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EXECUTIVE SUMMARY

Accurate estimates of population abundance and sex composition are critical for
sustainable population management, particularly for subsistence species subject to strict
harvest limitations. In southern Game Management Unit (GMU) 15C, near the communities
of Port Graham and Nanwalek, Alaska, management decisions for moose have historically
relied on minimum aerial counts. These counts are uncorrected for sightability bias in
dense coastal forest canopies. To address uncertainty surrounding local population status,
we deployed a network of motion-triggered game cameras between August 2024 and April
2026. Binomial-mixture models were used in a Bayesian framework to estimate moose
abundance, sex ratios, calf recruitment, and ecological drivers of space use during
summer 2025. Our camera array yielded an estimated adult population of 23 moose (21
females, 2 males; 95% BCI = 12-75) across the 293.3 km? study area, corresponding to a
low density of 0.1 moose/km?. Encounter rates were heavily female-skewed (61% vs. 20%
for males), resulting in an estimated bull:cow ratio of 8:100. This is well below the Alaska
Department of Fish & Game typical statewide objective of 20-25 bulls per 100 cows used
for a population managed for sustained harvest. Furthermore, recruitment was severely
constrained, with only 3 subadult (yearling) detections and zero calves observed across all
photos. Moose abundance was strongly concentrated at sites with high percentage of
habitat availability and fresh water, while showing a strong negative relationship with black
bear abundance. Notably, a single site characterized by 91% moose habitat availability
(composed of herbaceous cover, broadleaf forest, and tall shrub communities) captured
74% of all moose detections. Given that local harvest is already strictly capped under
permit hunt TM549 (3 bulls), the observed low density and poor recruitment appear driven
by localized top-down predation and environmental constraints rather than hunter harvest.
While camera surveys provided valuable baseline population insights without requiring
marked individuals, standardizing camera viewshed measurements in future monitoring
efforts would enable more accurate density estimation. Wildlife managers should prioritize
the protection of key habitat stands and evaluate predator-prey dynamics to support local
population resilience.

Keywords: Alces alces, black bear, habitat, harvest, recruitment, remote cameras, sex
ratios, subsistence hunting, ungulate, Ursus americanus.



INTRODUCTION

Accurate estimates of population abundance and sex composition are fundamental for the
sustainable conservation and management of game species, particularly in regions where
local communities depend on subsistence resources. In the remote native communities of
Port Graham and Nanwalek on the southern Kenai Peninsula in Southcentral Alaska,
moose (Alces alces) represent a critical ecological and cultural resource (Carl et al. 2026).
However, managing for hunter opportunity is challenging due to changing climatic
conditions and perceived changes in moose movement and rut timing. These changes
make it increasingly difficult for local hunters to safely navigate the terrain and harvest
game within historic seasonal timelines. Furthermore, tribal members have voiced growing
concerns over habitat pressure and direct resource competition from predators and
commercialinterests. In response to these issues, the Chugach Regional Resources
Commission (CRRC) successfully advocated to adjust Game Management Unit (GMU) 15C
hunting season closures, extending the window to November 30 to adapt to these
contemporary challenges. However, because of the perception of low moose density,
harvest is limited to three moose within the subsistence use area (TM549). Outside of
TM549, Tribal community hunters are required to follow the state general season
regulations that apply across Unit 15C (Carl 2026). Thus, reliable data on moose
population abundance and sex composition (e.g., bull-to-cow ratios) are needed to inform
moose harvest management decisions in this region.

Monitoring moose populations in coastal temperate rainforests presents significant
logistical and technical challenges. Historic minimum counts by the Alaska Department of
Fish & Game (ADF&G) highlighted low detected numbers of moose in the southern portion
of GMU 15C, but these aerial survey techniques have been limited by dense forest canopy
cover, steep fjord topography, maritime weather conditions, and restricted access across
remote landscapes (Kellie et al. 2019). In spring 2024, the CRRC conducted an
independent aerial survey within the Seldovia count area (includes TM549 hunt area and
areas immediately north) and counted 21 adults and 1 calf moose. However, due to low
detection rates, ADF&G estimates that up to 30% of the moose may be missed during
aerial surveys in this area. Thus, there is considerable uncertainty in moose abundance in
the region. Non-invasive sampling methodologies, particularly automated motion-triggered
game camera networks, offer a potential cost-effective alternative for monitoring cryptic or
low-density wildlife populations across challenging terrain (Palencia et al. 2021, Chaudhuri
et al. 2022). For instance, Keever et al. (2017) demonstrated the utility of estimating
abundance in a closed system using counts of unmarked white-tailed deer (Odocoileus
virginianus) from game camera images. When combined with hierarchical modeling
frameworks—such as binomial-mixture models (i.e., N-mixture models; Royle 2004)—



camera trapping count data can effectively account for imperfect detection while
estimating spatially explicit site abundance across distinct habitat types and
environmental gradients (Harris et al. 2024).

Beyond estimating moose abundance and sex composition, itis important to
understand the ecological drivers of spatial variation in moose populations. These
ecological drivers for moose include access to forage, proximity to fresh water, and refuge
from predators. Forage availability, particularly early-seral browse, such as willow (Salix
spp.), birch (Betula spp.), and aspen (Populus tremuloides) is a primary determinant of
moose distribution and carrying capacity. These nutrient-rich species directly influence
body condition and calf survival (Peek 1974, Franzmann and Schwartz 1985). Proximity to
freshwater features, including riparian zones, lakes, and wetlands, provide both aquatic
vegetation rich in essential minerals and critical microclimates for summer
thermoregulation (MacCracken et al. 1993, van Beest et al. 2012). Concurrently, predation
pressure exerts a strong top-down influence on space use, forcing moose to trade off
optimal foraging habitats for thermal cover and dense canopy closure that offer spatial
refuge during sensitive periods like calving and early summer (Bowyer et al. 1999,
Hebblewhite and Merrill 2009, Francis et al. 2020). Thus, exploring these bottom-up and
top-down influences can result in a more robust understanding of spatial variation in
moose abundance.

We initiated a study in the southern Kenai Peninsula using automated game
cameras in a binomial-mixture modeling framework to estimate moose abundance, sex
composition, and recruitment to inform management of the resource. In addition to moose
abundance and sex composition, we estimated moose densities based on prior
information of adult female and male home range sizes (Cederland and Sand 1994,
Thompson et al. 2024). We also accounted for site-level ecological covariates that could
explain spatial variation in moose abundance. Because the region is generally considered
poor habitat for moose (R. A. Merizon, personal communication, 15 August 2026), we first
predicted that moose abundance would have a strong, positive correlation with the
percent of available habitat, which we considered to be herbaceous cover, broadleaf
forest, and open- and closed-canopy tall shrubs that moose would target for forage.
Secondly, we predicted that moose abundance would be greater for sites that were closer
to fresh water such as lakes and streams that provide aquatic vegetation and cover for
thermoregulation. Finally, because black bears (Ursus americanus) are a known predator
of moose calves (Ballard 1992), we predicted that moose abundance would be greater at
sites with lower black bear abundance. In summary, our game camera study aimed to
provide the first-ever moose abundance, sex composition, and recruitment estimates
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Figure 1. Port Graham study area showing the placement of 24 game cameras (orange points) and the 239.3 km? study
area (green polygon) used for moose abundance estimation on the southern tip of the Kenai Peninsula, Alaska. Note that

three cameras were not used in the analysis because they were not active during the analysis period of 15 June 2025 to 15
July 2025.

adjusted for imperfect detection in the region and explore relationships between moose
abundance and key ecological covariates.

STUDY AREA

Our study occurred on the southwestern tip of the Kenai Peninsula near the communities
of Port Graham and Nanwalek (59.3006° N, —151.7382° W) in Southcentral Alaska, USA,



and encompassed an area of 293.3 km? (Fig. 1). Elevation in the study area ranged from sea
levelto 1,202 m. The region is characterized by a glaciated maritime fjord landscape with
topography that transitions rapidly from exposed bedrock headlands, intertidal gravel
beaches, and low-lying estuarine marshes to steep coastal bluffs. The region experiences a
subarctic, hyper-maritime climate marked by cool summers, relatively mild winters, heavy
cloud cover, and high annual precipitation. This consistent precipitation regime feeds a
network of flash-prone, high-gradient coastal streams emptying directly into Port Graham
and English bays. During our study (15 June-15 July 2025), daily precipitation totaled 25.3
mm compared to a climate normal median of 36.8 mm (2002-2026); average daily
temperatures fluctuated between 8.9°C and 15.0°C and climate normals averaged 8.4°C
and 15.6°C between 2007-2026 (National Centers for Environmental Information [NCEI],
2026).

Situated within the northern extent of the Pacific coastal temperate rainforest
ecoregion, the upland vegetation is heavily dominated by mature and secondary Sitka
spruce (Picea sitchensis) canopy. The forest understory is dense and persistent, thick with
devil’s club (Oplopanax horribilis), salmonberry (Rubus spectabilis), Sitka alder (Alnus
viridis sinuata), ferns, and deep moss ground cover. These forest communities grade into
riparian corridors and coastal wetland areas, while the adjacent marine interface supports
productive kelp beds and rich intertidal zones. Surrounding lands are primarily managed by
native village and regional corporations (Port Graham Corporation and Cook Inlet Region,
Inc.), where land use is low-intensity and largely focused on traditional Alutiig/Sugpiaq
subsistence harvesting, small-scale forestry, and wildlife habitat preservation, with
regional access restricted to a short road system, marine vessels, and small aircraft.

Mammalian populations detected on camera in the study area included moose,
black bear, coyote (Canis latrans), wolverine (Gulu gulu), feral dog (Canis familiaris),
Canadian lynx (Lynx canadensis), snowshoe hare (Lepus americanus), American marten
(Martes americana), and red squirrel (Tamiasciurus hudsonicus; see Appendix S1).

METHODS

Camera deployment logistics occurred with Port Graham and Nanwalek Tribal councils,
village corporations, and the regional corporation on a 2 km? grid over the study area. Given
the limited access, 27 cameras were placed adjacent to the road and trail systems of Port
Graham and Nanwalek. We attempted to deploy each camera trap as close as possible to
the center of each grid cell. At each camera location, a camera viewshed was identified to
maximize sightability (i.e., >5 m), and grass and small brush were cleared within the
viewshed of the camera to avoid falsely triggering cameras. Cameras were secured to a
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Figure 2. Camera station operational periods for 27 game cameras set up for moose abundance estimation on the
southern tip of the Kenai Peninsula in Alaska during 16 August 2024 to 7 June 2026. Note that 3 cameras (i.e., C15, E4, and
F5) were notincluded in the analysis that did not have coverage over the analysis period from 15 June 2025 to 15 July 2025
(shown in gray shading).

tree 210 cm in diameter using a strap at 1.5 m in height above ground. Browning Dark
OpsMax HD motion-sensing game cameras were used (Prometheus Group LLC,
Birmingham, Alabama, USA) with 64 GB memory cards and 8-10 lithium AA batteries.
Cameras were set to collect a single image upon motion detection trigger both day and
night and to allow 12-15 months between visits. Both batteries and SD memory cards were

changed during each visit.

We used the AddaxAl interface (Van Lunteren 2023) to apply MegaDetector (Beery et
al. 2019) and Google Species Net (Gadot et al. 2024) models to process our photos from
automated game cameras, which are image recognition models used for detection and
species classification, respectively. Then, we used the resulting image recognition file in
Timelapse (Greenburg et al. 2019), an open-source data management software, to tag all
images and extract photo metadata. As a conservative measure, we classified moose as
unknown sex if we did not have high confidence in the classification.

Following a recent moose abundance study (Boone et al. 2025), we restricted our
analysis to a 30-day period in early summer 2025 to avoid moose breeding behavior biasing
adult male detections high due to increased seasonal movement rates, for instance, in the



rut. Thus, our analysis period was defined from 15 June 2025 to 15 July 2025 when overall
detection rates were high (Fig. 3), but movement rates were more similar between the
sexes. We used 15-minute intervals to define independent detections of moose and
calculated the maximum number of adult male, adult female, and unknown sex moose
observed in each interval. This relatively short interval prevented a moose from being
detected, for example, as an adult male and unknown sex moose within the same interval.
We then summed these counts over days to create encounter histories. Because not all
cameras were operational over the full 30-day period (Fig. 2), we created a matrix for trap
operation to account for variable availability to detect moose.

Ecological Covariates

We considered ecological covariates to explain variation in moose abundance
including percent of available moose habitat, distance from water (i.e., lakes and streams),
and black bear abundance. We first extracted vegetation data from the Kenai Peninsula
Existing Vegetation Map layer (USFS 2020) that provides habitat classification data on
dominant vegetation type, tree canopy cover, tree size, and tall shrub canopy cover. In
collating this variable, we filtered vegetation polygons for dominance types of herbaceous
cover, broadleaf forest, and tall shrubs, and then further filtered tall shrubs for open (25%-
59% shrub cover) and closed (60%-100% shrub cover) tall shrub canopies. We then
clipped the resulting polygons by 50-m, 250-m, and 1,000-m buffers around camera sites
and calculated the percent of available moose habitat within each buffer. Because moose
spend much of their time along streams and lakes where preferred forage is abundant, we
considered distance to water as a covariate to explain moose abundance (U.S. Fish and
Wildlife Service 2006). We used the package ‘sf’ (Pebesma 2018, Pebesma and Bivand
2023) in Program R (R Core Team 2025) to process moose habitat and distance to water
covariates. Finally, we estimated abundance of black bears to use as a predictor of moose
abundance. We used a similar approach to our moose abundance model except without
covariates on abundance and no sex-specificity (see below).

Statistical Inference

We used the package ‘nimble’ (de Valpine et al. 2017, de Valpine et al. 2026) in R (R
Core Team 2025) to conduct Markov chain Monte Carlo (MCMC) sampling and produce
posterior samples of latent parameters (e.g., abundance and detection probability) for
binomial-mixture models (see Appendix S2 for full model description). We also used
‘nimble’ (de Valpine et al. 2017, de Valpine et al. 2026) to carry out Bayesian model
selection and averaging using reversible-jump MCMC (Green 1995), which samples
through parameter spaces of varying dimensions and provides relative support for
candidate models and target parameters simultaneously using a set of indicator variables.

10



1.00
0.75
0.50
0.25
0.00

1.00
Q@
T 075

S 0.50

§0 M

[})

© 0.00 n
ke

(4]

g 1.00

[

c% 0.75

> 050

o
o 0.25

- 0.00
1.00
0.75
0.50
0.25

0.00
2024-07 2025-01 2025-07 2026-01 2026-07
Date

a |

Figure 3. Moose detection rates from game cameras using a 10-day moving average for all moose (blue), adult male
(green), adult female (yellow), and unknown sex moose (reddish purple) on the southern tip of the Kenai Peninsula in
Alaska during 16 August 2024 to 7 June 2026. Note that counts were based on the maximum number of individuals of
each sex class observed in 15-minute intervals and then summed over days.

Additionally, we compared the Watanabe-Akaike information criterion (WAIC), which
provides a metric to compare single models in a Bayesian framework with lower values
indicating greater model support (Watanabe 2010). We considered variables as important
predictors if their 95% Bayesian credible intervals (BCI) did not overlap zero. We screened
for collinearity by examining correlation among continuous covariates and only included
variables with correlation coefficients <|0.7| (Dormann et al. 2013). We standardized
continuous variables by centering and scaling by one standard deviation to allow
comparison of relative effect sizes. We ran at least 2 MCMC chains for 50,000 iterations
with a 10,000 burn-in interval for a total of 40,000 samples per chain. As standard checks
of MCMC convergence, we visually inspected trace plots of posterior samples for adequate
mixing and estimated the Brooks-Gelman-Rubin statistic and confirmed that it was <1.1
(Gelman and Rubin 1992, Brooks and Gelman 1998). Further, we conducted posterior
predictive checks by using the parameter values in the model to generate new data and
calculate a chi-squared discrepancy statistic (Kéry and Schaub 2012). A Bayesian p-value
of 0.5 indicated no discrepancy between the observed and replicated datasets and
suggested the model could generate the observed data. We collated our image tag data
and conducted all analyses in Program R (R Core Team 2025).

11



Finally, as an estimate of density, we divided sex-specific abundance estimates by a
circular home range size for male and female moose. Although no moose home range
studies exist for GMU 15C, a recent moose forage ecology study on the Kenai Peninsula
estimated an adult female home range size of 16.2 km? during lactation (Thompson et al.
2024). Thus, we used a home range size of 15 km? for adult female and 30 km? for adult
male moose, assuming adult males would have twice as large of a home range size
(Cederland and Sand 1994). This resulted in sex-specific study areas of 218.5 km? for adult
females and 293.3 km? for adult males under a bivariate normal model of space use.

RESULTS

We captured a total of 37,321 photos from 27 cameras between 26 August 2024 and 7 June
2026. However, 98% of these photos were empty due to wind trigger events from tall grass.
Of photos containing wildlife, 34% were moose, 26% were black bear, 20% were coyote, 8%
were unknown species, 5% were birds, 3% were wolverine, 1% were domestic/feral dog,
1% were Canadian lynx, 1% were red squirrel, and less than 1% were snowshoe hare and
American marten. After removing 3 cameras that were not operational during our analysis
period (see Fig. 2), our dataset included 24 cameras. Adult female moose had higher
encounter rates than adult males, with 61% of images being adult females, 20% being
adult males, and 19% being unknown sex with most detections occurring over summer
(Fig. 3). Only 3 out of 159 moose photos with identifiable age class were classified as
subadult (i.e., yearling) and none were juveniles. Out of 33 images where adult male antlers
could be classified, 91% were in velvet and 9% were hardened. No trophy-class adult
males (=125cm / 50 in total antler spread) were observed. One camera had the majority
(74%) of moose detections over our 30-day analysis period.

In our moose abundance analysis, we retained the 50 m buffer for percent of
available moose habitat because it had the strongest correlation with moose abundance
out of the buffers considered. All models converged based on visual inspection of trace
plots and Brooks-Gelman-Rubin statistics being <1.1. All predictor variables were
significant in both univariate and multivariate models given that their 95% Bayesian
credible intervals (BCI) did not overlap zero (Table 1). We detected no issues with
collinearity between predictor variables based on correlation coefficients <|0.7| and that
coefficient estimates were stable across univariate and multivariate models (Table 1).

We found overwhelming support for the model that included all three predictor
covariates (see Table 2). We found no evidence that the model could not generate the
observed data (Bayesian p-value = 0.44). As predicted, we found that moose abundance
increased with increasing levels of percent of available habitat, decreased with increasing

12



Table 1. Standardized coefficient estimates with 95% Bayesian credibility intervals (BCI) for percent of available moose
habitat (habitat), distance to water (water), and bear abundance (bear) from univariate and multivariate binomial-mixture
models of moose abundance.

Univariate Multivariate
Coefficient B(SD) 95% BCI L(SD) 95% BCI
Bravitat 0.79 (0.25) 0.31,1.28 1.08 (0.25) 0.62,1.59
Bwater —1.04 (0.55) —2.27,—0.15 —1.29(0.54) —2.61,—0.52
Beear —1.96 (1.72) —6.62, —0.11 —2.63(1.65) —7.00, —0.86

Table 2. Model selection for the top 4 of 8 nested models showing posterior model probabilities (wM) from Bayesian
reversible-jump Markov chain Monte Carlo and WAIC using weakly informative Cauchy(0, 2.5) priors for regression
coefficients representing the effects of percent of available moose habitat (habitat), distance to water (water), and bear
abundance (bear) on moose abundance from binomial-mixture models. Note that the covariate will have a 1 in the table if
itis presentinthe model.

Covariate
Model Habitat Water Bear Wy WAIC
8 1 1 1 0.994 140.4
6 1 0 1 0.004 144.2
5 1 0 0 0.001 145.0
7 1 1 0 0.001 144.4
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Figure 4. Predicted moose abundance from binomial-mixture models over the range of observed covariates for percent of
available moose habitat, distance to water (m), and black bear abundance on the southern tip of the Kenai Peninsula in
Alaska during 15 June 2025 to 15 July 2025. Note the difference in the scale of y-axis among the different panels.

distance from water, and decreased with increasing black bear abundance (Fig. 4). The
model-averaged estimate of total moose abundance was 23 (95% BCI = 12, 75) with a sex

ratio of 8 (95% BCI = 2, 40) adult males per 100 adult females. We estimated a total of 21

(95% BCI =10, 73) adult female and 2 (95% BCI = 1, 8) adult male moose. Sex-specific

13



abundance estimates translated into densities of 0.095 (95% BCI = 0.044, 0.334) adult
female moose/km? and 0.005 (95% BCI = 0.004, 0.026) adult male moose/km?. Average
baseline detection probabilities were around 3-4 times higher for adult males (py, =0.11,
95% BCI =0.02, 0.26) compared to adult females (p, = 0.03, 95% BCIl =0.01, 0.08) and
moose with unknown sex (po = 0.04, 95% BCI =0.01, 0.10); these per occasion detection
probabilities translated into cumulative probabilities (i.e., the probability of detecting at
least one individual) of 0.97 (95% BCI = 0.51, 1.00), 0.57 (95% BCI =0.17, 0.90), and 0.67
(95% BCI =0.21, 0.96), respectively. While standardized black bear abundance and
distance to water had the strongest relative effect sizes per standard deviation (Table 1),
the unstandardized prediction curves highlight the contrasting ecological importance of
our covariates. Across its full observed range, percent of available moose habitat yielded a
noticeably larger shift in predicted moose abundance (increasing from near zero to over 30
individuals) compared to the effects of distance to water and black bear abundance, which
altered predicted abundance by less than one individual (Fig. 4).

To estimate black bear abundance, we found that a model that assumed a zero-
inflated Poisson process for abundance was slightly more supported (WAIC = 97.6) and fit
the data better (Bayesian p = 0.32) than a simple Poisson distribution (WAIC = 98.1,
Bayesian p = 0.30). The total estimated black bear abundance was 9 bears (95% BCI =6,
37). The zero-inflated model estimated that only 35% of sites were suitable for black bears,
which was expected because only 4 out of 24 sites had detections during the analysis
period. The average baseline detection probability per occasion was 0.05 (95% BCI =0.01,
0.11) with a cumulative detection probability of 0.81 (95% BCI = 0.32, 0.97).

DISCUSSION

Estimating population abundance and sex composition is fundamental for sustainable
harvest management of game species, especially in areas with considerable uncertainty in
population status. Our game camera study provided key insights into the moose population
within the TM549 management area of GMU 15C that minimum counts from aerial surveys
traditionally miss. These insights included adjusting abundance and sex composition
estimates for imperfect detection and identifying ecological correlates of moose
abundance in the study area. Adult female moose exhibited substantially higher encounter
rates than males (61% vs. 20%) in game camera photos, and a sex ratio of 8 bulls:100 cows
indicated a population with limited harvest potential. Notably, recruitment appeared
critically constrained in the population, with only 3 of 159 moose images classified as
subadults (yearlings) and no juveniles (calves) observed in any photos. Also, we observed a
pronounced spatial concentration where a single camera site captured 74% of all moose
detections during the sampling period.
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Demographic estimates from our study place the moose population in the TM549
management area of GMU 15C at the lower extreme of density and bull-to-cow ratios
recorded across coastal Alaska. We estimated a total of 23 adult moose (21 females and 2
males) in our study area between 15 June—15 July 2025. During the aerial survey completed
in March 2024, a minimum count of 4 moose was documented in this same study area.
This discrepancy can potentially be explained by the fact that minimum counts are not
corrected for sightability, and that the assumed 70% detection rate for this area estimated
by ADF&G is biased severely high. However, our estimated abundance falls within the
minimum counts of 10 to 48 moose reported by ADF&G over 2011 to 2017 for this area. It
should be noted, ADF&G’s Seldovia minimum count area is larger and has observed higher
bull:cow ratios than this study. The sex ratio estimated from our binomial-mixture models
(8 bulls:100 cows) falls well below the management objective in GMU 15C of 20 to 25 bulls
per 100 cows to ensure adequate breeding coverage and preserve harvest opportunity
(Herreman 2022). Moose densities in Alaska can range from 0.013 moose/km?to over 1.93
moose/km? (ADF&G [n.d.]), and our combined density estimate was at the lower end of this
range at 0.1 moose/km?>. Along with the general sparsity of moose in our study area, our
density estimate is expected to be lower in summer as most moose density estimates are
based on winter range when moose are concentrated due to deep snowpack. For example,
moose on the Gustavus Forelands in Southeastern Alaska on their winter range were
recorded at some of the highest densities in Alaska at around 3.9 moose/km? (White et al.
2004). Thus, combined with evidence of low recruitment, the low-density moose
population in the southern portion of GMU 15C appears strongly constrained by localized
environmental limits.

Spatial variation in moose abundance across our study area was strongly shaped by
a combination of habitat availability, proximity to water, and presence of black bears. As
predicted, moose abundance responded positively to the availability of habitat and
proximity to fresh water. During early summer, early seral browse species such as willow
(Salix spp.) and birch (Betula spp.) provide the high-protein forage necessary to support
body condition, while riparian corridors offer essential aquatic vegetation for mineral intake
alongside critical microclimates for thermoregulation (MacCracken et al. 1993, van Beest
et al. 2012). Notably, only two of our sites had available moose habitat percentages above
32%, with the single camera site that recorded the majority of moose detections having
91% of available moose habitat; this site also had one of the lowest distances to fresh
water at 843 m. Conversely, moose abundance decreased in areas with higher black bear
abundance. Black bears can exert strong top-down pressure on moose populations in
coastal Alaska through direct calf predation, especially where brown bears (Ursus arctos)
are uncommon (Ballard 1992). Given that we detected zero calves or brown bears during
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our sampling period, this strong negative relationship with black bear abundance highlights
how predation risk—or risk-sensitive behavioral avoidance—can heavily constrain
localized space use and recruitment in low-density populations. Additionally, although not
evaluated in our analysis, coyotes were frequently detected across our study sites (20% of
wildlife detections); while primarily scavengers, coyotes can occasionally prey on neonate
moose calves (Benson and Patterson 2013). Collectively, these habitat trade-offs and
predator dynamics suggest that localized environmental constraints dictate space use.

Several methodological limitations warrant consideration when evaluating these
results. First, because we lacked empirical movement and space-use data from GPS-
collared moose in our study area, density estimates were derived using prior information
from another study (Thompson et al. 2024) and should be interpreted cautiously. Second,
19% of moose images could not be definitively classified by sex, requiring us to apportion
unclassified individuals based on the estimated proportion of adult males and females.
While this introduced minor uncertainty into sex ratios, our binomial-mixture models
explicitly corrected adult male and female abundances for imperfect detection when
estimating the overall sex ratio. Third, two camera sites with moose detections were
separated by only 3.4 km, introducing the possibility of double-counting given typical
moose movement distances. However, because one of these sites recorded only a single
detection while the other captured the vast majority of photos, double-counting likely
imparted minimal bias on total abundance estimates. Finally, documented correlations
between ecological covariates and moose abundance were heavily driven by the single
camera location that dominated detections. Beyond habitat availability, proximity to water,
and low bear activity, unmeasured micro-site characteristics may further explain this high
concentration of use.

From a management perspective, our findings provide context for interpreting local
population status and establishing realistic monitoring expectations in southern GMU 15C.
Although harvest is already strictly capped under permit hunt TM549 (3 bulls), our
estimated sex ratio of 8 bulls per 100 cows—combined with the complete absence of
detected calves—indicates that low density and poor recruitment are likely driven by top-
down predation or low calf survival rather than hunter harvest. Furthermore, while formal
recalibration of aerial survey sightability would require GPS-collared animals, managers
should recognize that the standard 70% detection assumption could underestimate true
abundance in the dense coastal canopy, meaning minimum aerial counts should be
treated as conservative indices rather than absolute population sizes. Finally, if localized
camera monitoring is conducted in the future, measuring individual camera viewsheds and
effective sampling areas would enable more accurate estimation of moose density (e.g.,
space-to-event models, Moeller et al. 2018) without requiring long-term study
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commitments. Given the low moose density across the area, management efforts may be
most effectively focused on preserving high-quality riparian habitats and monitoring
predator-prey dynamics rather than maintaining intensive population estimation
infrastructure.
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APPENDIX

Appendix S1. Game camera images of mammalian species detected in study
area including (A) black bear, (B) coyote, (C) wolverine, (D) feral dog, (E)
Canadian lynx, (F) snowshoe hare, (G) American marten, and (H) red squirrel.
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Appendix S2. Description and specification of Bayesian binomial-mixture
model used to estimate moose abundance and sex composition from game
camera images.

We used binomial-mixture models in a Bayesian framework to estimate the population size
of moose from our spatially replicated counts at cameras sites (Royle 2004). Like other
hierarchical approaches, the model includes an ecological process that yields a latent
(unobserved) state and an observation process that yields observations. Thus, the spatial
variation of local abundance at cameras site i, N;, is described by a Poisson distribution
with mean A. We also considered a zero-inflated Poisson distribution of abundance to
describe the latent abundance process, which estimates the probability (1) that a suite is
suitable (z = 1) or not (z = 0) for a given species when there were excess zeros in count data.
The observed counts y;; (given N;) at site i and during occasion j are described by a
binomial distribution with sample size N; and detection probability p. We also introduced a
vector of site-level ecological covariates (x) using a log link function to explain variation in
abundance and estimated baseline detection rates on the logit scale, which yields the
model specification in the following equation:

N;,,~Poisson(4;;)
log(dix) = ap + ax + X'
Yiji~Binomial(p;jx, N )

_ (logit™*(Bo) if effort;; = 1 (1)
Pijk =10 if effort;; = 0
ag~N(0,10),

ap~N(0,10),k=1,...,K
a,~Cauchy(0,2.5)forp=1,...,P
ﬁolk""N(O,Z) fork = 1, cees K

where we assume log intercepts on the overall grand mean () and sex-specific latent
abundances (ay) arose from independent Normal distributions (i.e., prior distributions)
with mean 0 and variance 10, the vector of coefficients (a) explaining abundance arose
from Cauchy distributions with mean 0 and scale parameter 2.5 (Gelman et al. 2008), and
logit detection probability intercepts (S ) arose from independent Normal distributions
with mean 0 and variance 2. We accounted for the availability of a camera to detect moose
using a trap operation matrix (effort; ;) for site i and occasion j, where effort;; = 1 if the
camera was operational and 0 otherwise. Note that we formulated the log-linear model of
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abundance using sum contrasts to have the sex-specific intercepts as offsets from the
overall group mean.

We derived total abundance by summing over the site-level abundance estimates
and calculated the male-to-female sex ratio by dividing the estimate of adult male
abundance by adult female abundance. To deal with uncertain sex status in our counts, we
estimated abundance and detection probability for each sex class k (adult male, adult
female, and unknown sex) separately and then used the proportion of males out of the
combined male and female abundance estimate to partition unknown sex moose into male
and female abundances.
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