
Intercept
-6.849
3.998
0.092
each year. The resulting iPOM estimates were highly
comparable to our final iPOM results. In the future,
areaoccupied
0.003
0.000
<0.001
however, this application of the mechanistic model
IBE
16.580
9.649
0.091
would have required the time-consuming task of reMRE
10.650
6.262
0.094
running simulations every year. Our density identifier
NRE
-10.660
6.421
0.102
model provided the alternative, simpler link to
identifying the approximate degree of competition each
GLPE
6.671
5.031
0.190
year. For each ecoregion and year from 2007 – 2018, we GRPE
9.815
5.623
0.086
tallied the number of verified packs (Npacks-verified) from
areaoccupied × IBE
-0.003
0.003
0.294
field monitoring and calculated area occupied
areaoccupied × MRE
-0.001
0.000
0.012
� multiplied by the area of
(∑areaoccupied), which was ψ
areaoccupied × NRE
0.000
0.000
0.416
the ecoregion (ecoregionarea). We then fit a linear model
in the form of:
areaoccupied × GLPE
-0.002
0.001
0.034
𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝−𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 ~ ∑𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 × 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝐼𝐼𝐼𝐼
areaoccupied × GRPE
-0.003
0.001
<0.001
This formalized the strong relationship between total
area occupied per ecoregion and known packs within (R2 = 0.98; Table 1.6). Accordingly, the model
enabled identifying the appropriate density for each ecoregion in each year (densityidentified), solved for as:
𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝−𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 ÷ 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 × 1000
Finally, we subset the mechanistic model’s estimated territorysize to the 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑇𝑇 matching the
𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 per ecoregion, per year. This provided territorysize-distribution, the spatially-explicit
distributions of territory size estimates appropriate to local conditions over time. We assigned each
distribution of values to the iPOM grid cells within that ecoregion for that year.

Importantly, the density identifier model provides a means to easily apply the mechanistic model beyond
2019. Even if minimum pack counts become unavailable or less accurate in future years through reduced
monitoring effort, the estimated area occupied in each ecoregion will enable predicting the yearly,
ecoregional-specific level of competition. This approach also helps account for observational uncertainty
in the number of packs reported each year.
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Pack size
We applied the predictive pack size model (Sect. 1.6) to each iPOM grid cell each year. We used the
resulting mean and standard deviation estimated for each grid cell in each year to create gamma
distributions that were spatially and temporally explicit estimates of pack size and its uncertainty. These
distributions, groupsize-distribution, informed abundance calculations during final steps.
Abundance estimates
We estimated numbers of packs and wolves for each year, 2007 – 2019, by combining predictions from
the 3 models (Fig. 1.18). We calculated results at the state and MFWP regional levels. To do so, we
calculated mean estimated occupancy (𝜓𝜓�) across iPOM grid cells, then calculated area occupied
(areaoccupied) as:
𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 = 𝜓𝜓� × ∑𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎
where ∑gridarea was the sum of grid cell areas. We calculated the number of estimated packs as:
𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 ÷ 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
where values for territorysize were drawn with replacement from territorysize-distribution for each iteration of
the MCMC chain. Values for territorysize were therefore spatially explicit and biologically appropriate to
the local conditions each year and accounted for uncertainty. We then calculated the number of estimated
wolves as:
𝑁𝑁𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 = 𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 × 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 × 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
where packsize was drawn from groupsize-distribution and lonerate accounted for lone and dispersing wolves. For
packsize we drew for each iteration of the MCMC chain a random value from groupsize-distribution. This
provided spatially explicit and biologically appropriate values for local conditions each year while
incorporating model uncertainty about pack size. We modeled lonerate by drawing for each iteration of the
MCMC chain values from a normal distribution assuming a mean of 1.125 and standard deviation of
0.025. This yielded a loner/disperser rate of 12.5% and incorporated variation and uncertainty around this
rate, as 95% of values drawn were 7.6 – 17.4%. We selected these values based on studies documenting
that on average, 10 – 15% of wolf populations are comprised of lone or dispersing wolves (Fuller et al.
2003). This is consistent with Idaho’s calculations for lone wolves (Holyan et al. 2013) and slightly more
conservative than Minnesota’s calculations, which add 15% (Erb et al. 2018).
To account for uncertainty and calculate credible intervals (CI’s) for all parameters, we retained posterior
estimates of 10,000 values for each and calculated the median value and 2.5% and 97.5% values (creating
95% CI’s) for 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 , 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 , 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 , 𝑁𝑁𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 , and 𝑁𝑁𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 . We calculated density of
packs per 1000 km2, wolves per 1000 km2, and population growth (lambda, λ). We also calculated harvest
rate as the annual number of wolves harvested divided by 𝑁𝑁𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 . As with all harvested populations,
harvest rate would appear somewhat lower if the annual population peak was used in the denominator;
however, this peak cannot be known without data for all births, deaths, and dispersals.
We repeated these calculations for MFWP management regions by completing each step described above
at each subsetted group of grid cells by region. Grid cells were categorized by the region in which the
majority of their areas fell.
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Figure 1.18. The iPOM approach combines 3 separate models to estimate the numbers of packs and wolves in Montana. Statewide
estimates are shown.

Results
Each year (2007 – 2019), 50,026 – 82,375 hunters responded annually to the wolf sighting surveys. From
their reported sightings, 1,064 – 3,469 locations of 2 – 25 wolves were mapped each year. Percent of
hunters reporting a wolf sighting ranged from 4.5% (2017) to 7.5% (2011).
From 2007 – 2019, estimated area occupied by wolf packs in Montana ranged from 38,424 km2 (95% CI
= 33,041 – 44,642) in 2007 to 77,563 km2 (95% CI = 72,209 – 83,739) in 2012 (Table 1.7). The estimated
distribution of wolves from the occupancy model closely matched the distribution of field-confirmed wolf
locations (verified pack locations and harvested wolves; e.g., Fig. 1.7).
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Table 1.7. iPOM results, 2007 – 2019.
Year

Area
Occupied

LCI Area
Occupied

UCI Area
Occupied

Packs

LCI
Packs

UCI
Packs

Wolves

LCI
Wolves

UCI
Wolves

2007

38424

33041

44642

91

76

107

650

547

771

2008

49264

43808

55574

118

103

136

845

734

970

2009

61148

55620

67198

153

136

171

1023

908

1147

2010

63594

58365

69332

161

145

180

1145

1024

1280

2011

71594

66458

77392

187

170

206

1254

1136

1383

2012

77563

72209

83739

205

187

224

1203

1095

1320

2013

77247

71901

83259

205

187

224

1210

1102

1326

2014

72244

67074

78056

191

173

210

1132

1026

1250

2015

74764

69780

80176

200

182

219

1189

1082

1306

2016

70674

65859

75914

189

172

208

1126

1020

1242

2017

69374

64824

74526

186

169

205

1113

1005

1227

2018

71218

66661

76574

193

175

211

1150

1045

1267

2019

71723

67183

76986

193

176

212

1156

1052

1270

Estimated territory size varied (Fig. 1.19). Considering grid cells likely occupied by packs (defined as ψ ≥
0.5), territory size was estimated to be largest in the Middle Rockies (the MRE, southwest MT) and
second largest in the Canadian Rockies (the CRE, including Glacier National Park and the Bob Marshall
Wilderness), followed by the Northern Rockies (the NRE, northwest MT) and the Idaho Batholith (the
IBE, the Bitterroot area).
Territory size was greatest in
2007 and dropped thereafter,
except in the IBE where
territory size remained stable.
Estimated pack size also
varied (Fig. 1.19).
Considering only grid cells
with ψ ≥ 0.5, mean pack size
was estimated to be similar
across ecoregions (an
approximate difference of < 1
wolf per pack in most years).
Pack size was estimated to
generally be slightly larger
than average in the NRE,
approximately equal to
average in the CRE and MRE,
and slightly smaller than
average in the IBE. Pack sizes
Montana Wolf Monitoring Study

Figure 1.19. Estimated territory size and pack size in western Montana for cells with ψ ≥
0.5 (i.e., having higher likelihood of being occupied). Ribbons indicate 95% credible
intervals. Dashed line is the overall mean for western Montana. (Eastern Montana
ecoregions were estimated to have few packs each year and are not shown.)
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Figure 1.20. Estimated number of packs and wolves statewide, 2007 – 2019. Ribbons indicate 95% credible intervals.

were larger in the earlier years (prior to harvest) and have since declined by approximately 1 wolf per
pack, on average.
Estimated numbers of packs and wolves varied through time (Fig. 1.20; Table 1.7). The population was
estimated to have been smallest in the first year of our analysis (2007), with 91 packs (95% CI = 76 –
107) and 650 wolves (95% CI = 547 – 771). Population growth was positive through 2011 (Fig. 1.21). A
peak in total wolves appears that year, with a high of 187 packs (95% CI = 170 – 206) and 1254 wolves
(95% CI = 1136 – 1383). This 2011 peak coincided with the first years of harvest management in
Montana, after which the population declined by 7.8% in total wolf abundance between 2011 and 2019.

Figure 1.21. Population growth rate varied over time and space. Facets show lambda by MFWP region (regions 1 – 5) and the
full state (λ > 1.0 = increasing population, < 1.0 = decreasing population.
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λ alternated from slightly >1.0 to
slightly <1.0 (positive and negative
growth rates, respectively) during this
time. From 2016 – 2019, the
population appears to have become
somewhat stabilized with an average
of 190 packs and 1136 wolves per
year. This was despite a harvest rate
estimated at >20% per year over this
same period (Fig. 1.22).
The estimated numbers of packs and
wolves varied spatially (Fig. 1.23).
Pack and wolf abundances were
consistently greater in MFWP Region Figure 1.22. Estimated statewide harvest rate, 2007 – 2019. Ribbons indicate
1 (which contains most of the NRE
95% credible intervals.
and CRE; Fig. 1.3). Annually from
2007 – 2019, 37 – 43% of packs in Montana were found in Region 1, which also contained an average of
41% of the wolf population (Fig. 1.24). The next most populous area was Region 2, with 24 – 26% of
total packs and 26% of the wolf population. Region 3 contained 19 – 25% of packs and 21% of the wolf
population. Regions 4 – 7 each contained only ≤ 1 – 9% of packs and 1 – 7% of wolves. As the number of
packs and wolves changed through time (Fig. 1.23), the proportion of packs and wolves in each region
stayed relatively consistent, with slight increases in Regions 1 and 4, and slight declines in Regions 3 and
5 (Fig. 1.24).
Wolf densities varied over space and time (Fig. 1.25; Appendix A). Densities were estimated to be
greatest in MFWP Region 1 (ranging 6.41 – 13.30 wolves per 1000 km2 from 2007 – 2019), followed by
Region 2 (6.62 – 12.44) and Region 3 (3.23 – 5.06). Regions 4 – 7 had ≤ 1.42 wolves per 1000 km2.
Regions 1 and 2 saw the greatest increase in densities from 2007 through the population peak, with a

Figure 1.23. Estimated number of packs and wolves by MFWP region, 2007 – 2019. Ribbons indicate 95% credible intervals.
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Figure 1.24. Proportion of packs estimated per MFWP region and year, and total mean % of wolves per region. (Annual
% of wolves followed similar trends to that of packs shown in the left panel.)

smaller change in density in Region 3 and largely consistent densities in Regions 4 – 7. Annual maps of
pack and wolf densities demonstrate close alignment between known packs, locations of wolf harvests,
and predictions from iPOM (Appendix A).
Discussion
We developed a multi-model approach to estimate wolf abundance in Montana. This approach addresses
important assumptions of original methods for estimating wolf abundance by incorporating an occupancy
model (Miller et al. 2013; Rich et al. 2013; Inman et al. 2020) and biologically-based models for territory
and pack size (Sells et al. in press;
Sells et al. in review a, b).
Although monitoring has been a
central component to Montana’s
wolf recovery efforts for > 3
decades, it became increasingly
challenging as wolf populations
grew and limitations in staff time
and funding were reached. In
contrast, our models for territory
and group size provided accurate
estimates with limited data. This
reduces monitoring needs while
providing more accurate
abundance estimates founded on
biology and behavior of wolves.
(A recommended monitoring
Figure 1.25. Wolf densities varied by region and year. Ribbons indicate 95%
program is provided in Section 4.) credible intervals.
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Statewide estimates of abundance from iPOM were consistently greater than numbers reported from
monitoring, as expected given that monitoring provided only minimum counts (Fig. 1.26). iPOM
estimates were likewise greater than previous POM estimates. This was expected because POM assumed
territory size was consistent over space and time, and this assumption was clearly violated (Sect. 1.3 –
1.4). POM also incorporated an overlap index in attempt to account for changing spatial dynamics over
time, but this ad hoc approach was not tested or biologically based and its effects on accuracy were
unknown. Additionally, POM could not accurately estimate regional abundances due to the lack of
spatiotemporally-specific estimates of territory and pack size (Fig. 1.27). In contrast, behavioral models
informed iPOM to incorporate biologically appropriate estimates of territory and pack size at both
statewide and finer spatial scales.
The ability to predict abundances at regional scales will enable managers to make decisions using the best
available estimates for the local population. Regional estimates from iPOM demonstrate large variations
in pack and wolf abundances across space and time (Figs. 1.23 – 1.25). These estimates align with the
expectations of MFWP Wolf Specialists familiar with local pack dynamics. They also reveal how many
packs may have been unverified each year. Generally, only a small number of additional packs were
estimated to been excluded from verified minimums (Fig. 1.28). The largest differences occurred in
Region 1 in recent years; this is attributable in part to a change in field personnel (Coltrane et al. 2015).
This area has also received numerous public comments that the wolf population was higher than the
annual minimum counts.
Because population dynamics are in constant flux, pack and wolf abundances will fluctuate through the
year. Our estimates are thus approximate and expected to be closest to truth in the late fall and early
winter (when hunter surveys and final monitoring efforts occur). Importantly for management decisions,
not all estimated packs may have existed through each calendar year due to pack dissolutions or
extirpations (e.g., arising from mortalities, competition among packs, etc.). Breeder mortalities may
particularly influence pack dissolution (Brainerd et al. 2008) and these mortalities have likely increased
under harvest. Large populations such as estimated in Montana in the past decade also likely experience
intensive competition, which may cause greater pack turnover due to dynamic fluctuations in territory
mosaics (Sells et al. in review a).

Figure 1.26. Estimated number of packs and wolves from iPOM versus previous POM estimates and minimum counts, 2007 –
2019. Ribbons indicate 95% credible intervals for iPOM.
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Although the estimated area occupied
doubled from 2007 to 2012, area
occupied has largely stabilized since
2012 at slightly lower values from this
peak. The extent to which this
stabilization represents a population
responding to density dependent
factors versus hunting and trapping is
uncertain. However, our territory
model demonstrated that increasing
levels of competition generally result
in territory compression as desirable
areas are competed for and claimed
(Sect. 1.2 – 1.4). Accordingly, the
distribution of territories may not
appreciably change even as territory
dynamics fluctuate within. Our group
size model also demonstrated evidence
of large packs in areas of greater pack
densities, suggesting less dispersal in
response (Sect. 1.5). Both features
point to density dependence, but
effects of harvest cannot be ruled out,
particularly given that area occupied
largely plateaued coincident with
increased intensity of harvest. It also
remains likely that human social
tolerance has prevented the successful
long-term expansion of wolves into
central and eastern Montana, as new
packs are often discovered and may be
removed through harvest.

Figure 1.27. Estimated number of packs and wolves per MFWP region
from iPOM versus previous POM and minimum counts. Ribbons indicate
95% credible intervals for iPOM. Based on what is known from minimum
counts and expert knowledge of MFWP Wolf Specialists, POM appears to
cause over- and under-counts relatively frequently. (E.g., any estimate <
minimum counts is clearly underestimated.)

The occupancy model carries
important assumptions. Grid cells are
assumed to be independent such that the same wolves do not overlap multiple grid cells, and any
movement into the cell is assumed to be equal to movement out of the cell. Although individual territories
do not fall within grid cell boundaries, most territories are smaller than the cell areas (i.e., < 600 km2).
Furthermore, because the model employs territory centroids to help inform the true and false detections,
the cell predicted to have the greatest occupancy contains the core of the territory. Future work might
consider designing a new occupancy model with grid cells that vary in size according to the more
localized territory size estimates.
Although hunter surveys could theoretically bias occupancy estimates given sufficient mistaken or
falsified reports, there is limited evidence this occurs, and it is unlikely to affect results. The false
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positives nature of the model accounts for
these possibilities. Furthermore, 95% of
hunters surveyed did not report seeing
wolves, and suspect reports (e.g., >25
wolves sighted at one time) are rare and
automatically omitted. Sightings
furthermore align strongly with the
distribution of wolves known from
monitoring, with exception of sporadic
reports in eastern Montana. These reports
neither drive up the estimates of
occupancy nor affect overall abundance
estimates in appreciable ways, further
demonstrating the inability of hunter
reports to singly drive the estimates of
abundance.
The territory and pack size models also
carry various assumptions (Sects. 1.2 –
1.6). As with POM, consistent bias in
estimated territory or pack sizes would
also bias results. Were territory size
Figure 1.28. Difference in number of packs from iPOM versus minimum
estimates biased low or pack size
counts, 2007 – 2019. Difference of 0 would indicate all packs were
estimates biased high, the overall
identified and reported. Ribbons indicate 95% credible intervals.
population would be biased high. Unless
territory or pack size estimates were
consistently biased in the same direction across large spatial extents, however, regional- and populationlevel biases are likely to partially or fully wash out (as some areas would be slightly overestimated, while
others were underestimated). iPOM’s incorporation of spatially-explicit estimates for territory and pack
size therefore has a strong advantage over POM. By assuming a single estimate for territory and pack size
was accurate each year, POM easily biased estimates if these components were wrongly estimated.
To account for dispersing and lone wolves, iPOM includes a disperser/loner rate of 12.5% of the
estimated number of wolves living in packs. This is consistent with POM and scientific literature (Fuller
et al. 2003), and similar to methods used in other states (Holyan et al. 2013, Erb et al. 2018). In the future,
models for dispersal and lone wolf rates could be incorporated into iPOM to improve this component.
Such models would likely require intensive, expensive monitoring (e.g., collaring a high number of young
wolves to obtain sufficient data during future dispersal). To date, such efforts have been infeasible given
the difficulty of capture and high mortality and collar failure rates. iPOM can easily incorporate dispersal
and lone wolf models in the future should they be successfully developed.
Our iPOM approach is unique among the various approaches taken to monitor wolves and estimate their
abundance. Like Montana in early phases of recovery, intensive efforts may be employed to monitor as
many wolves as possible, particularly where wolf populations remain relatively small (e.g., California,
Oregon, and Washington; wildlife.ca.gov, dfw.state.or.us, wdfw.wa.gov). Many areas rely on models
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designed to estimate population parameters from monitoring data. In Finland, e.g., winter track surveys
are used to estimate the number of litters (Kojola et al. 2014). This estimation technique was effective in
only some areas and involved intensive effort (over a 2-decade period, 200,000 km of transects surveyed
primarily by ski to obtain <900 wolf track observations). Scandinavian countries have also used
individual-based models with highly informative priors to estimate population size (Chapron et al. 2016).
These priors were uniquely available for one of the most intensively-studied populations of large
carnivores in the world, and the model assumed all pairs, packs, and reproductions were detected.
Scandinavia has also used open population spatial capture-recapture models to estimate recent and future
abundance (Bischof et al. 2020). Such approaches appear highly effective when extensive genetic datasets
are available. In less well-studied populations, genetic spatial capture-recapture models may be unable to
produce estimates for some time periods, despite intensive field effort (e.g., as demonstrated for cougars
in Idaho; Loonam et al. 2020). Loonam et al. (2020) concluded that such models may be most conducive
in small areas with concentrated field effort. An integrated population model to estimate wolf abundance
in Idaho was recently developed using an extensive dataset (including 10 years of data with >1300 pack
counts and nearly 200 GPS collars; Horne et al. 2019). Time- and space-to-event modeling with cameras
have received great interest in recent years and can effectively estimate abundance and densities of
populations (Moeller et al. 2018; Loonam et al. 2020). Employing these approaches over large areas
would be costly and field-intensive, and the approaches are sensitive to camera placement and rely on
accurate estimates of animal movement speeds. Idaho (Ausband et al. 2014) and Wisconsin (Wiedenhoeft
et al. 2020; https://dnr. wisconsin.gov/newsroom/release/38041) also use patch occupancy modelingbased estimation approaches. Neither state has incorporated spatially-explicit, biologically-based models
for territory and pack size. As demonstrated, integrating these types of models is important for estimating
population size from estimates of area occupied.
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SECTION 2: ESTIMATION OF RECRUITMENT
ABSTRACT Our objective was to develop methods to estimate recruitment in wolf packs in Montana. A
model for estimating recruitment needed to produce accurate estimates and require less field data. We
developed and tested an empirical model to estimate the number of pups recruited without recruitment
data. Recruitment of wolves in Montana varied annually, and was negatively correlated with wolf
abundance and harvest, and positively correlated with pack size. Future application of the recruitment
model will require incorporation of the iPOM methodology; however, our model provides the foundation
for estimating recruitment using collaring and pack count data.
Introduction
Recruitment (i.e., number of young produced that survive to an age at which they contribute to the
population) affects population growth and may be influenced by intrinsic and extrinsic factors. Because
each breeding pair of wolves produce an average of 4 – 6 pups per year, pups tend to be the largest age
class in the population (Fuller et al. 2003). The number of non-breeding helpers influences recruitment in
many species that cooperatively breed, including wolves (Solomon and French 1997; Courchamp et al.
2002, Stahler et al. 2013, Ausband et al. 2017). Population density may also affect recruitment (Gude et
al. 2012, Stenglein et al. 2015a). Forest cover may be associated with greater recruitment because it is
associated with occupancy of wolves (Rich et al. 2013, Bassing et al. 2019) and may serve as security
cover (Llaneza et al. 2012). Winter severity may also affect recruitment by increasing the vulnerability of
ungulates to predation by wolves (Huggard 1993, Post et al. 1999, Mech and Peterson 2003). Fluctuations
in wolf populations have furthermore been linked to winter severity (Peterson 1974, Mech et al. 1998,
Mech and Fieberg 2015). Harvest both directly and indirectly reduces recruitment, as well (Ausband et al.
2015, 2017a).
Estimating recruitment of wolves is difficult. To date, MFWP has documented recruitment using the
number of breeding pairs (a male and female wolf with at least 2 surviving pups by December 31; U.S.
Fish and Wildlife Service 1994). A breeding pair estimator (Mitchell et al. 2008) could be used to
estimate breeding pairs but requires knowing pack size. Recruitment could alternatively be estimated by
comparing den site counts to winter counts (Mech et al. 1998), marking pups at den sites (Mills et al.
2008), or using non-invasive genetic sampling (Ausband et al. 2015) at predicted rendezvous sites
(Ausband et al. 2010). Each of these options are intensive, costly, and bound to be incomplete due to the
large number of wolves in the population. Accordingly, a new model for estimating recruitment needed to
produce accurate estimates and require less field data.
We developed an empirical recruitment model using the framework of an integrated population model.
Integrated population models can be a useful tool for demographic analyses from limited datasets and can
increase precision in estimates (Besbeas et al. 2002). These models generally use time-series count data to
inform changes in abundance over time, mark-recapture data to inform survival, and survey data to
inform recruitment (Abadi et al. 2010, Schaub and Abadi 2011). With this approach it is possible to
estimate recruitment with only survival and count data because changes in abundance over time contain
information on changes in vital rates.
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We adapted the integrated population model to account for the social structure of wolves. Traditional
integrated population models ignore social structure, which can greatly affect demography (Al-Khafaji et
al. 2009). A wolf population is a collection of packs and packs are collections of individuals. Within a
pack, wolves can survive, disperse, or be recruited. Packs can dissolve and new packs can form. The
processes that occur within a pack (e.g., dispersal) can affect the processes that occur among packs (e.g.,
pack formation).
We used the model to evaluate how recruitment in wolves varied across Montana. We tested hypotheses
that variation in recruitment was driven by intrinsic versus extrinsic factors. For intrinsic factors, we
expected recruitment would 1) increase with pack size given the importance of non-breeding helpers
(Ausband et al. 2017, Ausband 2018); and 2) decline with population size because conspecific aggression
can negatively affect survival (Cubaynes et al. 2014). We alternatively hypothesized that extrinsic factors
drive variation in recruitment. We expected that recruitment would 3) increase with forest cover given its
association with wolf occupancy and security cover (Llaneza et al. 2012, Rich et al. 2013, Bassing et al.
2019); 4) increase with prey abundance and winter severity by increasing the vulnerability of ungulates
(Huggard 1993, Post et al. 1999, Mech and Peterson 2003); 5) decrease with harvest via direct and
indirect effects on survival (Ausband et al. 2015, 2017a); and 6) decrease with low-use road density given
the increased access such roads provide to hunters and trappers (Person and Russell 2008).
Methods
To account for social structure of wolves, we modeled the processes that occur both within and among
packs (Fig. 2.1). We used 1) estimates of abundance from POM to inform changes in abundance over
time, 2) estimates of colonization and extinction from POM to inform group formation and extinction, 3)
group counts from monitoring to inform changes in pack size over time, 4) GPS and VHF collar data to
estimate survival, and 5) data from the literature to model dispersal (Jimenez et al. 2017). As our study
was concurrent with Project 1 (Objective 1), we used POM rather than the new iPOM approach and its
resulting estimates. We ignored adoption of individuals into the pack because we assumed it was rare. We
estimated survival using a
discrete-time proportional
hazards model with a
complementary log-log
(cloglog) link function. We
used 4 discrete periods for
survival analyses: the
denning period (April –
May), rendezvous period
(June – August), the
hunting-only period
(September – November),
and the hunting/trapping
period (December –
March). GPS and VHF
Figure 2.1. The recruitment model accounts for the hierarchy of demography in wolf
collared adult wolves from population dynamics. Blue circles represent processes that occur among packs and red circles
2007 – 2018 provided the represent processes that occur within packs.
Montana Wolf Monitoring Study

Section 2: Recruitment | 53

known-fate data to estimate survival. We did not
include wolves that were removed for livestock
depredation as these have inherent sampling bias.
Recruitment was the only parameter without data
and could therefore be estimated. We modeled
recruitment as the number of pups per pack using
generalized linear models with a log link function.
The linear predictor could then be described using
covariates to test hypotheses about factors
influencing recruitment. We included a random
year effect on survival to account for yearly
variation.

Table 2.1. Model selection results and # of parameters (K) from
integrated population models to estimate wolf recruitment from
2007-2018. Lower deviance suggests more model support, and
we considered those within a standard deviation (SD) of the top
model to have support. Explanatory variables included intrinsic
factors (population and pack size) and extrinsic factors related to
risk of mortality (harvest, forest cover, 4WD and 2WD road
density) or prey availability (average daily snow depth and elk
catch-per-unit-effort).
Model
K
Deviance
SD
𝛾𝛾 ~ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 + 𝜀𝜀𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌

3

998

300.7

3

1000

313.3

𝛾𝛾 ~ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 + 𝜀𝜀𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌

3

1200

433.3

3

1484

314.2

𝛾𝛾 ~ 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 + 𝜀𝜀𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌
𝛾𝛾 ~ 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 + 𝜀𝜀

𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌
We used the recruitment model to estimate and
𝛾𝛾 ~ 4𝑊𝑊𝑊𝑊 + 2𝑊𝑊𝑊𝑊 + 𝜀𝜀𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌
4
1964
309.1
evaluate variation in recruitment of wolves in
𝛾𝛾 ~ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 + 𝐸𝐸𝐸𝐸𝐸𝐸 + 𝜀𝜀𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌 a
4
2013.9
384.4
Montana. For intrinsic factors, we used pack sizes
reported by MFWP Wolf Specialists and the
a
Failed to converge; coefficient values not included in results.
estimated population size. We retained good and
moderate quality pack size observations (Inman et al. 2019). For extrinsic factors, we first buffered pack
centroids by 600 km2, representing the average territory size of wolves assumed under POM (Rich et al.
2012, 2013). We calculated the proportion of the buffer covered by forest using ArcGIS (ESRI 2011) and
data from the Gap Analysis Project (Wildlife Spatial Analysis Lab, University of Montana). We also
classified low-use road density as either 4-wheel-drive or 2-wheel-drive roads in areas with ≤ 25
people/km2 (Rich et al. 2013, Montana Fish Wildlife and Parks 2018) and calculated road density within
the buffer. Data for forest cover and road density were from 2013, and we assumed this varied little over
time. We used winter severity and catch-per-unit-effort (CPUE) of antlered elk as an index of prey
abundance (Lancia et al. 1996). For winter severity we used the average daily snow depth for the water
year (October 1 – September 30) from SNOTEL (https://www.wcc.nrcs.usda.gov/snow/). We estimated
CPUE for elk in each administrative region as the number of harvested antlered elk divided by the
number of hunter days using harvest statistics from MFWP (fwp.mt.gov). Harvest was a binary variable
(1 in years with harvest and 0 in years without harvest).

Two candidate models represented the intrinsic hypothesis, and 4 candidate models represented the
extrinsic hypothesis (Table 2.1). Each model also included a random effect of year to account for
temporal variation. We used Markov chain Monte Carlo (MCMC; Brooks 2003) methods in a Bayesian
framework to fit the model using program R 3.4.1 (R Core Team 2020) and package R2Jags (Su and
Yajima 2015) that calls on program JAGS 4.2.0 (Plummer 2003). We ran 3 chains for 300,000 iterations,
discarded the first 50,000 iterations as a burn-in period, and used a thinning rate of 3. We ran an
additional 100,000 iterations until convergence was reached or a maximum of 500,000 additional
iterations. We monitored convergence using visual inspection of the MCMC chains and the GelmanRubin diagnostic (Gelman and Rubin 1992). Model selection was based on posterior deviance. All results
are presented with mean and 95% credible intervals unless otherwise specified.
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Results

Table 2.2. Mean coefficient estimates (95% CRI) of covariate effects on recruitment to 5
and 17 months of age for wolves in Montana (2007-2018).

From 2007 – 2018, 163 adult
Coefficient
5 months
Pr
17 months
Pr
wolves were collared (95
Harvest
0.06 (-0.309 – 0.464)
0.62
-0.48 (-1.490 – 0.098)
0.91
females and 68 males, 19 –
2WD road density -0.07 (-0.287 – 0.141) 0.70
0.01 (-0.747 – 0.356)
0.67
47 collars per year). Of these
4WD road density
0.01 (-0.086 – 0.098)
0.65
-0.26 (-0.778 – 0.038)
0.95
wolves, 81 had an unknown
fate and were censored the
Forest cover
0.10 (-0.076 – 0.227)
0.92
-0.41 (-0.709 – -0.055)
0.98
period of their last known
Abundance
0.001 (-0.002 – 0.001) 0.68 -0.003 (-0.006 – 0.000)
0.97
location. Mortality sources
Pack size
0.06 (0.043 – 0.072)
1.00
-0.02 (-0.644 – 0.516)
0.48
for the remaining 82 wolves
included legal harvest
(n=31), control removals (n=21), poaching (n=9), other human-caused mortality (e.g., vehicle collision or
livestock conflicts; n=3), non-human mortality (e.g., natural mortality or conspecific aggression; n=6),
and unknown cause of mortality (n=7).
We excluded 358 group count observations (24.8%) classified as poor quality. The final dataset included
816 observations from 2007 – 2018. The mean observations per year was 68 (SD=21.8, range 27 – 102).
On average, each pack had 4.5 observations (SD=2.48).
The model with the lowest mean deviance included a density-dependent effect on recruitment (Table 2.1).
There was a 0.97 probability of a negative correlation between population size and recruitment rate to 17
months (Table 2.2). There was a 2.5% (0 – 5.92%) decline in recruitment with a 10% increase in

Figure 2.2. Estimates of recruitment rate (A, B; mean # of pups per pack) and total # of pups recruited (C, D) for wolves in
Montana to 5 (A, C) and 17 months of age (B, D). Line widths represent the 66% and 95% CRI. Shaded areas represent years in
which wolves were protected under the Endangered Species Act and not harvested.
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population size. The effect of
population size on recruitment
rate to 5 months was positive,
however this relationship was
uncertain (Table 2.2). Two
competing models within the
standard deviation of the top
model included 1) harvest and 2)
pack size (Table 2.1). We found a
0.91 probability that harvest was
correlated with decreased
recruitment to 17 months.
Recruitment decreased by 49%
Figure 2.3. Estimates of annual survival rate and 66% and 95% credible intervals of
(149% decrease – 9.8% increase) adult wolves. Shaded areas represent years in which wolves were protected under the
in years with harvest (Table 2.2). Endangered Species Act and not harvested.
The correlation between harvest
and recruitment to 5 months of age was positive; however, the relationship was uncertain. Pack size had a
positive effect on recruitment to 5 months of age. For each additional wolf added to the pack, recruitment
rate to 5 months of age increased by 6% (4.4 – 7.5%). The relationship between recruitment rate to 17
months and pack size was uncertain.
Recruitment rate of pups to 5 months of age and to 17 months of age varied little across years. Mean
recruitment rate to 5 months of age ranged from 3.25 (2.32 – 4.13) to 4.21 (3.28 – 5.26) wolves per pack
whereas mean recruitment rate to 17 months of age ranged from 1.40 (0.57 – 2.15) to 3.06 (1.70 – 4.63;
Fig. 2.2) wolves per pack. During years without harvest, mean recruitment rate to 5 and 17 months of age
was 3.86 (2.92 – 4.82) and 2.57 (2.14 – 3.48) wolves per pack, respectively. During years with harvest,
however, mean recruitment rate to 5 and 17 months of age was 3.80 (3.14 – 4.55) and 1.51 (0.76 – 2.13)
wolves per pack, respectively. Mean annual total number of pups recruited to 5 and 17 months was 516
(389 – 653) and 229 (103 – 347), respectively (Fig. 2.2).
Adult survival rates varied annually, and were greatest during years without harvest (0.70, 0.585 – 0.814)
than years with harvest (0.50, 0.434 – 0.555; Fig. 2.3). The biological period with the greatest survival
rate, based on non-overlapping CRIs, was the denning period (April – May; 0.99, 0.972 – 0.998) and
rendezvous period (June – August; 0.91, 0.868 – 0.947), whereas survival for the hunting-only period
(September – November; 0.78, 0.745 – 0.807) and the hunting and trapping period (December – March;
0.77, 0.701 – 0.833) were similar. The greatest difference in survival by period during years with and
without harvest, based on non-overlapping CRIs, was during the hunting and trapping period. Survival
during the hunting and trapping period for years with harvest was 0.74 (0.660 – 0.814) compared to 0.86
(0.786 – 0.919) during years without harvest.
Discussion
Using available data from monitoring of wolves in Montana from 2007 – 2018, we found that recruitment
was primarily affected by intrinsic factors. Both abundance and pack size appeared to affect recruitment,
suggesting density dependent effects of population size and pack size; however, these processes had
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opposite effects. Abundance had a negative correlation with recruitment to 17 months of age, suggesting a
negative density dependent effect. Pack size had a positive correlation with recruitment of pups to 5
months of age and indicates positive density dependence within a pack.
The evidence that recruitment to 17 months is density dependent suggests that wolves may have saturated
available habitat (Oakleaf et al. 2006) and reached some carrying capacity, whether biological or social
(i.e., human tolerance; Murray et al. 2010). Density dependence in recruitment could be due to decreasing
per capita food availability affecting pup survival, litter size, or both (Boertje and Stephenson 1992,
Sidorovich et al. 2007). We found no support for a negative effect of abundance on recruitment to 5
months of age (Table 2.2), suggesting that density dependence may not influence litter size or neonatal
pup survival in our study. This suggests that food availability, at least through September, may not be
limiting. Instead, as the population grew and prime habitat became saturated, wolves may have expanded
into marginal habitat with more human activity, potentially resulting in density dependence in survival
and recruitment to 17 months (Fig. 2.2). Gude et al (2012) and Stenglein et al. (2015a) also found
negative density dependence in recruitment of wolves in the Northern Rockies and Wisconsin,
respectively.
The evidence that presence of non-breeding helpers increases recruitment to 5 months (i.e., positive
density dependence with pack size) corroborates findings of increased survival and recruitment of pups
with increasing pack size in wolves (Ausband et al. 2017) and other species that cooperatively breed
(Koenig 1995, Solomon and French 1997, Courchamp and Macdonald 2001, Courchamp et al. 2002). By
helping guard and provision pups (Ausband et al. 2016), non-breeders may increase pup survival and
recruitment. Alternatively, the increase in recruitment with group size could be due to increased
production of pups instead of survival. Typically, only the breeding pair reproduces, but increases in both
pack size and abundance are positively correlated with multiple breeding females in a pack (Ausband
2018). Therefore, increased recruitment in larger packs could be a result of multiple breeding females and
larger litter sizes per pack.
Our results suggest that the benefit of larger packs for recruitment to 5 months did not translate to higher
recruitment to 17 months. After 5 months of age, pups begin moving with the pack and are less dependent
on care from adults (Fuller et al. 2003, Mech and Boitani 2003). Additionally, harvest mortality occurs
after pups are 5 months old, and any increase in recruitment to 5 months old in larger packs may be
negated by harvest mortality.
Although we did not find evidence of negative density dependence within groups, we only tested for a
monotonic relationship, and both positive and negative density dependence may occur (Creel and Creel
1995, Bateman et al. 2012, Stenglein et al. 2015a). There could be a threshold beyond which increasing
pack size results in decreased recruitment. In African wild dogs (Lycaon pictus), the per capita food
intake adjusted for costs was greatest at intermediate pack sizes (Creel and Creel 1995), and less food
available per individual could negatively affect recruitment of offspring.
We found support for our hypothesis that harvest negatively affected recruitment. The probability that
harvest reduced 17-month recruitment was 0.91, but this relationship was uncertain (95% credible
intervals contained zero). Uncertainty in the estimated coefficient for harvest is also likely an artifact of
our binary variable for harvest (i.e., years with and without harvest). Recruitment rate to 17 months
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included survival through the harvest season, therefore we could not account for variation in harvest rate.
Harvest rates varied annually and spatially. We attempted to account for spatial variation in risk of
harvest using increased road density as an index to increased risk. Roads provide easy access for hunters
and have been correlated with increased risk of mortality (Person and Russell 2008, Stenglein et al.
2015b). Our results suggest that this increased risk of mortality also translated to reduced recruitment,
however the negative correlation between 4-wheel-drive road density and recruitment to 17 months was
uncertain (Table 2.2). Like Horne et al. (2019), we did not find an effect of harvest on recruitment to 5
months. This was unsurprising as recruitment to 5 months precedes the harvest season.
Our estimates of recruitment and survival were comparable to other studies for wolves. Recruitment
estimates for wolves in Idaho averaged 3.2 and 1.6 pups per pack to 15 months without harvest and with
harvest, respectively (Ausband et al. 2015). Our estimates of recruitment to 17 months of age were similar
(2.57 and 1.51, without and with harvest). Recruitment of wolves in Idaho to 6 months was 4 (3.5 to 4.6)
pups per pack, similar to our estimates of recruitment to 5 months during years with and without harvest
(3.80 versus 3.86 pups per pack). Survival rate for wolves in the Northern Rockies prior to harvest
implementation averaged 0.75 (Smith et al. 2010), slightly greater than we estimated during years without
harvest (0.70, Fig. 2.3). Similarly, survival rate for wolves in an unharvested population in Wisconsin was
0.76 (Stenglein et al. 2015a). Survival rates for wolves in harvested populations in Yukon and Alaska
averaged 0.56 and 0.59, respectively (Ballard et al. 1987, Hayes and Harestad 2000), similar to our
estimates for Montana during years with harvest (0.50, Fig. 2.3). The greatest decline in survival was
during the hunting and trapping period in years with harvest, suggesting that harvest has decreased
survival in adult wolves in Montana; however, we did not explicitly test this.
Various model assumptions may have affected estimates of recruitment. We assumed that dispersal was
constant across packs and consistent with past research. Wolves appear to disperse in response to
competition for food resources and mating opportunities (Mech and Boitani 2003). Density dependence in
dispersal with group size has also been observed in wolves (Hayes and Harestad 2000) and other group
living species (Bateman et al. 2018, Woodroffe et al. 2019). Mean dispersal greater than we assumed
would likely bias our recruitment estimates low, whereas mean dispersal less than we assumed would
likely bias estimates high. We also omitted adoption of unrelated individuals into packs and assumed this
did not affect pack dynamics; if untrue, our estimates of recruitment could be biased high. Adoption of
non-breeding adults may be infrequent (Bassing 2017), however most male breeder vacancies in Idaho
are filled by non-related males (Ausband et al. 2017). Because we assumed estimates of recruitment were
predominately a result of pup production and survival, immigration into packs would also be included in
those estimates, which would bias results. We also did not account for or evaluate the effects of disease
(e.g., canine parvovirus, distemper, Mech and Goyal 1995, Mech et al. 2008), which can cause declines in
pup recruitment and contribute to spatial and temporal variation in recruitment rate (Almberg et al. 2009).
Our estimates have the potential to be biased given that we omitted collared wolves killed via control
actions because they represented a non-random sample. During this study, 10% (SD = 4.2%) of wolves
were removed for control actions annually, and relatively more were removed during years without
harvest (15%, SD = 2.1%) than during years with harvest (7%, SD = 1.8%). Therefore, our estimates of
survival may be biased high, and, consequently, our estimates of recruitment may be biased low. This is
likely a small effect because only 35% of packs had a control removal, and only 25% of packs had a
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control removal during years with harvest. Additionally, we accounted for control removals by
subtracting wolves removed from group count data in our model.
We used POM estimates of abundance, the number of packs, and pack growth rate (Inman et al. 2019).
These estimates rely on assumptions of a constant average territory size and may be biased (Sect. 1).
Future application of the recruitment model will necessitate integrating iPOM (Sect. 1.7) into the
recruitment model structure.
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SECTION 3: ADAPTIVE HARVEST MANAGEMENT FRAMEWORK
ABSTRACT: Management of large carnivore populations with harvest is contentious. Adaptive
management incorporates scientific information and associated uncertainty in a transparent process that
relates alternative management actions to explicit, quantifiable objectives to guide decision making.
Through monitoring, uncertainty can be reduced over time to improve future decisions. Our objective was
to conceptualize a decision tool for wolf management. We demonstrate how an AM framework explicitly
incorporating uncertainty in estimates of harvest, biological and sociopolitical values, and quantitative
objectives could guide decisions of harvest regulations of wolves.
Introduction
Balancing viable large carnivore populations with stakeholder needs is often challenging. Predation on
livestock and competition for ungulates are a main source of conflict (Muhly and Musiani 2009, Laporte
et al. 2010, Macdonald and Loveridge 2010, Treves et al. 2013). Livestock losses and non-lethal effects
of carnivores on livestock have negative socioeconomic impacts (Muhly and Musiani 2009, Laporte et al.
2010), and disproportionately affect rural communities. Hunters may have concerns that carnivores will
negatively affect ungulate populations and reduce opportunities for hunting (Ericsson and Heberlein
2003). Conversely, large carnivores can generate interest and revenues due to ecotourism (Tortato et al.
2017) or positive attitudes due to perceived ecosystem services and their role in wildlife communities
(Ritchie et al. 2012, Treves et al. 2013).
Management of wolves in Montana is subject to many similar challenges. The Montana Wolf
Conservation Strategy (MFWP 2002) requires a minimum of 15 breeding pairs (a male and female wolf
with ≥ 2 pups that survive until December 31) and 150 wolves to have a regulated, public harvest season.
Harvest has accordingly occurred since delisting in 2011; however, harvest decisions are challenging due
to conflicting values and objectives from stakeholders, which include federal and state agencies, hunters,
the general public, wildlife enthusiasts, and livestock producers. Surveys have shown that many
Montanans feel that wolves negatively affect the economy, likely due to livestock losses and the
perceived or realized loss of hunting revenues from decreased elk populations (Berry et al. 2016). Private
landowners and ungulate hunters have more positive opinions and tolerance for wolf hunting and trapping
(Lewis et al. 2012, 2018, Berry et al. 2016). Conversely, some Montanans feel wolves positively affect
tourism (Berry et al. 2016), and visitors to Yellowstone consider wolves to be a top species to view
(Duffield et al. 2006). Respondents to a general household survey of Montanans tended to agree that
wolves help maintain balance in nature (Lewis et al. 2018), and a slightly greater percentage of
Montanans had a positive opinion of wolves on the landscape than not (Berry et al. 2016 Lewis et al.
2018), though this was not true of private landowners or hunting license holders (Lewis et al. 2018).
Management of wolves through harvest is also challenging because managers cannot directly control
harvest rates. Changes in harvest regulations do not necessarily change harvest rates (Bischof et al. 2012).
Harvest rates can vary based on many factors, including weather, regulations, hunter and trapper effort
and success, and prey availability (Kapfer and Potts 2012).
There is no consensus for how harvest affects wolves (Fuller et al. 2003, Adams et al. 2008, Creel and
Rotella 2010, Gude et al. 2012). Harvest appears to be mostly an additive source of mortality for yearlings
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and adults (Creel and Rotella 2010, Murray et al. 2010, Horne et al. 2019) and to reduce pup survival and
recruitment (Ausband et al. 2015, 2017). However, wolf abundance has remained relatively stationary
despite harvest rates estimated at 0.17 to 0.36 (Inman et al. 2019). This may be due to increased
immigration into Montana or decreased dispersal (i.e., positive net immigration). Immigration and
dispersal can be important processes in dynamics of wolf populations (Hayes and Harestad 2000, Fuller et
al. 2003, Adams et al. 2008, Bassing 2017). It is unclear, however, whether net immigration occurs in
Montana and if so, how it affects wolf population dynamics.
Structured decision making (SDM) can help managers address the conflicting objectives surrounding
management of wolves. This value-focused approach provides a transparent process to relate objectives of
management to alternative actions while accounting for uncertainty (Gregory and Keeney 2002, Gregory
and Long 2009). MFWP developed objectives for wolf management in Montana during an SDM
workshop in 2010 (Runge et al. 2013) and has used the objectives to guide management since then.
Adaptive management (AM) is a special case of SDM when decisions are iterated over time or space and
outcomes uncertain. Because decisions are iterated, AM can be used to learn and reduce uncertainty to
improve future decisions (Fig. 3.1). AM entails clearly defined objectives, alternative management
actions, models to predict outcomes of actions, evaluation of tradeoffs, and a monitoring program to learn
over time (Williams et al. 2009). Objectives help determine whether management was successful
(McGowan et al. 2011, Conroy and Peterson 2013). Management actions are alternatives available to help
meet objectives. Models are used to predict consequences or outcomes of different management actions.
When there is uncertainty in how the system (e.g., population) functions, multiple models can represent
competing hypotheses. These competing models each have a corresponding model weight, representing
the support or confidence in each model. The decision model is then solved to select the management
action that best meets objectives. After management is implemented, the change in system state is
estimated via monitoring. Comparison of model predictions to monitoring data provides support for some
models over others. When time to make a new decision, the new model weights and population size are
incorporated to determine the optimal management action.
Given the multiple, conflicting objectives of
wolf management, a decision model could
evaluate how well different management
actions (i.e., harvest regulations) meet
objectives for wolf management. Our objective
was to conceptualize a flexible decision tool
for wolf management.
Methods
We developed a prototype AM framework to
demonstrate how such an approach could
guide decisions regarding harvest regulations
for wolves in Montana (Keever 2020). Using
objectives from a 2010 SDM workshop, we
simulated AM. We used population models to
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describe changes in abundance and formalized relationships between population size of wolves,
recruitment, depredation events, impacts of wolves on ungulates, and the harvest regulations and
management objectives. We considered alternative models of population dynamics, whereby Model 1
assumed net immigration of wolves into Montana was 0 and not partially compensating for harvest, and
Model 2 assumed net immigration was positive and partially compensating for harvest. We used estimates
from the literature to estimate livestock depredation events from wolf abundance (DeCesare et al. 2018)
and public acceptance of wolf harvest (Lewis et al. 2012, 2018). We used stochastic dynamic programing
(SDP; Bellman 1957, Williams et al. 2002), to determine optimal sequences of harvest regulation
decisions.
Objectives and utility functions
We used the objectives previously deemed critical to the decision, as defined during the 2010 SDM
workshop (Runge et al. 2013):
1) Reduce wolf impacts on ungulate (i.e., elk and deer) populations.
2) Reduce wolf impacts on livestock.
3) Maintain hunter opportunity for ungulates.
4) Maintain a viable and connected wolf population in Montana.
5) Maintain hunter opportunity for wolves.
6) Increase broad public acceptance of harvest and hunter opportunity as part of wolf conservation.
7) Maintain positive and effective working relationships with livestock producers, hunters, and other
stakeholders.
A reward (or objective) function helps determine how well a management action meets multiple
objectives (Conroy and Peterson 2013). We converted the values of each objective into a common scale
using utilities that ranged 0 (worst) – 1 (best). We then combined the utility values into a single value that
included the weights (relative importance) of each objective. We elicited utility functions and weights for
objectives from MFWP representatives. We also determined their risk attitudes as either risk adverse, risk
neutral, or risk tolerant. For the reward function, we combined utility values:
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑤𝑤𝑖𝑖 𝑈𝑈𝑖𝑖 + ⋯ 𝑤𝑤𝐼𝐼 𝑈𝑈𝐼𝐼
where 𝑤𝑤𝑖𝑖 is the weight and 𝑈𝑈𝑖𝑖 the utility value for objective i (Conroy and Peterson 2013). Weights for
objectives were averaged from the responses by MFWP representatives (Table 3.1). We described the
metrics, utility functions, and risk attitude for each objective below.
Reduce Impacts of Wolves on Ungulate Populations.— We measured the impact of wolves on ungulates
using a scale from 0 (no impact) to 1 (wolves are reducing ungulate populations). Wolf impacts on
ungulate populations in Montana vary greatly, even over short distances, for several reasons (Garrott et al.
2005, Hamlin et al. 2008). For simplicity, we assumed that the impact of wolves on ungulates was only a
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Table 3.1. Objectives, measurable attributes, and objective weights (relative importance) for an adaptive management
framework for gray wolves in Montana. Objectives were developed in 2010 as part of a structured decision making
workshop (Runge et al. 2013) and weights were assigned by MFWP representatives which included supervisors, wildlife
managers, and wolf specialists.
Objective
Measurable Attribute
Weight
Reduce wolf impacts on big game populations
Scale: 0 (no impact) – 1 (reducing populations) 0.246
Reduce wolf impacts on livestock
# depredation events/year
0.205
Maintain viable and connected wolf population
# wolves and pups recruited
0.255
Maintain hunter opportunity for wolves
# wolves, season length, bag limit
0.183
Increase acceptance of wolf harvest and opportunity
Percent Montanans satisfied with regulations
0.111

function of the statewide number of wolves. For application of this decision framework and tool, further
work would be required to refine the spatial scale for decision-making related to this objective, refine the
spatial scale for predicting wolf impacts on ungulate populations, or to translate statewide wolf population
size to cumulative impacts on local ungulate herds. We assumed if there were no wolves, then there was
no impact on ungulates (utility value of 1), and that an increase in the wolf population was associated
with a greater impact on ungulates and lower utility values. We used a combination of value elicitation
and function elicitation (Conroy and Peterson 2013) to determine the relationship between wolf
population size and the impact on ungulates. The most frequently selected risk attitude was risk tolerant.
Reduce Impacts of Wolves on Livestock.— We measured wolf impacts on livestock (i.e., cattle and sheep)
as number of depredation events. We estimated the events per year using the mean and variance of perwolf depredation rates before and after harvest (DeCesare et al. 2018), multiplied by the statewide wolf
population size. The frequency and number of
wolf depredations on livestock are highly
concentrated in certain areas within Montana
(DeCesare et al. 2018), and the statewide perwolf depredation rate masks this variation. To
apply this decision framework, more work
would be needed to refine the spatial scale for
decision-making, refine the spatial scale for
predicting the number of depredations, or to
translate the statewide per-wolf depredation rate
to depredation impacts in specific areas. We
assumed that 0 depredation events had a utility
value of 1 and an increase in the number of
depredation events was associated with smaller
utility values. MFWP representatives selected a
risk tolerant attitude.
Maintain Hunter Opportunity for Ungulates.—
We assumed the main effect of wolves on
ungulate hunter opportunity was through an
impact on ungulate populations. Wolves likely
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Figure 3.2. Utility functions representing the relationship between A)
wolf population size and the utility for reducing impacts of wolves on
ungulates, and B) the # of depredation events and the utility for
reducing impacts of wolves on livestock.
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had little effect on other factors
associated with maintaining hunter
opportunity for ungulates, such as
public access, and would likely not
be influenced by decisions for wolf
harvest regulations. Therefore, we
assumed that reducing impacts of
wolves on ungulates would maintain
sufficient hunter opportunity.
Maintain Viable Wolf Population.—
We measured maintaining a viable
and connected wolf population by
the number of wolves and pups
recruited. We assumed that
recruitment of < 150 wolves or 30
pups yielded 0 utility (i.e., a penalty
function), and utility increased with
Figure 3.3. Utility functions representing the relationship between A) wolf
increasing recruitment. We combined population size and the utility for maintaining a viable wolf population, and B)
utilities by taking their product (Fig. the # of pups recruited and the utility for maintaining a viable wolf population.
3.3). MFWP representatives were
risk averse for abundance and risk
neutral for recruitment.
Maintain Hunter Opportunity for
Wolves.— We used the abundance
of wolves, bag limit, and hunting
and trapping season lengths as a
metric for hunter opportunity for
wolves. We assumed wolf numbers
or recruitment rates below the
required minimum yielded no
hunter opportunity and a utility
value of 0, whereas an increase in
wolf abundance increased hunter
opportunity (Fig. 3.4). MFWP
representatives were risk tolerant
and risk neutral for bag limit and
season length, respectively. We
multiplied utility values for
abundance, bag limit, and season
length together.
Increase Public Acceptance of Wolf
Harvest.— We considered the
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Figure 3.4. Utility functions representing the relationship between A) wolf
population size, B) season length, and C) bag limit and the utility for maintaining
hunting opportunity for wolves.
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Figure 3.5. Utility functions representing the relationship between B) hunting season length, C) trapping season length, and D)
bag limit and the utility for increasing acceptance of harvest and hunting opportunity for wolves. Figure A demonstrates how
utility functions were created from the percent Montanans that thought the season was too long or too short.

percentage of Montanans satisfied with season length and bag limit as the metric for acceptance of wolf
harvest. We used survey data to predict satisfaction (Lewis et al. 2012, 2018). Survey data were
categorized as resident private landowners, resident wolf hunting license holders, resident deer/elk license
holders, and general household. We developed utility functions for satisfaction with hunting season
length, trapping season length, and bag limit separately for the 4 stakeholder groups. Survey data included
the percent of respondents that thought the season or bag limit was too short/low (suggesting they would
be more satisfied with a longer/greater season or bag limit and thus a positive relationship with season
length or bag limit), and the percent that thought season or bag limit was too long/high (suggesting they
would be more satisfied with a shorter/smaller season or bag limit and thus a decreasing line). We used
these relationships to convert satisfaction into utility values for each respondent group. We assumed that
if 0% of Montanans were satisfied with the regulations, the utility value was 0, and an increase in the
percent satisfaction was associated with an increase in utility values. MFWP representatives were risk
neutral.
For each regulation and stakeholder group, we combined utility values using the negative squared-error
loss function (Williams and Kendall 2017). This balanced competing interests of respondents, as utility
values increased with increasingly similar percentages of Montanans who thought the season was too long
versus too short. We combined the utility values of the 4 survey groups for each regulation type using the
weighted sum method with equal weights for each group. To combine the three regulation types into a
final utility value for the objective (𝑈𝑈𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ), we used a weighted sum with equal weights (Fig. 3.5):
𝑈𝑈𝑟𝑟,𝑔𝑔 = −�𝑈𝑈. 𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑟𝑟,𝑔𝑔 − 𝑈𝑈. 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑟𝑟,𝑔𝑔 �

2

𝑈𝑈𝑟𝑟 = 0.25 ∗ �𝑈𝑈𝑟𝑟,𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 + 𝑈𝑈𝑟𝑟,𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 + 𝑈𝑈𝑟𝑟,𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 + 𝑈𝑈𝑟𝑟,ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜ℎ𝑜𝑜𝑜𝑜𝑜𝑜 �
𝑈𝑈𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 0.33 ∗ �𝑈𝑈𝑏𝑏𝑏𝑏𝑏𝑏 + 𝑈𝑈ℎ𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 + 𝑈𝑈𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 �
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where 𝑈𝑈. 𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑜𝑜 and 𝑈𝑈. 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 were the utility values for the percentage of respondents who said the season
or bag limit was too short/low or too long/high, respectively. 𝑈𝑈 was the utility value for hunting
regulation 𝑟𝑟 (bag limit, hunting season length, trapping season length) and survey group 𝑔𝑔 (landowner,
wolf license holder, deer/elk license holder, household).
Maintain Positive Working Relationships.— We did not consider a utility function for maintaining
positive working relationships with stakeholders as we assumed that increasing acceptance of wolf
harvest would also increase positive relationships with stakeholders. Maintaining positive working
relationships may also require management actions beyond harvest regulations (e.g., public outreach).
Management actions
We considered 4 management actions consisting of different bag limits, hunting season lengths, and
trapping season lengths:
1) No harvest: if the population fell below established minimums.
2) Restricted: bag limit of 1 (wolves/year), 2 weeks archery, 2 weeks firearm, 4 weeks trapping.
3) Status quo: bag limit of 5, 2 weeks archery, 26 weeks firearm, 11 weeks trapping.
4) Liberal: bag limit of 10, 2 weeks archery, 38 weeks firearm, 17 weeks trapping.
Actions 2 and 4 were created from the average responses of MFWP representatives for restricted and
liberal management actions.
We predicted wolf harvest for each license-year (Keever 2020). We fitted negative binomial mixedeffects models of the relationship between number of wolves harvested and harvest regulations, social
factors (e.g., hunting and trapping effort), and ecological factors (e.g., winter severity or wolf density).
The top models for hunting included season length, method (archery or firearm), and type of season (i.e.,
archery, general, trapping, post-trapping). The top model for trapping was a function of trapping season
length. We used the mean and standard deviation (SD) of the posterior predictive distribution in a normal
distribution to draw values of the total wolves harvested for each year for each management action.
Models of population dynamics
We developed 2 per capita population models to estimate future population size and calculate the
probability of transition from one system state to any other, given an action. We predicted future
population size for the following year (i.e., annual time-step) as:
𝑁𝑁. 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡 ~ 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(𝑁𝑁𝑡𝑡−1 , 𝜙𝜙𝑡𝑡−1 )
𝑁𝑁. 𝑝𝑝𝑝𝑝𝑝𝑝𝑡𝑡 ~ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑁𝑁𝑡𝑡−1 𝜌𝜌𝑡𝑡−1 )
𝑁𝑁𝑡𝑡 = 𝑁𝑁. 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡 + 𝑁𝑁. 𝑝𝑝𝑝𝑝𝑝𝑝𝑡𝑡 − 𝐻𝐻𝑡𝑡 ,
where 𝜙𝜙𝑡𝑡 was annual survival, 𝜌𝜌𝑡𝑡 was per capita recruitment, 𝑁𝑁𝑡𝑡 was population size, and 𝐻𝐻𝑡𝑡 was number
of wolves harvested. We did not include age or sex structure because monitoring data could not
distinguish between sexes and age classes. We assumed yearlings and adults of both sexes had equal
survival, and that harvest mortality was additive. In Model 1, we assumed that net immigration into
Montana was 0. For Model 2 representing the hypothesis that net immigration was positive, we included a
term for net immigration (𝛿𝛿𝑡𝑡 ), and adjusted the above equation for adults to:
𝑁𝑁. 𝑖𝑖𝑖𝑖𝑖𝑖𝑡𝑡 ~𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑁𝑁𝑡𝑡−1 ∗ (1 + 𝛿𝛿𝑡𝑡−1 ))
𝑁𝑁. 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡 ~ 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(𝑁𝑁. 𝑖𝑖𝑖𝑖𝑖𝑖𝑡𝑡 , 𝜙𝜙𝑡𝑡−1 ).
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We used estimates of survival and recruitment for wolves in Montana to parameterize the population
models (Keever 2020, Smith et al. 2010). Because we assumed additive harvest mortality, we used the
mean and variance of non-harvest survival rates (mean = 0.73, variance = 0.003). We included
stochasticity in survival by drawing random values from a beta distribution based on the mean and
variance. For recruitment rate, we included density dependence (Keever 2020). We used a maximum
recruitment rate of 0.05 and a slope coefficient for the effect of density of -0.00114 in a generalized linear
model with a log-link function as:
𝜌𝜌𝑡𝑡 = exp (0.05 − 0.00114 × 𝑁𝑁𝑡𝑡−1 )
We included stochasticity in recruitment by drawing random values for the intercept and slope coefficient
from a gamma distribution based on the mean and variance. We assumed a mean of 0.10 and a variance
of 0.005 for net immigration and drew random values from a beta distribution to incorporate stochasticity.
We included partial controllability in harvest by drawing the annual total number of wolves harvested
from the posterior predictive distribution described above.
To estimate the probability of transitioning from one population state to another given a management
action, we initiated the population size randomly within each discretized population state for 50,000
iterations. We used the 2 population models and their respective model weights to predict abundance the
next year. We discretized population size by rounding to the nearest 10 wolves and used the frequencies
of predicted population size to create state transition matrices. We derived probability mass functions
describing the probability of transitioning from one system state to another. We discretized model weights
in increments of 0.1, from 0.1 to 0.9. This yielded 10,000,000 simulations (200 population states × 50,000
iterations) for each of the 4 harvest management actions under each model weight state.
Optimization and simulation
We used SDP to compute the optimal set of management actions (Bellman 1957, Williams et al. 2002,
Puterman 2014). We solved the problem by maximizing the expected cumulative reward value over the
infinite time horizon using policy iteration in R v3.6.1 (R Core Team 2020) with package MDPtoolbox
(Chadès et al. 2017). We assumed a discount factor close to 1 (i.e., 0.99999; Puterman 2014), indicating
the value of a resource in the future is the same as the value now. Because the optimal management
actions depended on population size and model weight, uncertainty could be reduced by implementing the
optimal management actions and updating model weights. We used a passive adaptive framework and
updated model weights using Bayes’ theorem in 2 simulations to predict median annual population size,
number of pups recruited, number of depredation events, and reward values for how well each
management action met objectives.
We first simulated a population for 100 years. Each year, the optimal management action was selected
and enacted, and the population and model weight states were updated. We updated model weights
assuming Model 1 was correct, then Model 2 was correct. E.g., we used abundance estimates from Model
1 as the mean in a normal distribution with an SD of 20% to draw an estimate for the observed data, then
determined its normal likelihoods given the estimates for each model with an SD of 20%.
We next simulated the Montana wolf population from 2011 – 2018 using the management actions enacted
by MFWP each year. We used the status quo for 2012 – 2018, and restricted management for 2011 –
2012. To update model weights, we compared predictions from the competing models to the estimated
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abundance of wolves from original POM estimates (Inman et al. 2019). To account for uncertainty in
estimated abundance, we resampled the estimates 1000 times for each year and replication from a normal
distribution using the reported mean and SD. We took the mean model weight for each replication and
resampling run to get the annual weight for both models.
Sensitivity analyses
We evaluated model performance and sensitivity of results to uncertainty in parameter values,
construction of utility functions, and weights of objectives (Keever 2020). We used one-way sensitivity
analysis (Conroy and Peterson 2013) to test sensitivity of the optimal decision reward value to uncertainty
in parameter estimates. We also used response profile sensitivity analysis (Conroy and Peterson 2013) to
identify how the optimal decision changed across a range of parameter values. To assess sensitivity of
results to utility functions and risk attitude, we compared the reward values for each risk attitude. We
evaluated sensitivity of the expected reward values to weights for objectives using indifference curves.
Lastly, we evaluated the sensitivity of evolving model weights to bias in abundance estimates of wolves.
Estimates of wolf abundance from POM hinge on assumptions about territory size (Sect. 1). Therefore,
we tested the sensitivity of model weights to a 15% change in annual estimates of abundance.
Results
Median population size, number of pups recruited, number of depredation events, and the reward value
differed for the 4 management actions (no harvest, restricted harvest, status quo, and liberal harvest) when
the weights of the 2 population models were equal. No harvest had greater median number of depredation
events per year (Fig. 3.6A). Restricted harvest was expected to have slightly more depredation events than
the status quo or liberal harvest. Total pups recruited was expected to be greatest under more restrictive
harvest (Fig. 3.6B). Total harvest was a median of 66 wolves under restricted harvest, 225 under status

Figure 3.6. Expected annual performance from 2 competing models of wolf population dynamics with equal model weight
under 4 management actions: no harvest, restricted harvest, status quo, and liberal harvest. The figures show the median
expected A) # of depredation events, B) # of pups recruited, C) total harvest, and D) future population size as a function of the
current state (i.e., abundance) of the population and management action. The black line in D represents a stationary population.
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quo, and 253 under liberal harvest (Fig. 3.6C). Generally, no or restricted harvest yielded greater expected
future population sizes (Fig. 3.6D).
More liberal harvest regulations had greater utility than no or restricted harvest for the objectives to
reduce impacts of wolves on ungulates, reduce impacts of wolves on livestock, maintain hunter
opportunity for wolves, and increase public acceptance of wolf harvest (Fig. 3.7). Conversely, utility for
maintaining a viable wolf population was greatest under no or restricted harvest. The median reward for
each management action differed across population states.
Policy plots showed that the optimal management action varied little with different model weights (varied
by ~ 150 wolves for 0.1 and 0.9 model weight; Fig. 3.8). In general, the optimal management action was
no harvest when population size was < 170 wolves, restricted harvest when the population was 170 – 280
wolves, status quo harvest when 280 – 1330 wolves, and liberal harvest when >1330 wolves (Fig. 3.8).

Figure 3.7. Utility values for the objectives (A-E) and the mean expected reward value for meeting all objectives (F) for harvest
management of wolves in Montana, 2011-2018, as a function of current abundance (Current N). Objectives included: A) reduce
impact of wolves on ungulate populations, B) reduce impact of wolves on livestock, C) maintain viable and connected wolf
population, D) maintain hunter opportunity for wolves, and E) increase public acceptance of wolf harvest. The management
action with the greatest utility or reward does best at meeting that objective. given population size.
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Figure 3.8. Optimal harvest management strategies for wolves as a function of current abundance and support for the model
with no net immigration (Model 1 weight). Decisions included no harvest, restricted harvest, the status quo, and liberal harvest.

Figure 3.9. Expected annual performance from simulations of passive adaptive harvest management of wolves. The expected
performance metrics were derived from the weighted average of 2 models of wolf population dynamics (Model 1: no net
immigration, left column; Model 2: positive net immigration, right column). Performance included expected A) population size,
B) # of annual depredation events, C) # of pups recruited, and D) change in Model 1 weight. Shaded areas are 50, 80, and 95%
quantiles.
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Figure 3.10. Expected annual performance from simulations of passive adaptive management for wolves in Montana from 2011
– 2018 based on harvest decisions implemented by MFWP. The expected performance metrics were derived from the weighted
average of 2 models of wolf population dynamics (Model 1: no net immigration, Model 2: positive net immigration). Figures
include A) predicted population size (line) compared to estimates of abundance (points), B) median # of annual depredation
events (line) compared to # of verified depredation events (points), C) median # of pups recruited (line) compared to estimates
of recruitment (points), and D) change in model weights with no immigration (solid) and positive immigration (dashed). Shaded
areas are 50, 80, and 95% quantiles.

The expected annual performance was similar when we assumed Model 1 and Model 2 were true. When
we simulated a population under the optimal management actions, wolf population size fluctuated around
650 wolves under both scenarios (Fig. 3.9). The expected number of depredations was ~60 events per
year, and the annual number of pups recruited was 256. Under both scenarios, weight for Model 1
increased over 100 years.
By simulating AM for the Montana wolf population from 2011 – 2018 based on the decision construct
and utility functions outlined above, we found that expected population size, number of pups recruited,
and depredation events declined (Fig. 3.10). This follows general patterns for estimates of abundance of
wolves and the number of verified depredation events in Montana (Inman et al. 2019). Over the 8-year
period, weight for Model 1 (net immigration = 0) increased from 0.50 to 0.67, and weight for Model 2
(net immigration > 0) decreased from 0.50 to 0.33 (Fig. 3.10).
Sensitivity analyses
The expected reward for meeting objectives was most sensitive to depredations per wolf, mean
recruitment of offspring, and harvest (Keever 2020). The model was least sensitive to uncertainty in
immigration rate or changes in coefficient values for the effect of harvest regulations on percentage
Montanans satisfied. As mean recruitment rate decreased, the supported management action became more
restricted (e.g., at a wolf abundance of 350, optimal management changed from status quo to restricted
harvest). As wolf abundance increased, this relationship become less pronounced. Uncertainty in adult
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survival also altered the optimal management action, but only when the population was small; the same
was true of uncertainty in total harvest and depredation rate.
The optimal management action was most sensitive to the construction of the utility function for the
objectives to maintain a viable wolf population and reduce the impact of wolves on livestock. This effect
was only observed when abundance was around 350 wolves (Keever 2020). To convert to utility values,
we assumed there was a maximum threshold beyond which the utility value was 1 (highest utility) for an
increasing function or 0 (lowest utility) for a decreasing function. For example, for the objective to
maintain a viable wolf population we assumed that beyond the threshold of 700 wolves the population
was viable and utility was 1 (Fig. 3.3A). When the maximum threshold for the viable wolf population
decreased, more conservative regulations performed better at meeting objectives.
The expected reward for meeting objectives was most sensitive to the objective weights for reducing
impacts on ungulates, reducing impacts on livestock, and increasing public acceptance of wolf harvest
(Keever 2020). Changes in weights for these objectives did not alter the optimal management action. The
optimal management action was most sensitive to objective weights for maintaining a viable wolf
population and increasing public acceptance of harvest opportunity. Although changing the weights of the
other objectives resulted in slight changes in the recommended management action, the overall reward
values for the different management actions remained close, suggesting that changes in weights would not
result in a clearly superior decision.
Reduction of uncertainty in the role of immigration to wolf population dynamics was not sensitive to a
systematic bias in estimates of abundance. We found similar change in model support with a 15%
increase or decrease in estimates of abundance (Keever 2020). When estimates were biased low, support
for no net immigration increased to 0.67 compared to 0.66 when the estimates were biased high.
Discussion
Management of large carnivore populations can be particularly challenging due to conflicting values of
stakeholders, debated science, and ecological complexity. We demonstrate how an AM framework
explicitly incorporating uncertainty in estimates of harvest, biological and sociopolitical values, and
quantitative objectives could guide decisions of harvest regulations of wolves.
From our conceptual model, we found that the optimal management actions became more liberal as the
population grew (Fig. 3.8), and the management actions differed in expected effects on wolf population
size, number of livestock depredations, and total harvest (Fig. 3.6). This result stems from the weights
placed on objectives, the models we employed to predict wolf population size, and the utility functions
that tied wolf population size to the extent to which objectives were achieved. This combination of factors
that we used to define the decision framework leads to a slightly declining statewide population
producing the best overall results. Our conceptual framework could be improved by determining optimal
management actions at finer spatial scales (e.g., by MFWP administrative regions). Whereas we evaluated
objectives and considered management actions at a statewide scale, metrics used to evaluate objectives
may vary spatially. For example, most livestock depredation events (95%) occur in 22% of Montana
(DeCesare et al. 2018), and most harvest (60%) occurs in northwestern Montana. Spatial variation in
depredation events, harvest, ungulate populations, and wolf impacts on ungulate populations would likely
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influence weight of objectives as well as the expected performance metrics (e.g., number of depredation
events) if we accounted for such variation more fully.
Optimal harvest regulations are dependent on the objectives we used, their quantification, and the set of
management actions considered. Accurately translating objectives into reward values may be the most
important component. As a metric for the objective to reduce impacts of wolves on ungulates, we used an
expert opinion-based scale from 0 (no impact statewide) – 1 (wolves reduce ungulate populations
statewide). This simplification of how wolves affect ungulates ignores functional and numerical responses
(Mech and Peterson 2003, Hebblewhite 2013, Zimmermann et al. 2015), the confounding effects of other
predators on ungulates (e.g., Hamlin et al. 2008, Rotella et al. 2018), and the documented spatial variation
in wolf impacts on ungulate populations (Garrott et al. 2005, Hamlin et al. 2008). For the objective to
increase public acceptance of wolf harvest and harvest opportunity, we used survey data to relate hunting
season length, trapping season length, and bag limit to the percent Montanans satisfied. There are other
metrics or considerations we could have included, such as overall tolerance of wolves in Montana (Lewis
et al. 2018). We made this decision because we did not have a clear way of predicting how tolerance
changed with metrics of the wolf population or harvest regulations, but it is also not clear that a changing
wolf population size or harvest regulations govern Montanans’ tolerance for wolves in Montana.
In addition to more explicit treatment of spatial variation and utility functions, objective weights affect the
optimal management decisions. Our results were sensitive to objective weights for maintaining a viable
wolf population and for increasing public acceptance of harvest as part of wolf management. Ideally, the
objective weights will reflect the values of stakeholders. However, in situations such as harvest
management for large carnivores, one set of objectives and weights that accurately reflect the values of all
stakeholders is not guaranteed. The objectives we used were established during a 2010 SDM workshop
among agency professionals and decision makers, and some stakeholder groups may not feel their values
are adequately represented in the list of objectives we used. Situations where objectives and objective
weights cannot be agreed to by all stakeholders may be better addressed with conflict transformation
(Madden and McQuinn 2014) or other decision-making approaches focused on conflict management.
Using AM, we found evidence that net immigration of wolves into Montana was 0. From 2011 to 2018,
our model for no net immigration gained support (increasing from 0.5 to 0.67). Other wolf population
models assume that immigration and emigration sum to 0 (Schmidt et al. 2015, Stenglein et al. 2015b,
Horne et al. 2019), and this assumption may be valid. A study in Idaho also found evidence that
immigration does not compensate for harvest (Bassing et al. 2020). The wolf population in Montana may
have saturated much of the prime available habitat. Immigration may be more important for colonizing or
isolated, small subpopulations (Bull et al. 2009).
Reduction of uncertainty in AM is contingent on the accuracy of the monitoring data. An assumption in
many optimization methods is that the state (here, the population size) is observed without error
(Williams 2009, Conroy and Peterson 2013). This is clearly violated in this and most ecological
applications. Estimates of abundance of wolves in Montana also rely on accurate estimates of territory
and group size (Sect. 1). We used POM estimates for our conceptual AM framework, whereas the newer
iPOM estimates may change weights of the 2 competing models. Although we found model support was
insensitive to a 15% change in abundance estimates, we did not test the effects of greater changes, and
iPOM represents a >15% increase over POM estimates. Changes in bias over time could also influence
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results. Our sensitivity analyses also revealed that at small population sizes (<350 wolves), optimal
management actions were sensitive to uncertainty in recruitment, survival, depredation, and harvest.
When uncertainty impedes effective decision making, AM can facilitate learning and reduce uncertainty
(Williams et al. 2002; Conroy and Peterson 2013). Importantly, AM can improve future decisions to
manage populations more effectively. Furthermore, as demonstrated in this AM conceptualization, AM
can include public survey data (Lewis et al. 2018). Public opinion is an influential component in wildlife
management, yet it is rarely explicitly incorporated into the decision process (McCool and Guthrie 2001).
When there is a transparent link between public input and management decisions, satisfaction with
management often increases (McCool and Guthrie 2001).
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SECTION 4: RECOMMENDED MONITORING PROGRAM
ABSTRACT Monitoring is central in wildlife management, but efficient and effective use of limited
resources requires targeted monitoring. Because wolves in Montana are managed through harvest, reliable
estimates of population size will help inform harvest regulations. We therefore recommended a
monitoring program and considerations for MFWP’s Wolf Program. Abundance estimation will entail the
continuation of hunter harvest surveys and monitoring related to the occupancy model. This includes pack
centroids, although potential exists for a reduction from current effort. Approximate locations of wolves
removed in response to livestock conflicts will be needed for the pack size model. Future monitoring of
pack size may be needed to calibrate the model, such as if changes are made to harvest regulations. Once
finalized to include the iPOM methodology, the recruitment model will require collar and pack count
data.
Introduction
Monitoring plays a central role in wildlife management. Monitoring allows managers to detect changes in
wildlife populations or habitats, evaluate effectiveness of management actions, make decisions based on
status of the resource, and facilitate learning to improve efficacy of future management actions (Nichols
and Williams 2006). Monitoring is often most useful when it is directly linked to objectives and targets
key uncertainties that impede management (Gibbs et al. 1999; Nichols and Williams 2006). Targeted
monitoring can be more efficient and a better use of limited resources compared to surveillance
monitoring (i.e., monitoring not guided by a priori hypotheses and including all aspects of a population’s
demographic and ecological factors; Nichols and Williams 2006).
Because wolves in Montana are managed through harvest, reliable estimates of population size are needed
to make informed decisions for harvest regulations. As the final step of this project, we recommended a
targeted monitoring program to provide reliable estimates of population size and inform decisions. Below,
we discuss the recommendations for iPOM and the recruitment model.
iPOM
As detailed in Section 1, the integrated Patch Occupancy Model (iPOM) is a multi-model approach
incorporating models for occupancy, territory size, and pack size (Sect. 1.7; Sells et al. in prep). The
original POM approach required numerous data inputs, including annual statewide mean group size, a
territory overlap index calculated from the statewide set of pack centroids identified each year, and a
decade-old estimate of mean territory size. These data inputs are now omitted from iPOM, enabling
monitoring to be targeted more efficiently and effectively to provide reliable estimates of wolf abundance.
Occupancy model
The occupancy model is a key element of the abundance estimates and will serve as the primary focus for
monitoring effort. Annual Hunter Harvest Surveys will continue to be needed to collect observations of
wolves each year. These surveys are conducted as part of larger MFWP operations and require minimal
added effort to include questions specific to wolf sightings.
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The occupancy model was designed to use pack centroids as a measure of true positive detection (Sect.
1.7; Rich et al. 2013, Miller et al. 2013). This will entail continued monitoring by Wolf Specialists to
verify packs each year and report approximate locations of pack centroids. Effort to detect new and
existing packs can be focused in the areas predicted by the territory model given its demonstrated
predictive ability (Fig. 1.7). Empirical data collected in past years can also help guide search effort, as
many areas continue to be used each year by wolves (Fig. 1.7). The expert knowledge of the Wolf
Specialists will continue to be invaluable for efficient and effective monitoring of pack centroids. Remote
cameras deployed strategically at suspected den and rendezvous sites or along wolf travel routes are likely
to be helpful in detecting packs. Drones may also prove useful for remotely visiting these sites to
unobtrusively search for wolves (T. Smucker, MFWP, pers. comm.). Cameras, drones, or visual surveys
could also be deployed opportunistically at kill sites of any collared ungulates.
Once a pack is detected, its centroid can be estimated using the Wolf Specialists’ expert knowledge.
Because any 600 km2 grid cell containing a centroid becomes a true positive detection regardless of the
placement of the centroid within, precise coordinates of territory centroids are unnecessary. As such, the
most efficient monitoring will entail verifying only whether a grid cell contains a pack. If a pack appears
to use > 1 cell, the cell that appears to contain the greatest use should be the one reported.
There is potential for alternative data sources to be used in place of pack centroids for true positive
detections. MFWP has expressed interest, for example, in using mortality locations of wolves harvested
by trapping and hunting to indicate cells that contain packs. Because lone or dispersing wolves may also
be harvested, safeguards will be needed to avoid over-estimation of true positive detections. For example,
a true positive detection might require ≥2 harvest locations in the cell to reduce the likelihood of
including lone or dispersing individuals. These locations might also be paired with the mapped territory
predictions and past empirical observations (Fig. 1.7); harvest locations in areas not used in the past or
predicted to hold territories could trigger independent verification of pack presence by Wolf Specialists.
We suggest that MFWP conduct sensitivity analyses to evaluate monitoring effort associated with pack
centroids and understand potential biases that might arise. Such analyses might involve gradually thinning
the pack centroid inputs into the model (e.g., 10% fewer centroids, 20% fewer, etc.) and rerunning the
occupancy model to determine effects on occupancy estimates. Harvest locations could also be included
as true positives to again compare resulting occupancy estimates. We suspect a combination of
monitoring for pack centroids and harvest locations might serve to reduce monitoring effort while
incorporating available data from harvest.
Territory model
The territory model was designed to significantly reduce monitoring effort and improve accuracy of
abundance estimates from iPOM (Sells and Mitchell 2020; Sells et al. in press; Sells et al. in review a). In
addition to the estimated area occupied, territory size has strong effects on overall abundance estimates.
The territory model’s mechanistic approach maximizes predictive ability across time and space (Aarts et
al. 2008, Sells et al. 2018) and enables predicting territorial behavior across changing environmental and
social conditions (Sect. 1.4).
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Changing levels of competition among packs are an important driver of territory size (Sells and Mitchell
2020, Sells et al. in press; Sells et al. in review a). We simulated widely ranging levels of competition to
provide a suite of predictions that can be used in future years. Higher pack densities are predicted to yield
more consistency in means and ranges in territory sizes across Western Montana (Fig. 1.14). Less spatial
and temporal variation in territory size means that a given unit of area occupied will contain a similar
estimated pack abundance regardless of where that area occurs. This is not true at low pack densities due
to the greater spatial variation in territory sizes under these conditions. Although consistently small
territories will produce higher estimates of pack abundances under iPOM, it is arguably most important to
successfully predict territory size at low pack densities both due to the spatial variation involved and risk
of over-estimating abundance for a population that might be imperiled with extirpation. Our application
of the model to conditions a decade ago demonstrates our ability to accurately predict territory sizes even
at relatively low pack densities (Sect. 1.4).
Major shifts in prey populations will also have implications for territory size. We designed our prey
indices to be general and stable by using long-term datasets to model average densities across space and
time. Where local prey abundances change sharply from the densities estimated for the previous decade,
the model’s predictions for changing prey densities can be used to calibrate territory size estimates (Sect.
1.4). This would likely have limited effects on the total abundance estimates if prey populations increase
in some areas and decrease in others (as some territories would increase in size while others decrease).
Should prey populations undergo widespread, long-term, directional changes, the territory model could be
updated and ran with new prey indices to update estimates of spatial requirements for wolves.
Many studies of space use to date have relied on deploying GPS collars, but as we discovered for wolves
in our study system, this yields a low return on investment given the costs and challenges involved. A
GPS collar costs >$2000 upfront, must be carefully maintained before and after capture, and involves
hundreds of dollars in annual data charges, along with costly battery replacements and regular servicing.
Collars more importantly require intensive effort to deploy. Trapping efforts to deploy collars occur
spring through fall (freezing injuries make winter trapping unsafe for wolves). Wolf Specialists and their
field crews may spend weeks in a pack’s territory to capture a single individual. These efforts may fail
altogether, despite these crews’ expertise. All indications point to declining capture success in recent
years, regardless of investment in effort. Wolves may be wiser to these efforts now that trapping is
employed pervasively across wolf habitat by both MFWP and recreational trappers. The alternative
method to capturing wolves is via helicopter darting, which cost approximately $3000 – $4000 or more
per wolf in contract costs, not including MFWP personnel time or collar costs. Helicopter captures require
intensive advance monitoring effort by MFWP to locate wolves, and successful aerial capture is far from
guaranteed. These efforts are furthermore dangerous both for humans and wolves; aviation accidents are a
primary cause of job-related deaths among wildlife professionals in the US (Sasse 2003) and wolves may
be injured or killed during or shortly after capture.
For this study, a substantial investment in time and resources to capture wolves using both ground and
aerial methods yielded 93 total captures over a 5-year period (Sect. 1.3; Sells et al. in press). After a
successful capture, a wolf must survive long enough with a functional collar to provide the data needed to
estimate space use. Of the 93 wolves captured, only 46% yielded sufficient data to delineate 28 pack
territories. This low rate of return on investment was due to collar failure (39% of wolves captured had
collar failure, largely within the first year or so after capture) and mortalities from harvest or other causes
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(46% of wolves captured), as well as the fact that pups and yearlings often disperse before sufficient data
can be collected (16% of captured wolves dispersed).
We designed the mechanistic territory model to maximize the utility of the data collected during this
study, and critically, to preempt a need for continued capturing and collaring for estimation of space use.
No additional monitoring data are required for territory size. If in the future there are drastic changes to
conditions related to prey or competition, however, collar data could help assess the model’s predictive
capacity, especially if any modifications are made to the model. We demonstrated the strong predictive
capacity of the model for recent and past years and expect it to continue to be predictive in future years
given its mechanistic nature (Aarts et al. 2008). Despite the challenges of collaring wolves, collaring
efforts are likely to continue into the future at least at some level for livestock conflict prevention and
response, and potentially for estimating recruitment (below). Collar data may also be collected for future
studies on wolves. Sufficient location data may thus eventually be opportunistically available to again
verify the territory model’s predictive capacity, if desired. Any apparent changes in accuracy of the model
estimates would be most problematic if consistent directional biases are observed, otherwise a
combination of both under- and over-estimation in territory size would likely cancel any major effects on
estimated wolf abundances.
Pack size
The pack size model was likewise designed to significantly reduce monitoring effort and improve
accuracy of abundance estimates from iPOM (Sect. 1.5 – 1.6; Sells et al. in review b). Pack size affects
the overall abundance of wolves during the final calculations in iPOM (Sect. 1.7). We designed the pack
size model to be general and involve minimal monitoring effort. We attempted to include the best
available data representing hypothesized connections to mechanisms driving pack size. However, the
model’s empirical nature and use of proxies will make it more susceptible to bias under changing future
conditions. Applying an empirical model beyond the conditions for which the data existed during model
development entails extrapolation based on patterns (Aarts et al. 2008). If future conditions (e.g., intensity
of harvest management) shift beyond the conditions experienced within our 14-year dataset, the effects on
pack size will be unknown, making predictions less reliable.
The only annually-changing input required for the pack size model is the number of wolves removed for
livestock conflicts in each grid cell. This will entail timely and accurate reporting to MFWP by Wildlife
Services and the public for approximate locations of wolves killed each year in response to human-wolf
conflicts (ideally, township, range, and section for sites of removals). When removals are unreported, the
grid cell’s pack size estimate will be biased slightly high, leading to a slight positive bias in overall wolf
abundance estimates. Wolf abundance estimates from iPOM could be adjusted by the sum of the
approximate number of depredation removals without coordinates plus those assumed to be unreported.
Various conditions will trigger a need to increase pack size monitoring in the future. Increased
liberalization of harvest regulations could influence pack sizes in unknown ways. Harvest regulation (no
harvest, restricted harvest, and liberal harvest) is furthermore a main driver of the pack size model. Other
conditions that may trigger increased monitoring include, e.g., a widespread disease outbreak within the
wolf population. As no data exist to model these relationships, future monitoring effort will need to
increase if such conditions occur. As with the implications of assumptions for POM (Sect. 1.1), if actual
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pack sizes drop below that estimated by the pack size model, estimated abundance would be biased higher
than the true population size. The opposite would occur if pack sizes increased from model estimates.
We conducted a simulation analysis to determine the monitoring effort needed to accurately estimate
mean pack size if conditions change in the future. We represented truth using the 2005 – 2018 pack size
dataset for good quality observations (i.e., the data used in Sect 1.5). We used these observations to
calculate the true pack size observed for each harvest intensity. We conducted the simulation by creating

Figure 4.1. Boxplots for the difference in estimated pack size from truth given the # of packs sampled. Accuracy quickly
increased with added monitoring effort. Lower and upper box edges are the 25th and 75th percentiles, respectively; whiskers
extend the smallest and largest values within 1.5 the inter-quartile range, and outliers are displayed as points. (As results were
similar across harvest regulations, we combined results for this plot.)

Figure 4.2. The mean number of wolves misestimated per pack quickly dropped towards 0 with additional monitoring effort.
(Restricted harvest more quickly reaches truth because only 106 packs were available to represent truth, so a sample of 105 packs
includes nearly the entire population.)
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monitoring schemes of {5, 10, 15...150 packs}. In the first round, 5 packs were sampled without
replacement from the dataset partitioned for the no harvest regulation. We calculated the mean estimated
pack size from this sample of 5 packs, then calculated the difference from truth. We repeated this 10000
times per monitoring scheme. We then repeated these steps for the restricted and liberal harvest
regulations. (As the restricted harvest data partition contained 106 observations, we ended the monitoring
scheme at 105 packs for this regulation.)
From our simulation analysis, we determined that accuracy quickly increases with small added
investments in monitoring. Boxplots demonstrate a strong potential for bias and low precision in
estimated pack size if few packs are sampled (Fig. 4.1). In particular, mean pack size could be strongly
over-estimated if only 5 packs are sampled. However, the chances of this extensive bias quickly diminish
with additional packs sampled. Summarized as mean effects on accuracy, sampling 5 packs will
misestimate 1 wolf per pack on average, and average accuracy quickly improves with additional pack
sampled (Fig. 4.2). Projecting these misestimates out to an example population of 150 packs enables
estimating the overall implications for estimated abundance (Fig. 4.3). This information can be used to
help balance tradeoffs in monitoring costs and accuracy of pack size estimates when choosing how many
packs to monitor. As the rate in gained accuracy declines at a sample of ≥30 packs, we suggest this cutoff
as a reasonable starting point for monitoring effort.

Figure 4.3. The overall population effect of misestimating pack size, assuming a population of 150 packs.

Recruitment Model
As detailed in Section 2, the recruitment model was designed using an integrated population modeling
approach (Keever 2020). The model inputs included POM estimates, collar data, and group count data.
To assess usefulness of the recruitment model, we conducted a simulation analysis to determine the
accuracy of recruitment estimates with variable amounts of group count and collar data. For the analysis,
we simulated a wolf population for 15 years and then sampled from the population. We first generated
100 wolf packs with group counts using a Poisson distribution with an average pack size of 7 wolves. We
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then randomly generated survival, recruitment, and dispersal rates using a uniform distribution with a
range of biologically realistic rates for each year (Murray et al. 2010, Smith et al. 2010, Ausband et al.
2015, Stenglein et al. 2015b). This allowed for yearly variation in the demographic rates, which we
recorded as truth. The simulated wolves in the initial 100 packs survived and reproduced based on these
demographic rates. We included stochasticity using a Poisson distribution for reproduction and a binomial
distribution for survival and dispersal. The number of packs was determined by generating random patch
occupancy, colonization, and extinction rates from biologically realistic rates for each year and
calculating the area occupied by wolves. We divided the area occupied by wolves by 600 km2 (Rich et al.
2012) to determine the number of packs for our truth to which estimates could be compared.
We sampled from the simulated packs and population to create datasets representing variable monitoring
effort. For group counts we randomly sampled 50, 25, and 12 packs per year. We added observation error
to these counts so that the data were also a sample of wolves within the pack. We also tested the model
without any group data. This yielded 4 total datasets (50, 25, 12, and 0 pack counts per year). For collar
data we sampled 20 and 10 wolves per year to generate known-fate observations. We then sampled and
created datasets for 20 and 10 collars every year, every 2 years, and every 5 years (6 datasets). We used
every combination of the collar and group count datasets for a total of 24 scenarios. For each scenario we
generated occupancy data by sampling 500 sites with 5 occasions per year.
We estimated recruitment using the model for all 24 scenarios. We compared estimates of recruitment to
truth and calculated the percent error for each of the scenarios. We used MCMC (Brooks 2003) methods
in a Bayesian framework to fit the model using program R 3.4.1 (R Core Team 2020) and package R2Jags
(Su and Yajima 2015) that calls on
Table 4.1. Mean percent error and standard deviation of estimates from
truth for a simulated wolf population with different amounts of collar and
program JAGS 4.2.0 (Plummer 2003).
group count data. The greater the percent error, the less accurate the
We ran 3 chains for 100,000 iterations,
estimate. The mean and SD were calculated as the mean from all group
discarded the first 50,000 iterations as a count datasets for the # of collars, and the mean from all collar datasets for
burn-in period, and used a thinning rate
group counts.
of 2.
The models for all scenarios using group
count data converged and had GelmanRubin statistics < 1.1 for each parameter.
The scenarios with 50 group counts were
most accurate in estimating recruitment
across collar datasets (Table 4.1).
Scenarios with 25 and 15 group counts
had lower accuracy in estimated
recruitment across collar datasets.
Recruitment estimates with 15 and 25
group counts and 20 or 10 collars at least
every 2 years were similar to recruitment
estimates with 50 group counts and the
same collar data (Fig. 4.4). Models for
scenarios without group count data (not
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Figure 4.4. Estimates of recruitment in # of pups per pack that survive 1 year (orange circles) from an integrated population model
compared to truth (blue circles) for a simulated wolf population with different amounts of group count and collar data.

Figure 4.5. Estimates of survival (orange circles) from an integrated population model compared to truth (blue circles) for a
simulated wolf population with different amounts of group count and collar data.
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accounting for social structure) had trouble converging, and those that did converge were less precise and
accurate than scenarios with group counts. Survival estimates for scenarios with 10 or 20 collars at least
every 2 years were relatively accurate for all amounts of group count data, and survival estimates were
inaccurate for 10 or 20 collars every 5 years with 25 group counts or less (Fig. 4.5). Estimates of
abundance were similarly accurate for all scenarios, however the scenarios without group counts were
less precise (Table 4.1).
We demonstrated that the recruitment model enables estimating the number of pups recruited per pack
and into the population (Sect. 2). Field effort to collect group counts and deploy collars would remain at
relatively high levels that may not be feasible given costs, constraints, and tradeoffs involved in this
investment. Group count data greatly increase the precision and accuracy of estimates. There appears to
be minimal gains in accuracy of estimates by increasing monitoring efforts from 15 group counts and 10
collars every 2 years to either 20 collars every 2 years, or 10 or 20 collars every year. Similarly, there
appears to be little increase in accuracy from increasing monitoring from 15 group counts and 10 collars
every 2 years to 25 group counts with the same collar data. If the recruitment model is used to estimate
and report recruitment, we therefore recommend monitoring to produce 15 group counts and monitoring
the fate of 10 collared wolves every 2 years. Importantly, because it was developed using the original
POM estimation methods, the recruitment model would have to be updated to include the iPOM
framework to make the model fully functional. Additional evaluation is warranted to test model
assumptions that may influence accuracy in estimates (Sect. 2; Keever 2020).
General Suggestions for Montana’s Wolf Program
It will be important to manage the wolf population in a manner to account for uncertainty. We suggest
that MFWP set threshold population sizes that would trigger additional monitoring effort and
management responses. In response to federal delisting criteria, the Montana Wolf Conservation Strategy
(MFWP 2002) requires a minimum of 15 breeding pairs and 150 wolves to have a regulated public
harvest season. Protections will be renewed under the Endangered Species Act if numbers drop too low.
A population of 150 wolves thus provides a definitive minimum population threshold that will trigger
cessation of public harvest. Selection of additional thresholds and resulting responses will necessitate
careful consideration of tolerance within MFWP for the risk of dropping below minimum population
targets. Presence of ≥15 breeding pairs is a safe assumption for a large and relatively stable population;
however, population thresholds could also be selected to trigger investment in the effort necessary to
update the recruitment model as a means for estimating recruitment.
Importantly, selected thresholds should be sufficiently high to allow time for both data collection and
resulting changes in management to take effect. Estimated rates of population change from iPOM could
possibly help forecast whether and when thresholds might be crossed (including by the bounds of
uncertainty from iPOM). Monitoring effort should be increased before a threshold is projected to be
reached. If the presumed cause of the decline is harvest, changes to harvest regulations represent a lever
relatively within MFWP control. In contrast, disease outbreaks in wild populations are likely to remain
beyond human control. A greater buffer of time and population size may thus be required to prevent a
population at risk of disease from falling below minimum thresholds. The same is true for large-scale
declines in prey resources. In these and other scenarios relatively beyond human control, harvest
regulations are still likely to remain an important lever for helping a population remain above selected
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thresholds. If necessary, uncertainty in iPOM estimates could be reduced through various means, perhaps
most obviously by increasing monitoring effort to verify >150 wolves on the landscape (e.g., through trail
cameras, drones, or collar deployment paired with added surveys at current wolf locations). Other
methods could also or alternatively be employed to provide estimates alongside iPOM, such as camera
trap estimation (e.g., Loonam et al. 2020) or genetic analyses (e.g., Bischof et al. 2020).

Montana Wolf Monitoring Study

Section 4: Monitoring | 84

LITERATURE CITED
Aarts, G., M. MacKenzie, B. McConnell, M. Fedak, and J. Matthiopoulos. 2008. Estimating space-use
and habitat preference from wildlife telemetry data. Ecography 31:140–160.
Abadi, F., O. Gimenez, B. Ullrich, R. Arlettaz, and M. Schaub. 2010. Estimation of immigration rate
using integrated population models. Journal of Applied Ecology 47:393–400.
Adams, E. S. 2001. Approaches to the study of territory size and shape. Annual Review of Ecology and
Systematics 32:277–303.
Adams, L. G., R. O. Stephenson, B. W. Dale, R. T. Ahgook, and D. J. Demma. 2008. Population
dynamics and harvest characteristics of wolves in the Central Brooks Range, Alaska. Wildlife
Monographs 170:1–25.
Al-Khafaji, K., S. Tuljapurkar, J. R. Carey, and R. E. Page. 2009. Hierarchical demography: a general
approach with an application to honey bees. Ecology 90:556–566.
Almberg, E. S., P. C. Cross, A. P. Dobson, D. W. Smith, M. C. Metz, D. R. Stahler, and P. J. Hudson.
2015. Social living mitigates the costs of a chronic illness in a cooperative carnivore. Ecology Letters
18:660–667.
Almberg, E. S., L. D. Mech, D. W. Smith, J. W. Sheldon, and R. L. Crabtree. 2009. A serological survey
of infectious disease in Yellowstone National Park’s canid community. PloS one 4:e7042.
Anderson, D. R., W. A. Link, D. H. Johnson, and K. P. Burnham. 2001. Suggestions for presenting the
results of data analyses. Journal of Wildlife Management 65:373–378.
Ausband, D. E. 2018. Multiple breeding individuals within groups in a social carnivore. Journal of
Mammalogy 99:836–844.
Ausband, D. E., M. S. Mitchell, K. Doherty, P. Zager, C. M. Mack, and J. Holyan. 2010. Surveying
predicted rendezvous sites to monitor gray wolf populations. Journal of Wildlife Management
74:1043–1049.
Ausband, D. E., M. S. Mitchell, C. R. Stansbury, J. L. Stenglein, and L. P. Waits. 2017. Harvest and
group effects on pup survival in a cooperative breeder. Proceedings of the Royal Society of London
B: Biological Sciences 284:20170580.
Ausband, D. E., L. N. Rich, E. M. Glenn, M. S. Mitchell, P. Zager, D. A. W. Miller, L. P. Waits, B. B.
Ackerman, and C. M. Mack. 2014. Monitoring gray wolf populations using multiple survey methods.
The Journal of Wildlife Management 78:335–346.
Ausband, D. E., C. R. Stansbury, J. L. Stenglein, J. L. Struthers, and L. P. Waits. 2015. Recruitment in a
social carnivore before and after harvest. Animal Conservation 18:415–423.
Baddeley, A., E. Rubak, and R. Turner. 2015. Spatial Point Patterns: Methodology and Applications with
R. Chapman and Hall/CRC Press, London.
Ballard, W. B., J. S. Whitman, and C. L. Gardner. 1987. Ecology of an exploited wolf population in
south-central Alaska. Wildlife Monographs 98:3–54.
Montana Wolf Monitoring Study

Literature Cited | 85

Bangs, E. E., and S. H. Fritts. 1996. Reintroducing the gray wolf to central Idaho and Yellowstone
National Park. Wildlife Society Bulletin 24:402–413.
Bassing, S. 2017. Harvest and persistence of wolf populations: variable effects of harvest on wolf packs
in the Rocky Mountains. University of Montana.
Bassing, S. B., D. E. Ausband, M. S. Mitchell, P. Lukacs, A. C. Keever, G. Hale, and L. Waits. 2019.
Stable pack abundance and distribution in a harvested wolf population. The Journal of Wildlife
Management 83:577–590.
Bassing, S. B., D. E. Ausband, M. S. Mitchell, M. K. Schwartz, J. J. Nowak, G. C. Hale, and L. P. Waits.
2020. Immigration does not offset harvest mortality in groups of a cooperatively breeding carnivore.
Animal Conservation acv.12593.
Bates, D., M. Mächler, B. Bolker, and S. Walker. 2015. Fitting linear mixed-effects models using lme4.
Journal of Statistical Software 67:1–48. <http://cran.r-project.org/package=lme4>.
Bellman, R. E. 1957. Dynamic programming. Princeton University Press, Princeton.
Berry, M. S., N. P. Nickerson, and E. C. Metcalf. 2016. Using spatial, economic, and ecological opinion
data to inform gray wolf conservation. Wildlife Society Bulletin 40:554–563.
Besbeas, P., S. N. Freeman, B. J. T. Morgan, and E. A. Catchpole. 2002. Integrating mark-recapturerecovery and census data to estimate animal abundance and demographic parameters. Biometrics
58:540–547.
Bischof, R., C. Milleret, P. Dupont, J. Chipperfield, M. Tourani, A. Ordiz, P. de Valpine, D. Turek, J. A.
Royle, O. Gimenez, Ø. Flagstad, M. Åkesson, L. Svensson, H. Brøseth, and J. Kindberg. 2020.
Estimating and forecasting spatial population dynamics of apex predators using transnational genetic
monitoring. Proceedings of the National Academy of Sciences 117:30531–30538.
Bischof, R., E. B. Nilsen, H. Brøseth, P. Männil, J. Ozoliņš, J. D. C. Linnell, and M. Bode. 2012.
Implementation uncertainty when using recreational hunting to manage carnivores. The Journal of
applied ecology 49:824–832.
Boertje, R. D., and R. O. Stephenson. 1992. Effects of ungulate availability on wolf reproductive potential
in Alaska. Canadian Journal of Zoology 70:2441–2443.
Boitani, L., P. Ciucci, and A. Mortelliti. 2012. Designing carnivore surveys. Pages 8–30 in. Carnivore
Ecology and Conservation A Handbook of Techniques. Oxford University Press, Oxford.
Börger, L., B. D. Dalziel, and J. M. Fryxell. 2008. Are there general mechanisms of animal home range
behaviour? A review and prospects for future research. Ecology Letters 11:637–650.
Bowler, D. E., and T. G. Benton. 2005. Causes and consequences of animal dispersal strategies: relating
individual behaviour to spatial dynamics. Biological Reviews of the Cambridge Philosophical Society
80:205–225.
Boyd, D., J. Gude, B. Inman, N. Lance, A. Messer, A. Nelson, T. Parks, M. Ross, T. Smucker, J. Steuber,
and J. Vore. 2017. Montana Gray Wolf Conservation and Management 2016 Annual Report.
Montana Wolf Monitoring Study

Literature Cited | 86

Bradley, L., J. Gude, N. Lance, K. Laudon, A. Messer, A. Nelson, G. Pauley, K. Podruzny, M. Ross, T.
Smucker, and J. Steuber. 2014. Montana gray wolf conservation and management 2013 annual report.
Helena, Montana.
Bradley, L., J. Gude, N. Lance, K. Laudon, A. Messer, A. Nelson, G. Pauley, M. Ross, T. Smucker, J.
Steuber, and J. Vore. 2015. Montana Gray Wolf Conservation and Management 2014 Annual Report.
Brainerd, S. M., H. Andren, E. E. Bangs, E. H. Bradley, J. A. Fontaine, W. Hall, Y. Iliopoulos, M. D.
Jimenez, E. A. Jozwiak, O. Liberg, C. M. Mack, T. J. Meier, C. C. Niemeyer, H. C. Pedersen, H.
Sand, R. N. Schultz, D. W. Smith, P. Wabakken, and A. P. Wydeven. 2008. The effects of breeder
loss on wolves. Journal of Wildlife Management 72:89–98.
Brooks, S. P. 2003. Bayesian computation: a statistical revolution. Philosophical Transactions of the
Royal Society A 361:2681–2697.
Brown, J. L. 1964. The evolution of diversity in avian territorial systems. The Wilson Bulletin 76:160–
169.
Burnham, K. P., and D. R. Anderson. 2002. Model Selection and Multi-model Inference: A Practical
Information–theoretic Approach. 2nd edition. Springer, New York.
Calenge, C. 2006. The package adehabitat for the R software: a tool for the analysis of space and habitat
use by animals. Ecological Modelling 197:516–519.
Cant, M. A., E. Otali, and F. Mwanguhya. 2001. Eviction and dispersal in co-operatively breeding banded
mongooses (Mungos mungo). Journal of Zoology 254:155–162.
Carpenter, F. L. 1987. Food abundance and territoriality: to defend or not to defend? American Zoologist
27:387–399.
Cassidy, K. A., D. R. MacNulty, D. R. Stahler, D. W. Smith, and L. D. Mech. 2015. Group composition
effects on aggressive interpack interactions of gray wolves in Yellowstone National Park. Behavioral
Ecology 26:1352–1360.
Chadès, I., G. Chapron, M.-J. Cros, F. Garcia, and R. Sabbadin. 2017. MDPtoolbox: Markov decision
processes toolbox.
Chapron, G., C. Wikenros, O. Liberg, P. Wabakken, Ø. Flagstad, C. Milleret, J. Mansson, L. Svensson, B.
Zimmermann, M. Akesson, and H. Sand. 2016. Estimating wolf (Canis lupus) population size from
number of packs and an individual based model. Ecological Modelling 339:33–44.
Clutton-Brock, T. H. 2016. Mammal Societies. Wiley-Blackwell, West Sussex.
Coltrane, J., J. Gude, B. Inman, N. Lance, K. Laudon, A. Messer, A. Nelson, T. Parks, M. Ross, T.
Smucker, J. Steuber, and J. Vore. 2015. Montana Gray Wolf Conservation and Management 2015
Annual Report.
Conroy, M. J., and J. T. Peterson. 2013. Decision making in natural resource management: a structured,
adaptive approach. John Wiley & Sons.
Courchamp, F., G. S. A. Rasmussen, and D. W. Macdonald. 2002. Small pack size imposes a trade-off
Montana Wolf Monitoring Study

Literature Cited | 87

between hunting and pup-guarding in the painted hunting dog Lycaon pictus. Behavioral Ecology
13:20–27.
Creel, S., and N. Creel. 1995. Communal hunting and pack size in African wild dogs, Lycaon pictus.
Animal Behaviour 50:1325–1339.
Creel, S., and J. J. Rotella. 2010. Meta-analysis of relationships between human offtake, total mortality
and population dynamics of gray wolves (Canis lupus). PloS one 5:e12918.
Cubaynes, S., D. R. MacNulty, D. R. Stahler, K. A. Quimby, D. W. Smith, and T. Coulson. 2014.
Density-dependent intraspecific aggression regulates survival in northern Yellowstone wolves (Canis
lupus). The Journal of Animal Ecology 83:1344–1356.
Darwin, C. 1859. On the Origin of the Species. John Murray, London.
DeCesare, N. J., S. M. Wilson, E. H. Bradley, J. A. Gude, R. M. Inman, N. J. Lance, K. Laudon, A. A.
Nelson, M. S. Ross, and T. D. Smucker. 2018. Wolf-livestock conflict and the effects of wolf
management. The Journal of Wildlife Management 82:711–722.
Dormann, C. F., J. Elith, S. Bacher, C. Buchmann, G. Carl, G. Carré, J. R. G. G. Marquéz, B. Gruber, B.
Lafourcade, P. J. Leitão, T. Münkemüller, C. McClean, P. E. Osborne, B. Reineking, B. Schröder, A.
K. Skidmore, D. Zurell, and S. Lautenbach. 2013. Collinearity: a review of methods to deal with it
and a simulation study evaluating their performance. Ecography 36:027–046.
Duffield, J., C. Neher, and D. Patterson. 2006. Wolves and people in Yellowstone: impacts on the
regional economy. Report. The University of Montana, Missoula, Montana.
Dusek, G., A. Wood, S. Hoekman, C. Sime, and J. Morgan. 2006. Ecology of white-tailed deer in the
Salish Mountains, Northwest Montana. Final Report, Federal Aid in Wildlife Restoration project W120-R, Montana Fish, Wildlife, and Parks. Helena, Montana, Montana.
Ekman, J., B. J. Hatchwell, Janis L. Dickinson, and M. Griesser. 2004. Delayed dispersal. Pages 35–47 in
W. D. Koenig and J. L. Dickinson, editors. Ecology and Evolution of Cooperative Breeding in Birds.
Cambridge University Press.
Emlen, S. T. 1982. The evolution of helping. I. An ecological constraints model. The American Naturalist
119:29–39.
Emlen, S. T. 1994. Benefits, constraints and the evolution of the family. Trends in Ecology & Evolution
9:9–12.
Emlen, S. T. 1995. An evolutionary theory of the family. Proceedings of the National Academy of
Sciences 92:8092–8099.
Emlen, S. T., and L. W. Oring. 1977. Ecology, sexual selection, and the evolution of mating systems.
Science 197:215–223.
Ericsson, G., and T. A. Heberlein. 2003. Attitudes of hunters, locals, and the general public in Sweden
now that the wolves are back. Biological Conservation 111:149–159.
ESRI. 2011. ArcGIS. Enironmental Systems Research Institute, Redlands, California.
Montana Wolf Monitoring Study

Literature Cited | 88

Evans, J. S. 2018. spatialEco. <https://cran.r-project.org/package=spatialEco>.
Foresman, K. R. 2001. The Wild Mammals of Montana. American Society of Mammalogists, Lawrence,
Kansas, Kansas.
Fritts, S. H., E. E. Bangs, J. A. Fontaine, M. R. Johnson, M. K. Phillips, E. D. Koch, and J. R. Gunson.
1997. Planning and implementing a reintroduction of wolves to Yellowstone National Park and
central Idaho. Restoration Ecology 5:7–27.
Fritts, S. H., and L. D. Mech. 1981. Dynamics, movements, and feeding ecology of a newly protected
wolf population in northwestern Minnesota. Wildlife Monographs 80:3–79.
Fritts, S. H., R. O. Stephenson, R. D. Hayes, and Luigi Boitani. 2003. Wolves and humans. Pages 289–
316 in L. D. Mech and L Boitani, editors. Wolves: Behavior, Ecology and Conservation. University
Of Chicago Press, Chicago, Illinois.
Fuller, T. K. 1989. Population dynamics of wolves in north-central Minnesota. Wildlife Monographs 3–
41.
Fuller, T. K., L. D. Mech, and J. Fitts-Cochran. 2003. Wolf population dynamics. Pages 161–191 in L. D.
Mech and L. Boitani, editors. Wolves: Behavior, Ecology and Conservation. University of Chicago
Press, Chicago, Illinois.
Garrott, R. A., J.A. Gude, E.J. Bergman, C.N. Gower, P.J. White, and K.L. Hamlin. 2005. Generalizing
wolf effects across the Greater Yellowstone Area: a cautionary note. Wildlife Society Bulletin 33:
1245-1255.
Gelman, A., and D. B. Rubin. 1992. Inference from iterative simulation using multiple sequences.
Statistical Science 7:457–472.
Gibbs, J. P., H. L. Snell, and C. E. Causton. 1999. Effective monitoring for adaptive wildlife
management: lessons from the Galapagos Islands. The Journal of Wildlife Management 63:1055–
1065.
Gregory, R. S., and R. L. Keeney. 2002. Making smarter environmental management decisions. Journal
of the American Water Resources Association 38:1601–1612.
Gregory, R., and G. Long. 2009. Using structured decision making to help implement a precautionary
approach to endangered species management. Risk analysis : an official publication of the Society for
Risk Analysis 29:518–32.
Grimm, V., and S. F. Railsback. 2005. Individual-based Modeling and Ecology. Princeton University
Press, Princeton, New Jersey, New Jersey.
Grinnell, J., C. Packer, and A. E. Pusey. 1995. Cooperation in male lions: kinship, reciprocity or
mutualism? Animal Behaviour 49:95–105.
Gude, J. A., M. S. Mitchell, R. E. Russell, C. A. Sime, E. E. Bangs, L. D. Mech, and R. R. Ream. 2012.
Wolf population dynamics in the U.S. Northern Rocky Mountains are affected by recruitment and
human-caused mortality. The Journal of Wildlife Management 76:108–118.
Montana Wolf Monitoring Study

Literature Cited | 89

Hamlin, K. L., R. A. Garrott, P. J. White, and J. A. Cunningham. 2008. Contrasting wolf-ungulate
interactions in the Greater Yellowstone ecosystem. Chapter 25 in R. A. Garrott, P. J. White, and F.
G.Watson, eds. The Ecology of Large Mammals in Central Yellowstone. Elsevier, Inc.
Hayes, R. D., and A. S. Harestad. 2000. Demography of a recovering wolf population in the Yukon.
Canadian Journal of Zoology 78:36–48.
Hebblewhite, M. 2013. Consequences of ratio-dependent predation by wolves for elk population
dynamics. Population Ecology 55:511–522.
Hebblewhite, M., and E. Merrill. 2008. Modelling wildlife-human relationships for social species with
mixed-effects resource selection models. Journal of Applied Ecology 45:834–844.
Hijmans, R. J. 2020. raster: geographic data analysis and modeling. <https://cran.rproject.org/package=raster>.
Hixon, M. A. 1980. Food production and competitor density as the determinants of feeding territory size.
The American Naturalist 115:510–530.
Holekamp, K. E., J. O. Ogutu, H. T. Dublin, L. G. Frank, and L. Smale. 1993. Fission of a spotted hyena
clan: consequences of prolonged female absenteeism and causes of female emigration. Ethology
93:285–299. John Wiley & Sons, Ltd (10.1111).
Hollister, J. W., and T. Shah. 2017. elevatr: access elevation data from various APIs.
<http://github.com/usepa/elevatr>.
Holyan, J., K. Holder, J. Cronce, and C. M. Mack. 2011. Wolf conservation and management in Idaho
progress report 2010. Lapwaii, Idaho.
Horne, J. S., D. E. Ausband, M. A. Hurley, J. Struthers, J. E. Berg, and K. Groth. 2019. Integrated
population model to improve knowledge and management of Idaho wolves. The Journal of Wildlife
Management 83:32–42.
Huggard, D. J. 1993. Effect of snow depth on predation and scavenging by gray wolves. The Journal of
Wildlife Management 57:382.
Inman, B., K. Podruzny, A. Nelson, D. Boyd, T. Parks, T. Smucker, M. Ross, N. Lance, W. Cole, M.
Parks, and S. Wells. 2020. Montana Gray Wolf Conservation and Management 2019 Annual Report.
Helena, Montana.
Inman, B., K. Podruzny, T. Smucker, A. Nelson, M. Ross, N. Lance, T. Parks, S. Boyd, and S. Wells.
2019. Montana Gray Wolf Conservation and Management 2018 Annual Report. Helena, Montana.
Jedrzejewski, W., K. Schmidt, J. Theuerkauf, J. Bogumiła, and R. Kowalczyk. 2007. Territory size of
wolves Canis lupus: linking local (Białowieża Primeval Forest, Poland) and Holarctic-scale patterns.
Ecography 30:66–76.
Jimenez, M. D., E. E. Bangs, D. K. Boyd, D. W. Smith, S. A. Becker, D. E. Ausband, S. P. Woodruff, E.
H. Bradley, J. Holyan, and K. Laudon. 2017. Wolf dispersal in the Rocky Mountains, western United
States: 1993–2008. Journal of Wildlife Management 81:581–592.
Montana Wolf Monitoring Study

Literature Cited | 90

Johnson, D. H., and N. Prairie. 1980. The comparison of usage and availability measurements for
evaluating resource preference. Ecology 61:65–71.
Kapfer, P. M., and K. B. Potts. 2012. Socioeconomic and ecological correlates of bobcat harvest in
Minnesota. The Journal of Wildlife Management 76:237–242.
Keever, A. C. 2020. Adaptive harvest management of wolves: the role of recruitment and hierarchical
demography in population dynamics of a social carnivore. Dissertation, The University of Montana.
291 pgs.
Kittle, A. M., M. Anderson, T. Avgar, J. A. Baker, G. S. Brown, J. Hagens, E. Iwachewski, S. Moffatt, A.
Mosser, B. R. Patterson, D. E. B. Reid, A. R. Rodgers, J. Shuter, G. M. Street, I. D. Thompson, L. M.
Vander Vennen, and J. M. Fryxell. 2015. Wolves adapt territory size, not pack size to local habitat
quality. Journal of Animal Ecology 84:1177–1186.
Kojola, I., P. Helle, S. Heikkinen, H. Lindén, A. Paasivaara, and M. Wikman. 2014. Tracks in snow and
population size estimation: the wolf Canis lupus in Finland. Wildlife Biology 20:279–284.
Krebs, J. R., and A. Kacelnik. 1991. Decision-making. Pages 105–136 in J. R. Krebs and N. B. Davies,
editors. Behavioural Ecology: An Evolutionary Approach (Third Edition). Oxford University Press,
Oxford.
Lancia, R. A., J. W. Bishir, M. C. Conner, and C. S. Rosenberry. 1996. Use of catch-effort to estimate
population size. Wildlife Society Bulletin 24:731–737.
LANDFIRE 1.4.0. 2014. Existing Vegetation Type Layer. U.S. Department of the Interior, Geological
Survey. <http://landfire.cr.usgs.gov/viewer/>.
Laporte, I., T. B. Muhly, J. A. Pitt, M. Alexander, and M. Musiani. 2010. Effects of wolves on elk and
cattle behaviors: implications for livestock production and wolf conservation. PloS one 5:e11954.
Latham, A. D. M., M. C. Latham, M. S. Boyce, and S. Boutin. 2011. Movement responses by wolves to
industrial linear features and their effect on woodland caribou in northeastern Alberta. Ecological
Applications 21:2854–2865.
Lewis, M. S., A. L. Metcalf, E. C. Metcalf, C. Phelan, J. A. Gude, Q. Kujala, and B. Inman. 2018. Better
understanding Montanans thoughts regarding wolves and wolf management in Montana. Helena,
Montana.
Lewis, M. S., G. Pauley, Q. Kujala, J. A. Gude, Z. King, and K. Skogen. 2012. Selected results from four
separate surveys of resident Montanans regarding Montana’s wolf hunt. Helena, Montana.
Llaneza, L., J. V. López-Bao, and V. Sazatornil. 2012. Insights into wolf presence in human-dominated
landscapes: the relative role of food availability, humans and landscape attributes. Diversity and
Distributions 18:459–469.
Long, J. 2020. jtools: analysis and presentation of social scientific data. <https://cran.rproject.org/package=jtools>.

Montana Wolf Monitoring Study

Literature Cited | 91

Loonam, K. E., D. E. Ausband, P. M. Lukacs, M. S. Mitchell, and H. S. Robinson. 2020. Estimating
abundance of an unmarked, low-density species using cameras. Journal of Wildlife Management
85:87–96.
Macdonald, D., and A. Loveridge, editors. 2010. The Biology and Conservation of Wild Felids. Volume
2. Oxford University Press.
Madden, F, and B McQuinn. 2014. Conservation’s blind spot: the case for conflict transformation in
wildlife conservation. Biological Conservation 178:97-106.
Mazerolle, M. J. 2020. AICcmodavg: model selection and multimodel inference based on (Q)AIC(c).
<https://cran.r-project.org/package=AICcmodavg>.
McCool, S. F., and K. Guthrie. 2001. Mapping the dimensions of successful public participation in messy
natural resources management situations. Society and Natural Resources 14:309–323.
McGowan, C. P., D. R. Smith, J. A. Sweka, J. Martin, J. D. Nichols, R. Wong, J. E. Lyons, L. J. Niles, K.
Kalasz, J. Brust, M. Klopfer, and B. Spear. 2011. Multispecies modeling for adaptive management of
horseshoe crabs and red knots in the Delaware Bay. Natural Resource Modeling 24:117–156.
McPhee, H. M., N. F. Webb, and E. H. Merrill. 2012. Hierarchical predation: wolf (Canis lupus) selection
along hunt paths and at kill sites. Canadian Journal of Zoology 90:555–563.
Mech, L. D. 1999. Alpha status, dominance, and division of labor in wolf packs. Canadian Journal of
Zoology 77:1196–1203.
Mech, L. D., L. G. Adams, T. J. Meier, J. W. Burch, and B. W. Dale. 1998. The Wolves of Denali.
University of Minnesota Press, Minneapolis, Minnesota.
Mech, L. D., and L. Boitani. 2003. Wolf social ecology. Pages 1–34 in L. D. Mech and Luigi Boitani,
editors. Wolves: Behavior, Ecology and Conservation. University Of Chicago Press, Chicago,
Illinois.
Mech, L. D., and J. Fieberg. 2015. Growth rates and variances of unexploited wolf populations in
dynamic equilibria. Wildlife Society Bulletin 39:41–48.
Mech, L. D., and R. O. Peterson. 2003. Wolf-prey relations. Pages 131–160 in L. D. Mech and L. Boitani,
editors. Wolves: Behavior, Ecology and Conservation. University Of Chicago Press, Chicago,
Illinois.
Messier, F. 1985. Solitary living and extraterritorial movements of wolves in relation to social status and
prey abundance. Canadian Journal of Zoology 63:239–245.
Miller, D. A. W., J. D. Nichols, J. A. Gude, L. N. Rich, K. M. Podruzny, J. E. Hines, and M. S. Mitchell.
2013. Determining occurrence dynamics when false positives occur: estimating the range dynamics of
wolves from public survey data. PLoS ONE 8:1–9.
Mills, K. J., B. R. Patterson, and D. L. Murray. 2008. Direct estimation of early survival and movements
in eastern wolf pups. Journal of Wildlife Management 72:949–954.
Mitchell, M. S., D. E. Ausband, C. A. Sime, E. E. Bangs, J. A. Gude, M. D. Jimenez, C. M. Mack, T. J.
Montana Wolf Monitoring Study

Literature Cited | 92

Meier, M. S. Nadeau, and D. W. Smith. 2008. Estimation of successful breeding pairs for wolves in
the Northern Rocky Mountains, USA. Journal of Wildlife Management 72:881–891.
Mitchell, M. S., and R. A. Powell. 2004. A mechanistic home range model for optimal use of spatially
distributed resources. Ecological Modelling 177:209–232.
Mitchell, M. S., and R. A. Powell. 2007. Optimal use of resources structures home ranges and spatial
distribution of black bears. Animal Behaviour 74:219–230.
Mitchell, M. S., and R. A. Powell. 2012. Foraging optimally for home ranges. Journal of Mammalogy
93:917–928.
Moeller, A. K., P. M. Lukacs, and J. S. Horne. 2018. Three novel methods to estimate abundance of
unmarked animals using remote cameras. Ecosphere 9.
Montana Fish Wildlife and Parks. 2002. Montana wolf conservation and management planning document.
Helena, Montana.
Montana Fish Wildlife and Parks. 2005. Biomedical protocol for free-ranging gray wolves (Canis lupus)
in Montana: capture, anesthesia, surgery, tagging, sampling and necropsy procedures. Helena,
Montana.
Montana Fish Wildlife and Parks. 2018. Montana Gray Wolf Conservation and Management 2017
Annual Report. Helena, Montana.
Mosser, A., and C. Packer. 2009. Group territoriality and the benefits of sociality in the African lion,
Panthera leo. Animal Behaviour 78:359–370.
Muhly, T. B., and M. Musiani. 2009. Livestock depredation by wolves and the ranching economy in the
Northwestern U.S. Ecological Economics 68:2439–2450.
Murray, D. L., D. W. Smith, E. E. Bangs, C. Mack, J. K. Oakleaf, J. Fontaine, D. Boyd, M. Jiminez, C.
Niemeyer, T. J. Meier, D. Stahler, J. Holyan, and V. J. Asher. 2010. Death from anthropogenic causes
is partially compensatory in recovering wolf populations. Biological Conservation 143:2514–2524.
Musiani, M., and P. C. Paquet. 2004. The practices of wolf persecution, protection, and restoration in
Canada and the United States. BioScience 54:50–60.
Nichols, J. D., and B. K. Williams. 2006. Monitoring for conservation. Trends in ecology & evolution
21:668–73.
Oakleaf, J. K., D. L. Murray, J. R. Oakleaf, E. E. Bangs, C. M. Mack, D. W. Smith, J. A. Fontaine, M. D.
Jimenez, T. J. Meier, and C. C. Niemeyer. 2006. Habitat selection by recolonizing wolves in the
Northern Rocky Mountains of the United States. Journal of Wildlife Management 70:554–563.
Packard, J. M. 2003. Wolf behavior: reproductive, social, and intelligent. Pages 35–65 in L. D. Mech and
L. Boitani, editors. Wolves: Behavior, Ecology and Conservation. University Of Chicago Press,
Chicago, Illinois.
Packer, C., D. Scheel, and A. E. Pusey. 1990. Why lions form groups: food is not enough. The American
Naturalist 136:1–19.
Montana Wolf Monitoring Study

Literature Cited | 93

Pebesma, E. J. 2004. Multivariable geostatistics in S: the gstat package. Computers and Geosciences 683–
691.
Person, D. K., and A. L. Russell. 2008. Correlates of mortality in an exploited wolf population. The
Journal of Wildlife Management 72:1540–1549.
Peterson, R. O. 1974. Wolf ecology and prey relationships on Isle Royale. Purdue University.
Peterson, R. O., and P. Ciucci. 2003. The wolf as a carnivore. Pages 105–130 in L. D. Mech and L.
Boitani, editors. Wolves: Behavior, Ecology and Conservation. University Of Chicago Press,
Chicago, Illinois.
Peterson, R. O., and R. E. Page. 1988. The rise and fall of Isle Royale wolves, 1975-1986. Journal of
Mammalogy 69:89–99.
Plummer, M. 2003. JAGS: A program for analysis of Bayesian graphical models using Gibbs sampling.
Plummer, M., A. Stukalov, and M. Denwood. 2019. Rjags: Bayesian graphical models using MCMC.
Version 4.10.
Post, E., R. O. Peterson, N. C. Stenseth, and B. E. McLaren. 1999. Ecosystem consequences of wolf
behavioural response to climate. Nature 401:905–907.
Puterman, M. L. 2014. Markov decision processes: discrete stochastic dynamic programming. John Wiley
& Sons.
R Core Team. 2020. R: A language and environment for statistical computing. R Foundation for
Statistical Computing, Vienna, Austria, Austria. <https://www.r-project.org/.>.
Ream, R. R., M. W. Fairchild, D. K. Boyd, and A. J. Blakesley. 1989. First wolf den in Western U.S. in
recent history. Northwestern Naturalist 70:39–40.
Rich, L. N., M. S. Mitchell, J. A. Gude, and C. A. Sime. 2012. Anthropogenic mortality, intraspecific
competition, and prey availability influence territory sizes of wolves in Montana. Journal of
Mammalogy 93:722–731.
Rich, L. N., R. E. Russell, E. M. Glenn, M. S. Mitchell, J. A. Gude, K. M. Podruzny, C. A. Sime, K.
Laudon, D. E. Ausband, and J. D. Nichols. 2013. Estimating occupancy and predicting numbers of
gray wolf packs in Montana using hunter surveys. Journal of Wildlife Management 77:1280–1289.
Ritchie, E. G., B. Elmhagen, A. S. Glen, M. Letnic, G. Ludwig, and R. A. McDonald. 2012. Ecosystem
restoration with teeth: what role for predators? Trends in ecology & evolution 27:265–271.
Rotella, J., R. Garrott, K. M. Proffitt, B. Jimenez, M. Forzley, and T. Paterson. 2018. Evaluating
carnivore harvest as a tool for increasing elk calf survival and recruitment. Helena, Montana.
Runge, M. C., J. B. Grand, and M. S. Mitchell. 2013. Structured decision making. Pages 51–73 in P. R.
Krausman and J. W. I. I. I. Cain, editors. Wildlife Management and Conservation: Contemporary
Principles and Practices. The Johns Hopkins University Press, Baltimore, MD.
Sappington, J. M., K. M. Longshore, and D. B. Thomson. 2007. Quantifying landscape ruggedness for
animal habitat analysis: a case study using bighorn sheep in the Mojave Desert. Journal of Wildlife
Montana Wolf Monitoring Study

Literature Cited | 94

Management 71:1419–1426.
Sargeant, A. B., S. H. Allen, and J. O. Hastings. 1987. Spatial relations between sympatric coyotes and
red foxes in North Dakota. The Journal of Wildlife Management 51:285–293.
Sasse, D. B. 2003. Job-related mortality of wildlife workers in the United States, 1937 – 2000. Wildlife
Society Bulletin 31(4):1000–1003.
Schaub, M., and F. Abadi. 2011. Integrated population models: a novel analysis framework for deeper
insights into population dynamics. Journal of Ornithology 152:227–237.
Schmidt, J. H., D. S. Johnson, M. S. Lindberg, and L. G. Adams. 2015. Estimating demographic
parameters using a combination of known-fate and open N-mixture models. Ecology 96:2583–2589.
Sells, S. N. 2019. Mechanisms driving territorial and social behavior in a cooperative carnivore.
Dissertation, The University of Montana. 352 pgs.
Sells, S. N., S. B. Bassing, K. J. Barker, S. C. Forshee, A. C. Keever, J. W. Goerz, and M. S. Mitchell.
2018. Increased scientific rigor will improve reliability of research and effectiveness of management.
Journal of Wildlife Management 82:485–494.
Sells, S. N., and M. S. Mitchell. 2020. The economics of territory selection. Ecological Modelling
438:109329.
Sells, S. N., M. S. Mitchell, D. E. Ausband, K. M. Podruzny, et al. In review a. Economical defense of
resources structures territorial space use in a cooperative carnivore.
Sells, S. N., M. S. Mitchell, K. M. Podruzny, J. A. Gude, A. C. Keever, D. K. Boyd, T. D. Smucker, A. A.
Nelson, T. Parks, N. Lance, M. S. Ross, and R. M. Inman. In press. Evidence of economical territory
selection in a cooperative carnivore. Proceedings of the Royal Society of London B: Biological
Sciences.
Sells, S. N., M. S. Mitchell, K. M. Podruzny, D. E. Ausband, et al. In review b. Competition, prey, and
mortalities influence group size in a cooperative carnivore.
Sells, S. N., M. S. Mitchell, K. M. Podruzny, J. A. Gude, et al. In prep. Estimating wolf abundance with a
multi-model approach.
Shepard, E. L. C., R. P. Wilson, W. G. Rees, E. Grundy, S. A. Lambertucci, and S. B. Vosper. 2013.
Energy landscapes shape animal movement ecology. The American Naturalist 182:298–312.
Sikes, R. S., W. L. Gannon, and Animal Care and Use Committee of the American Society of
Mammalogists. 2011. Guidelines of the American Society of Mammalogists for the use of wild
mammals in research. Journal of Mammalogy 92:235–253.
Sillero-Zubiri, C., D. Gottelli, and D. W. Macdonald. 1996. Male philopatry, extra-pack copulations and
inbreeding in Ethiopian avoidance wolves (Canis simensis). Behavioral Ecology and Sociobiology
38:331–340.
Sillero-Zubiri, C., and D. W. Macdonald. 1998. Scent-marking and territorial behaviour of Ethiopian
wolves Canis simensis. Journal of Zoology 245:351–361.
Montana Wolf Monitoring Study

Literature Cited | 95

Smith, D. W., E. E. Bangs, J. K. Oakleaf, C. Mack, J. Fontaine, D. Boyd, M. Jimenez, D. H. Pletscher, C.
C. Niemeyer, T. J. Meier, D. R. Stahler, J. Holyan, V. J. Asher, and D. L. Murray. 2010. Survival of
colonizing wolves in the Northern Rocky Mountains of the United States, 1982-2004. Journal of
Wildlife Management 74:620–634.
Solomon, N. G., and J. A. French, editors. 1997. Cooperative breeding in mammals. Cambridge
University Press, Cambridge.
Stahler, D. R., D. R. MacNulty, R. K. Wayne, B. VonHoldt, and D. W. Smith. 2013. The adaptive value
of morphological, behavioural and life-history traits in reproductive female wolves. The Journal of
Animal Ecology 82:222–34.
Stenglein, J. L., J. H. Gilbert, A. P. Wydeven, and T. R. Van Deelan. 2015b. An individual-based model
for southern Lake Superior wolves: a tool to explore the effect of human-caused mortality on a
landscape of risk. Ecological Modelling 302: 13–24.
Stenglein, J. L., J. Zhu, M. K. Clayton, and T. R. Van Deelen. 2015a. Are the numbers adding up?
Exploiting discrepancies among complementary population models. Ecology and Evolution 5:368–
376.
Stephens, P. A., A. F. Russell, A. J. Young, W. J. Sutherland, and T. H. Clutton-Brock. 2005. Dispersal,
eviction, and conflict in meerkats (Suricata suricatta): an evolutionarily stable strategy model.
American Naturalist 165:120–135.
Su, Y.-S., and M. Yajima. 2015. R2jags: using R to run “JAGS.”
Tortato, F. R., T. J. Izzo, R. Hoogesteijn, and C. A. Peres. 2017. The numbers of the beast: Valuation of
jaguar (Panthera onca) tourism and cattle depredation in the Brazilian Pantanal. Global Ecology and
Conservation 11:106–114.
Treves, A., L. Naughton-Treves, and V. Shelley. 2013. Longitudinal analysis of attitudes toward wolves.
Conservation Biology 27:315–323.
Uboni, A., J. A. Vucetich, D. R. Stahler, and D. W. Smith. 2015. Interannual variability: a crucial
component of space use at the territory level. Ecology 96:62–70.
U.S. Fish and Wildlife Service. 1974. Federal Register Part 17 Endangered Wildlife.
U.S. Fish and Wildlife Service. 1994. The reintroduction of gray wolves to Yellowstone National Park
and central Idaho. Final Environmental Impact Statement. Denver, Colorado.
VanderWaal, K. L., A. Mosser, and C. Packer. 2009. Optimal group size, dispersal decisions and
postdispersal relationships in female African lions. Animal Behaviour 77:949–954. Elsevier Ltd.
Whittington, J., C. C. St. Clair, and G. Mercer. 2004. Path tortuosity and the permeability of roads and
trails to wolf movement. Ecology and Society 9.
Whittington, J., C. C. St. Clair, and G. Mercer. 2005. Spatial responses of wolves to roads and trails in
mountain valleys. Ecological Applications 15:543–553.
Wickham, H. 2016. ggplot2: Elegant Graphics for Data Analysis. Springer-Verlag New York.
Montana Wolf Monitoring Study

Literature Cited | 96

<https://ggplot2.tidyverse.org>.
Wickham, H., R. François, L. Henry, and K. Müller. 2020. dplyr: a grammar of data manipulation.
<https://cran.r-project.org/package=dplyr>.
Wickham, H., and L. Henry. 2020. tidyr: tidy messy data. <https://cran.r-project.org/package=tidyr>.
Wiedenhoeft, J. E., S. Walter, M. Gross, N. Kluge, S. McNamara, G. Stauffer, J. Price-Tack, and R.
Johnson. 2020. Wisconsin gray wolf monitoring report 15 April 2019 through 14 April 2020.
Madison, Wisconsin.
Wilensky, U. 1999. NetLogo. Center for Connected Learning and Computer-Based Modeling,
Northwestern University, Evanston, IL. <http://ccl.northwestern.edu/netlogo/>.
Wilke, C. O. 2020. cowplot: Streamlined Plot Theme and Plot Annotations for “ggplot2.” <https://cran.rproject.org/package=cowplot>.
Williams, B. K. 2009. Markov decision processes in natural resources management: observability and
uncertainty. Ecological Modelling 220:830–840.
Williams, B. K., J. D. Nichols, and M. J. Conroy. 2002. Analysis and management of animal populations.
Academic Press.
Williams, B. K., R. C. Szaro, and C. D. Shapiro. 2009. Adaptive management: the U.S. Department of the
Interior technical guide. Adaptive Management Working Group, U.S. Department of the Interior.
Williams, P. J., and W. L. Kendall. 2017. A guide to multi-objective optimization for ecological problems
with an application to cackling goose management. Ecological Modelling. Volume 343.
Wilson, R. S., J. F. Husak, L. G. Halsey, and C. J. Clemente. 2015. Predicting the movement speeds of
animals in natural environments. Integrative and Comparative Biology 55:1125–1141.
Worton, B. J. 1989. Kernel methods for estimating the utilization distribution in home-range studies.
Ecology 70:164–168.
Zimmermann, B., L. Nelson, P. Wabakken, H. Sand, and O. Liberg. 2014. Behavioral responses of
wolves to roads: scale-dependent ambivalence. Behavioral Ecology 25:1353–1364.
Zimmermann, B., H. Sand, P. Wabakken, O. Liberg, and H. P. Andreassen. 2015. Predator-dependent
functional response in wolves: from food limitation to surplus killing. The Journal of animal ecology
84:102–12.

Montana Wolf Monitoring Study

Literature Cited | 97

APPENDIX A. PREDICTED DENSITY
On the following pages, iPOM’s annual predictions for densities of packs and wolves per 1000 km2 are
shown. Also included are the known pack centroids (black dots on pack density maps) and reported
harvest locations (red dots on wolf density maps), demonstrating strong alignment between known wolf
activity and iPOM predictions.

Montana Wolf Monitoring Study

Literature Cited | 98

Pack Density (per 1000 km; with known centroids), 2007

2+

1.5

1

0.75

0.5

0.25

0

Pack Density (per 1000 km; with known centroids), 2008

2+

1.5

1

0.75

0.5

0.25

0

Pack Density (per 1000 km; with known centroids), 2009

2+

1.5

1

0.75

0.5

0.25

0

Pack Density (per 1000 km; with known centroids), 2010

2+

1.5

1

0.75

0.5

0.25

0

Pack Density (per 1000 km; with known centroids), 2011

2+

1.5

1

0.75

0.5

0.25

0

Pack Density (per 1000 km; with known centroids), 2012

2+

1.5

1

0.75

0.5

0.25

0

Pack Density (per 1000 km; with known centroids), 2013

2+

1.5

1

0.75

0.5

0.25

0

Pack Density (per 1000 km; with known centroids), 2014

2+

1.5

1

0.75

0.5

0.25

0

Pack Density (per 1000 km; with known centroids), 2015

2+

1.5

1

0.75

0.5

0.25

0

Pack Density (per 1000 km; with known centroids), 2016

2+

1.5

1

0.75

0.5

0.25

0

Pack Density (per 1000 km; with known centroids), 2017

2+

1.5

1

0.75

0.5

0.25

0

Pack Density (per 1000 km; with known centroids), 2018

2+

1.5

1

0.75

0.5

0.25

0

Pack Density (per 1000 km; with known centroids), 2019

2+

1.5

1

0.75

0.5

0.25

0

Wolf Density (per 1000 km), 2007

15+

10

8

6

4

2

0

Wolf Density (per 1000 km), 2008

15+

10

8

6

4

2

0

Wolf Density (per 1000 km; with reported harvests), 2009

15+

10

8

6

4

2

0

Wolf Density (per 1000 km), 2010

15+

10

8

6

4

2

0

Wolf Density (per 1000 km; with reported harvests), 2011

15+

10

8

6

4

2

0

Wolf Density (per 1000 km; with reported harvests), 2012

15+

10

8

6

4

2

0

Wolf Density (per 1000 km; with reported harvests), 2013

15+

10

8

6

4

2

0

Wolf Density (per 1000 km; with reported harvests), 2014

15+

10

8

6

4

2

0

Wolf Density (per 1000 km; with reported harvests), 2015

15+

10

8

6

4

2

0

Wolf Density (per 1000 km; with reported harvests), 2016

15+

10

8

6

4

2

0

Wolf Density (per 1000 km; with reported harvests), 2017

15+

10

8

6

4

2

0

Wolf Density (per 1000 km; with reported harvests), 2018

15+

10

8

6

4

2

0

Wolf Density (per 1000 km; with reported harvests), 2019

15+

10

8

6

4

2

0

