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A B S T R A C T   

Wildlife managers need reliable information on species distributions (i.e. patterns of occurrence and abundance) 
to make effective decisions. Historically, managers have relied on harvest records (collected at broad spatial 
extents but coarse resolution) to monitor wildlife populations. However, emerging citizen-science datastreams 
can potentially supplement harvest-based monitoring by providing fine-resolution data that permit identification 
of species-environment relationships needed to predict occurrence and abundance. We combined harvest records 
and citizen-science camera-trap data in integrated species distribution models (iSDMs) to estimate species- 
environment relationships and distribution patterns of six wildlife species in Wisconsin, USA. We expected 
that iSDMs would more precisely estimate species-environment relationships and predict spatial abundance 
patterns intermediate between camera- and harvest-only SDMs. We also conducted simulations to explore the 
consequences of incomplete knowledge of harvest effort for estimates of abundance and species-environment 
relationships. Integrated models produced more precise species-environment relationships than camera-only 
models in 53% of the relationships we tested; all harvest-only models failed to converge. Moreover, integrated 
and camera-only models showed low agreement (mean: 19.67%) in identifying abundance “hotspots” but 
considerably higher agreement (mean: 45.17%) in identifying abundance “cold spots”. Our simulations showed 
that abundance patterns estimated by iSDMs may suffer from imprecision if harvest effort is poorly measured. We 
recommend that harvest records be collected at finer spatial resolutions and be paired with in-depth effort 
reporting. Our work demonstrates the potential for integrating an existing datastream (harvest records) with an 
emerging one (citizen-science camera-trap monitoring) for modeling species distributions and providing support 
for wildlife management decisions.   

1. Introduction 

Effective wildlife management requires knowing where focal species 
are and are not found. Thus, managers often predict spatial occurrence 
and abundance patterns based on species-environment relationships, or 
correlations between environmental variables (e.g., land cover) and 
detection or count data (Elith et al., 2006; MacKenzie et al., 2018). 
Agencies (i.e., federal, state and/or provincial wildlife management 
organizations) typically manage wildlife over broad spatial extents 
(Fig. S1) that are impractical to sample comprehensively, and thus 
available datasets are typically at resolutions too coarse to inform 
species-environment relationships at local scales (Bauder et al., 2020). 
However, many potential management actions (e.g., habitat 

manipulations, translocations) are local-scale phenomena, necessitating 
information about species distributions at fine resolutions to guide de-
cisions (Moilanen et al., 2005; Wiens and Bachelet, 2010). Therefore, 
wildlife managers should develop ways to use data that can be feasibly 
collected over broad spatial extents but can inform local-scale decisions. 

Historically, many agencies have used harvest data to monitor 
wildlife populations. Harvest data typically exist at broad extent (e.g., 
entire provinces) but at coarse resolution (counties or management 
units; Fig. S1). Agencies can use these data (in addition to age and sex 
ratios of harvested animals) in population reconstruction models to infer 
population size or trends within management units (Allen et al., 2018; 
Ryder, 2018). While this approach has been instrumental, harvest data 
have largely not been used to infer species-environment relationships 
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(and subsequently, fine-resolution occurrence or abundance patterns; 
but see Bauder et al., 2020). Knowledge of fine-resolution species dis-
tributions is important for targeted management actions such as 
resolving human-wildlife conflict. Therefore, managers need additional 
datasets and methods to quantify species-environment relationships, 
thus complementing harvest-based methods. 

In recent years, citizen science has become a powerful datastream to 
quantify species-environment relationships (Dickinson et al., 2010). 
Recognizing the promise of citizen science, many agencies have 
launched citizen-science based monitoring programs (Lasky et al., 2021; 
Townsend et al., 2020). In particular, recent years have seen the emer-
gence of jurisdictional observation networks (JONs), agency- 
coordinated efforts to collect ecological data at fine resolutions over 
broad spatial extents, often via passive sensors that are maintained by 
citizen scientists (Townsend et al., 2020). Passive sensors such as camera 
traps can effectively monitor diverse taxa while minimizing skill or 
effort biases associated with human observations (Burton et al., 2015; 
Wearn and Glover-Kapfer, 2019). However, JONs may not totally 
replace harvest-based wildlife monitoring. For example, JONs may 
rarely detect low-prevalence species; with few detections, fitting models 
and producing informative species-environment relationships is diffi-
cult. Ideally, managers should draw upon the strengths of both data 
sources to produce the best possible predictions of occurrence and 
abundance to guide decisions. 

Harvest and camera-trap data are fundamentally observations of the 
same underlying ecological process: the distribution of animals in space. 
Reconciling differences between the datastreams within a single analysis 
is challenging (Pacifici et al., 2019), but integrated species distribution 
models (iSDMs; Isaac et al., 2020; Miller et al., 2019; Zipkin et al., 2019) 
provide a means to combine all available data to estimate species- 
environment relationships, thus informing species occurrence and 
abundance at fine resolution over broad spatial extents (Fig. 1A). Pre-
vious analyses have suggested that iSDMs generally reduce uncertainty 

in species-environment relationships, all within a single, streamlined 
approach (Fletcher et al., 2016; Isaac et al., 2020; Koshkina et al., 2017; 
Miller et al., 2019). However, the possibility of harvest data contributing 
to species distribution modeling has been largely overlooked (but see 
Bauder et al., 2020). 

We applied iSDMs uniting JON camera-trap data and harvest records 
for six wildlife species representing a spectrum of prevalence in Wis-
consin, USA (Fig. 1A–B). For comparison, we also developed camera- 
only and harvest-only SDMs (Fig. 1A). We hypothesized that iSDMs 
would produce more precise species-environment relationships than 
camera- and harvest-only models (Fig. 1C). In addition, we expected that 
iSDMs would capture spatial patterns of abundance intermediate to 
those predicted by individual data sources (Fig. 1D). Finally, we con-
ducted a simulation study to evaluate the consequences of incomplete 
knowledge of harvest effort for estimates of abundance patterns and 
species-environment relationships. 

2. Methods 

2.1. Species 

We focused on six wildlife species: wild turkey (Meleagris gallopavo; 
hereafter “turkey”), black bear (Ursus americanus; hereafter “bear”), 
river otter (Lontra canadensis; hereafter “otter”), fisher (Pekania pen-
nanti), bobcat (Lynx rufus), and white-tailed deer (Odocoileus virginianus; 
hereafter “deer”). We chose these species because they are readily 
detected by cameras, their harvest is tracked by the Wisconsin Depart-
ment of Natural Resources (WDNR), each is of management interest, and 
they represent a spectrum of prevalence (Fig. 1B). 

2.2. Camera data 

Our primary datastream was Snapshot Wisconsin, a JON operated by 

Fig. 1. (a) The iSDM framework with separate submodels for camera-trap data and harvest data (adapted from Miller et al., 2019); the camera- and harvest-only 
models contain submodels for only the camera and harvest data, respectively. (b) Focal species prevalence, defined as the percent of cameras that detected a 
species. From left to right, the silhouettes represent otter, fisher, bobcat, turkey, bear, and deer. (c) We predicted that integrated models would more precisely 
estimate species-environment relationships and that variance shrinking would be contingent upon species prevalence (left, low prevalence; right, high prevalence). 
(d) We predicted that harvest- and camera-only models would produce slightly different spatial patterns of abundance and that the patterns predicted by integrated 
models would be intermediate. 
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the WDNR (Fig. 2; Townsend et al., 2020). Snapshot Wisconsin has the 
dual goals of providing data to support wildlife management and 
increasing public engagement in wildlife science. The program relies on 
volunteers to host camera traps and classify images. 

The WDNR solicits volunteers to host camera traps within US Public 
Land Survey System quarter-townships (spatial resolution, 4.8 × 4.8 
km), which serve as sampling units for Snapshot Wisconsin. In an effort 
to maximize spatial coverage of the project, the WDNR prioritizes ap-
plicants from unoccupied cells. The WDNR provides each host with a 
Bushnell Trophy Cam (Overland Park, Kansas) with fixed settings such 
that the cameras record a 3-image sequence when triggered, with a 15- 
second gap between triggers. The hosts deploy their camera within their 
assigned quarter-township, typically on private land. They place their 
cameras along wildlife trails or water features at least 100 m from major 
roads or buildings. Hosts mount their camera 0.75–0.9 m from the 
ground and 3–4.5 m from the target, positioning the camera such that it 
aims the target at a diagonal angle and faces north to avoid false triggers 
from sunrise or sunset. Bait or lures are not used. Finally, hosts are 
instructed to clear vegetation between the camera and the target that 
may obstruct detection of animals. The hosts check their cameras every 
1–3 months and upload the images to a web repository. Image classifi-
cation takes three forms: 1) individual classifications by camera hosts, 2) 
consensus-based classification by volunteers on the Zooniverse crowd-
sourcing platform, 3) and expert classification of subsets of images to 
quantify accuracy of volunteer classifications (Anhalt-Depies et al., in 
prep). Since launching in 2016, Snapshot Wisconsin has generated >50 
million photos from >2000 cameras. 

We derived binary detection histories from the camera data to use in 
our analysis. First, we deleted photos if critical information (camera 
coordinates or date-time data) were missing or clearly wrong. We 
reviewed triggers classified as fisher or otter due to the relatively low 
classification accuracy for these species and updated the triggers' clas-
sification based upon review. Classification accuracy for the other spe-
cies is sufficiently high (>98%; Anhalt-Depies in prep.; Clare et al., 

2019) that we judged post hoc review unnecessary. Next, we defined the 
temporal extent of sampling and length of replicate sampling occasion 
for each species (Fig. 2). We focused on one year (2018) of data since our 
objective was to develop proof-of-concept models combining camera 
and harvest data. We defined a unique temporal extent for each species 
to restrict the camera data to times during which population closure was 
most likely, i.e., after reproduction but prior to the harvest season 
(Fig. 2). We defined the length of the replicate sampling occasions to be 
7 days for the less-prevalent species and 1 day for the most common 
species (Fig. 2). We assigned NA values in the detection histories to 
cameras that were not active on particular sampling occasions. For each 
species, we filtered cameras that were active for at least two sampling 
occasions, though for turkey we filtered cameras that were active for all 
sampling occasions due to convergence issues in exploratory analyses. 
Number of camera locations for each species ranged from 524 (turkey) 
to 1439 (otter; Fig. 2). For each species, the median number of sampling 
occasions with active cameras was 8 (otter), 10 (fisher), 9 (bobcat), 31 
(turkey), 9 (bear), and 15 (deer), respectively. 

2.3. Harvest data 

The WDNR regulates harvest within species-specific management 
zones (Fig. S1). However, the WDNR tracks annual harvest per county, 
which represent smaller areas than management zones for most species 
(Fig. S1). Therefore, we used the number of animals harvested within 
each county in 2018 as our second source of data (Fig. 2). Clearly, the 
number of animals harvested within a given county is a function of not 
only abundance but also of harvest effort. Therefore, we gleaned mea-
sures of harvest effort from the WDNR's 2018 harvest reports (WDNR, 
2020) to be used as a bias term in the iSDMs (Fig. S2). Measures of 
harvest effort were based either on 1) the number of harvest authori-
zations per management unit or 2) metrics of harvest effort derived from 
WDNR hunter and trapper surveys. We were able to recover effort data 
at the county level for only two species (deer and bobcat); for the other 

Fig. 2. Data used in analysis: county-level harvest (fill) and camera-trap detection records (points; translucent gray points represent cameras that never detected the 
species). The temporal extent, length of replicate sampling occasions, and number of locations for the camera data are shown above the map for each species. 
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species, we used information collected for larger management zones and 
assigned each zone's effort values to the counties whose centroids fell in 
that zone (Figs. S1, S2). We scaled the effort values to fall between 0 and 
1. For more details on harvest effort data, please see Supplemental 
Information. 

2.4. Modeling framework 

2.4.1. Overview 
Species distribution models create a statistical description of species 

occurrence and/or abundance, which are latent variables (i.e., cannot be 
directly observed). Therefore, SDMs use environmental predictors to 
characterize the distribution of interest and model uncertainty about 
observing the latent state via an observation submodel (Fig. 1A). Inte-
grating multiple datastreams faces a fundamental challenge: different 
datastreams may arise from distinct sampling and observation processes 
(Fletcher et al., 2019). iSDMs address this challenge via datastream- 
specific observation submodels that inform a common ecological 
model (Fig. 1A). 

Our two data sources represent detection-nondetection data (cam-
era) and count data (harvest). To yoke these two distinct data currencies, 
we invoke a spatial point process as a unifying framework that generates 
both data types (Isaac et al., 2020; Miller et al., 2019). The expected 
abundance (λ) of the point process determines both whether a species 
occurs within some area as well as the true abundance (N) of the species 
within the same area. We consider space discrete and focus inference on 
expected abundance within grid cells (5 × 5 km resolution for 5 species 
and 8.5 × 8.5 km resolution for bears). Expected abundance λ is a shared 
parameter in both submodels (i.e., both data sources provide informa-
tion about λ). Below, we use index i to reference cells within the pre-
diction grid, index j to reference cameras, index k to reference sampling 
occasions, and index c to reference counties. 

2.4.2. Model for latent state 
We used a Royle-Nichols model (Royle and Nichols, 2003), which 

estimates abundance N via heterogeneity in detection-nondetection 
data. We modeled expected abundance λ as a function of environ-
mental predictors and sampled the latent abundance state N: 

log(λi) = βXi + θi (1)  

Ni ∼ Poisson(λi) (2)  

where λi is the expected abundance within the ith grid cell, β is a vector 
of regression coefficients, Xi is the design matrix of environmental 
predictors for the ith grid cell, and θi is a spatial random effect for the ith 
grid cell. We used weakly informative ~Normal(0,2) priors—which are 
more robust to transformation than commonly used ~Normal(0,100) 
priors—for the regression coefficients β (Banner et al., 2020; Hobbs and 
Hooten, 2015). We used a conditional autoregressive (CAR) prior for the 
spatial random effect θi, which acts as a cell-specific intercept by treating 
the random effect of the ith grid cell as conditional on the magnitude of 
neighbors' random effects as well as the strength of spatial dependence 
(Banerjee et al., 2015; Hoef et al., 2018). We used a ~Gamma(1,1) 
hyperprior for the scalar precision of the CAR prior (Hoef et al., 2018). 

For each species, we defined a parsimonious set of environmental 
predictors (i.e., Xi in Eq. (1)) that we hypothesized would drive its dis-
tribution; thus, different species had different predictors (Tables 1, S1). 
Because our goal was to compare results from iSDMs and individual- 
datastream SDMs (Fig. 1A), we defined a single global model rather 
than conducting multi-model inference. The covariates included percent 
canopy and impervious cover from the 2016 National Land Cover 
Database (Dewitz, 2019), mean annual temperature from WorldClim 
(Fick and Hijmans, 2017), edge density between forest and open land 
cover types from the 2018 MODIS land cover product (Friedl and Sulla- 
Menashe, 2019), and stream density from a shapefile of rivers and 

streams (ESRI, 2020; Fig. S3). Several other candidate predictors were 
omitted due to high (Pearson's |r| > 0.7) correlations with the other 
predictors (Dormann et al., 2013). We quantified mean values of the 
predictors within 5 × 5 km (5 species) and 8.5 × 8.5 km (bear) grid cells 
to roughly match the space use of each species (Schank et al., 2019; 
Supplemental information). 

2.4.3. Camera submodel 
Observational submodels are conditional on the latent state. In the 

case of the Royle-Nichols model, the submodel describes the probability 
of detecting an animal, given abundance of the species at the location 
(Royle and Nichols, 2003). We allowed detection probability to vary by 
camera and sampling occasion via covariates and random effects. 

Y1jk ∼ Bernoulli
(
pjk
)

(3)  

pjk = 1 −
(
1 − rjk

)Nj (4)  

logit
(
rjk
)
= αXjk + εjk (5)  

where Y1jk is a binary indicator of whether the focal species was detected 
at the jth camera during the kth sampling occasion, pjk is the per-camera 
detection probability at the jth camera during the kth sampling occasion, 
Nj is abundance within the grid cell containing the jth camera, and rjk is 
per-individual detection probability at the jth camera during the kth 
sampling occasion. In Eq. (5), α is a coefficient vector, Xjk is the corre-
sponding design matrix of detection predictors, and εjk is a camera- and 
sampling occasion-level random effect. We used percent canopy cover 
within the 30 × 30 m grid cell containing each camera (reasoning that 
forest structure may correlate with animal detectability), ordinal date, 
camera height, and distance to the targeted trail as detection predictors 
(Table 1, Supplemental information). We used ~Logistic(0, 1) priors for 
α (Banner et al., 2020) and a ~Normal(0, σ) prior for εjk, where σ is a 
hyperprior modeled with a ~Gamma(1, 2) distribution. 

2.4.4. Harvest submodel 
The harvest data exists at a coarser spatial resolution than the camera 

data and environmental predictors (Pacifici et al., 2019). Such a 
misalignment of spatial resolution between data sources can lead to 
severe biases if not addressed (Banerjee et al., 2015; Pacifici et al., 
2019). Therefore, we defined county-level expected abundance to be a 
linear function of the sum of fine-resolution expected abundances within 
a given county; that is, we induce a formal statistical change-of-support 
to reconcile the spatial misalignment between the point-level camera 
observations and the areal harvest counts to make inference at the grid 
cell resolution described above (Pacifici et al., 2019). 

Table 1 
Variables used to predict expected abundance (Environmental predictors) and 
per-individual detection probability (Detection predictors) for each species. 
Please see Table S1 for a detailed justification of the environmental predictors 
used.  

Species Environmental predictors Detection predictors 

Otter Canopy cover, impervious cover, 
stream density 

Local canopy, date, date2, 
camera height, target distance 

Fisher Canopy cover, impervious cover Local canopy, date, date2, 
camera height, target distance 

Bobcat Canopy cover, impervious cover Local canopy, date, date2, 
camera height, target distance 

Turkey Mean annual temperature, 
impervious cover, forest-open edge 

Local canopy, camera height, 
target distance 

Bear Canopy cover, impervious cover Local canopy, date, date2, 
camera height, target distance 

Deer Mean annual temperature, 
impervious cover, forest-open edge 

Local canopy, date, camera 
height, target distance  
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log(λCountyc) = γ0 + γ1log

(
∑n=c2

i=c1
λi

)

(6)  

Harvestc ∼ Poisson(effortc*λCountyc) (7)  

where λCountyc is expected abundance for the cth county, γ0 and γ1 are 
the intercept and slope, respectively, of the equation scaling fine- 
resolution expected abundance to county-resolution expected abun-
dance, and c1 and c2 index the first and last cells, respectively, to fall 
within county c. We used ~Normal(0,2) priors for γ0 and γ1. Impor-
tantly, this scaling equation implies that county-level abundance need 
not be a simple sum of grid-level abundances, thus accommodating is-
sues such as different sampling exposure of grid-level and county-level 
subpopulations or suboptimal grid resolution selection. Finally, Har-
vestc and effortc are the harvest count and effort data for the cth county. 

2.4.5. Model evaluation 
We compared results for three models: an integrated model with 

submodels for both data sources (integrated), a model with a camera 
submodel only (camera-only), and a model with a harvest submodel only 
(harvest-only). Discriminating among these models is a challenge, since 
model-ranking methods (e.g., AIC) are not appropriate for use with 
models that contain different sets of observations (Isaac et al., 2020). 
Moreover, because the species' true distributions are unknown, we 
cannot evaluate which model provides more accurate results. Conse-
quently, we compared estimates of species-environment relationships 
and expected abundance from the three models and conducted a simu-
lation study (see next section) to evaluate possible biases. 

We compared the precision of species-environment relationships (i. 
e., the coefficient vector β from Eq. (1)) estimated by the three models 
(Fig. 1B). The variance of a coefficient represents uncertainty about the 
relationship between a predictor and expected abundance. While a co-
efficient's variance is not indicative of model fit or performance per se, 
we reasoned that practitioners want models that reduce uncertainty in 
species-environment relationships as much as possible (Milner-Gulland 
and Shea, 2017; Nicol et al., 2019; but see Graves et al., 2012). 

In addition, we compared patterns of expected abundance (i.e., λi in 
Eq. (1)) and occurrence probability ψ i (converted from expected abun-
dance λi) predicted by the three models to evaluate how the models 
might provide different information in a management context. For both 
expected abundance and occurrence, we computed Pearson's correlation 
coefficient r for all cells across the entire state. For expected abundance, 
we compared areas that each model predicted to have the lowest and 
highest expected abundance, reasoning that areas of rarity and high 
abundance are both of management significance. To do so, for each 
model, we selected grid cells within the 90th and 10th percentiles for λi. 
We then mapped these cells to evaluate levels of agreement between 
models about areas predicted to have the lowest and highest expected 
abundance. We define “agreement” as the proportion of overlapping 
10th or 90th percentile cells between multiple models. 

We ran all models in the R package NIMBLE 0.8.0 (de Valpine et al., 
2017; R Core Team, 2019). We ran three Markov Chain Monte Carlo 
(MCMC) chains and assessed convergence via visual inspection of 
traceplots and the Gelman-Rubin diagnostic R̂ (considering parameters 
with R̂ ≤ 1.1 to be converged; Brooks and Gelman, 1998). We ran chains 
until they converged or reached 100,000 iterations, at which point we 
declared the model unconverged. 

2.5. Simulation study 

The goal of the simulation study was to evaluate the consequences of 
incomplete knowledge of harvest effort for estimates of expected 
abundance λi and species-environment relationships. For a low- and a 
high-prevalence “pseudospecies”, we ran a camera-only, a harvest-only, 
and two integrated models with mediocre and quality effort data, 

respectively (thus for a total of 8 simulation scenarios, each of which we 
replicated 100 times). We created a grid of 1296 fine-resolution cells 
nested within 36 coarse-resolution cells (i.e., each coarse cell contained 
36 fine cells; Fig. 3). This roughly corresponds to the resolution 
misalignment in our empirical data; for the bear model, each county 
contained an average of 30 cells, and for the other species, each county 
contained an average of 85 cells. For both pseudospecies, we generated 
fine-cell expected abundance λi as a function of the grid's x- and y-co-
ordinates, as follows: 

log(λi) = β0 + β1xi + β2yi + εi (8)  

where β0 is the average expected abundance, fixed to 0 for the low- 
prevalence pseudospecies and 1 for the high-prevalence pseudospe-
cies. β1 and β2 are species-environment relationships; we fixed the 
values of these coefficients at − 0.5 and 1.25, respectively, which 
roughly matches the magnitude of the species-environment relation-
ships estimated in our empirical application. Finally, xi and yi are the x- 
and y-coordinates (minima and maxima of − 1 and 1, respectively) of the 
cell's center, and εi is cell-specific noise drawn from a ~Normal(0, 0.1) 
distribution. We intended the low-prevalence pseudospecies (median λi 
= 0.98, IQR 0.53–1.87) to represent the less prevalent species in our 
dataset (e.g., fisher; Fig. 1) and the high-prevalence pseudospecies 
(median λi = 2.66, IQR 1.45–5.10) to represent the more prevalent 
species in our dataset (e.g., turkey; Fig. 1). We sampled abundance Ni 
from a Poisson distribution (Fig. 3a). Finally, we randomly selected 15% 
of the fine cells to survey and generated 15 replicate surveys by sampling 
a binomial distribution, fixing per-individual detection probability at 
0.1 (Fig. 3b). In our empirical data, the average percentage of fine cells 
surveyed (across species) was 14% and the average number of replicate 
surveys (across species) was 13.67. Additionally, exploratory analyses 
suggested that per-individual detection probabilities for most of the 
species considered were comparably low. 

We calculated coarse cell abundance Nc as the sum of fine-cell 
abundances Ni nested within each coarse cell (Fig. 3c). We assigned 
each coarse cell a random per-individual harvest probability between 
0 and 0.5 (Fig. 3d) and sampled harvest counts from a binomial distri-
bution (Fig. 3e). The varying per-individual harvest probability repre-
sents variable harvest effort (and consequently, varying proportions of 
the coarse-cell population harvested) in different counties. For the in-
tegrated models, we evaluated “mediocre” and “quality” effort scenarios 
in which county-level effort was modestly (r = 0.46) and strongly (r =
0.94) correlated with county-level harvest probability (Fig. 3f). For the 
harvest-only model, we included the quality-level effort data. All models 
included each cell's x- and y-coordinates as predictors as well as an 
intercept. We ran all models for 20,000 MCMC iterations in NIMBLE (de 
Valpine et al., 2017) and discarded all but the final 1000 iterations as 
burn-in. We evaluated model performance in all scenarios by 1) calcu-
lating the relative bias of expected abundance λi, 2) calculating the 
standard deviation of estimated expected abundance λi, 3) and assessing 
accuracy and precision of the species-environment relationships in Eq. 
(8). Please see Supplemental information for code to run the simulation. 

3. Results 

3.1. Species-environment relationships 

We estimated 15 species-environment relationships (2–3 predictors 
for each of 6 species; Table 1). Harvest-only models failed to converge. 
Thus, we only report results from integrated and camera-only models. 
Integrated models produced more precise species-environment re-
lationships for 8 (53%) of the relationships (Fig. 4). The signs of re-
lationships estimated by the two models for a species were always the 
same (Fig. 4). However, in three cases (stream density for otter and edge 
density for turkey and deer), the integrated model estimated a rela-
tionship that did not overlap zero, while the camera-only model 
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estimated a relationship that did overlap zero (Fig. 4). Conversely, in 
two cases (percent canopy for bear and mean annual temperature for 
turkey), the camera-only model estimated a relationship that did not 
overlap zero, whereas the integrated model produced a relationship that 
overlapped zero (Fig. 4). 

Regarding species prevalence and species-environment relation-
ships, trends predicted in Fig. 1B partly emerged. As predicted, the most 
precise relationships were estimated for deer, the most prevalent species 
(Figs. 1B, 4). However, the least precise relationships were not for the 
least prevalent species (e.g., otter coefficients were more precise than 
bear coefficients). 

3.2. Patterns of expected abundance and occurrence 

Integrated and camera-only models generally did not identify the 
same abundance hotspots. Bobcat and turkey showed the highest (40%) 
and lowest (3%) levels of agreement, respectively, about high- 
abundance areas (Fig. 5). In contrast, four species showed higher 
levels of agreement about abundance cold spots, with otter and deer 
being the exceptions (Fig. S4). Bear showed the highest agreement about 
low-abundance areas (82%), while otter showed the lowest (10%; 
Fig. S4). The strongest correlation between expected abundances pre-
dicted by the two models was for bobcat (0.80) and weakest for otter 
(0.12; Table S2). With expected abundance translated to occurrence, the 
integrated and camera-only models predicted similar spatial patterns of 
occurrence for most species (Fig. 6). Correlations between occurrence 
predicted by the two models was slightly stronger than the abundance 

Fig. 3. Setup of simulation study to evaluate the effects of incomplete knowledge of harvest effort. In (a), fine-resolution abundance is highest in the upper left part of 
the landscape; (b) shows 3 of the 15 replicate fine-resolution surveys in which 15% of the cells were surveyed to produce detection-nondetection data. Each coarse- 
resolution cell contained 36 fine cells (c), and probability of harvest varied among the coarse cells (d) such that the harvest counts (e) were imperfect representations 
of underlying coarse-resolution abundance. Finally, we evaluated integrated models with varying quality of effort data (f). 

Fig. 4. Posterior distributions of species-environment relationships. Harvest- 
only results omitted because models did not converge. The points and bars 
represent the coefficients' posterior means and 95% credible intervals, respec-
tively. The dashed red lines represent no relationship between the predictor and 
expected abundance. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.) 
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correlations except for deer (Fig. 6, Table S2). Notably, while bear ex-
pected abundance predicted by the two models was only modestly 
correlated (0.58), bear occurrence correlation between the two models 
was strong (0.87; Fig. 6). 

3.3. Simulation study 

The camera-only and integrated models produced estimates of ex-
pected abundance λi with limited bias (<5%); the harvest-only model 
produced highly biased results (Fig. 7). For the high-abundance pseu-
dospecies, the “quality effort” integrated model produced less biased 
(− 1%) estimates than the “mediocre effort” integrated model (− 5%; 
Fig. 7). In addition, the integrated models produced more precise esti-
mates than the camera-only model, and the “quality effort” scenario 
produced more precise estimates than the “mediocre effort” scenario 
(Fig. 7). 

The camera-only and integrated models identified the true species- 
environment relationships; the harvest-only estimates were extremely 
imprecise and overlapped zero (Fig. S5). In all but one case (β2 from the 
integrated model with mediocre effort for the high-prevalence pseudo-
species), the integrated models produced more precise estimates of 
species-environment relationships than the camera-only model 
(Fig. S5). The two effort scenarios in integrated models produced 
species-environment relationships with similar levels of precision 
(Fig. S5). 

4. Discussion 

Integrated models produced more precise species-environment re-
lationships than camera-only models in a narrow majority of cases, and 
harvest-only models failed to converge (Fig. 4). The fact that harvest- 
only models did not converge suggests that harvest data alone cannot 
be used to inform species distributions at fine resolution and in turn 
guide local-scale management efforts (Bauder et al., 2020). Simulations 
corroborated this idea, as the harvest-only model produced extremely 

biased and imprecise estimates of expected abundance and species- 
environment relationships (Figs. 7, S5). Taken together, these results 
suggest that harvest records should be supplemented with fine- 
resolution data to inform local-scale management. Cameras represent 
a good supplementary datastream because they provide occurrence data 
at an exact point in space, which facilitates the identification of species- 
environment relationships. 

Our results suggest that camera networks can benefit from the inte-
gration of harvest data, particularly if high-quality harvest effort data is 
available. Assuming quality effort data is available, the information 
added by harvest can generate more precise species-environment re-
lationships; for rare or difficult-to-detect species, the added information 
may make all the difference between an informative species- 
environment relationship and a relationship too imprecise to support 
management decisions. We note that a JON on the scale of Snapshot 
Wisconsin is not required to redeem harvest records for fine-resolution 
inference; for example, even 30–100 strategically-placed cameras 
paired with harvest data would likely permit identification of species- 
environment relationships (e.g., Kays et al., 2020; Simmonds et al., 
2020). Emerging fine-resolution datastreams and iSDMs provide man-
agers with the option to co-opt existing, coarse-resolution datasets to 
make fine-resolution predictions of species distributions. These pre-
dictions, in turn, can be used to guide local-scale management actions 
such as identifying areas for human-wildlife conflict resolution. 

We found low agreement in areas predicted to be abundance hot-
spots by the integrated and camera-only models. While it is difficult to 
judge which model better predicts the latent species distribution, the 
fact that two models show low agreement is still informative for 
decision-makers. Because agencies must make management decisions 
with incomplete information, managers should draw upon multiple 
sources of data to navigate decisions. For example, agencies occasionally 
reconfigure management zones based on perceived abundance. Low 
agreement about high-abundance regions between models might reduce 
managers' confidence in delineating new management zones, whereas 
high agreement would provide robust justification for such management 

Fig. 5. Regions of highest expected abundance (90th percentile) as predicted by the camera-only and integrated models. Areas where the two models agree are 
shown in purple; the percent agreement is displayed under the silhouette of each species. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 
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decisions. Managers might target low-agreement regions with fine- 
resolution sampling to help resolve uncertainty in estimates of species 
distributions. In other words, managers can use integrated and single- 
datastream analyses to cross-check each other when facing manage-
ment decisions. 

4.1. Recommendations for wildlife management agencies 

4.1.1. Enhance effort reporting 
As demonstrated by our simulation study, high-quality effort data 

can help improve the precision (and in some cases, accuracy) of esti-
mates of species-environment relationships and expected abundance 
(Pacifici et al., 2019). Our simulations suggest that poor effort infor-
mation can lead to particularly misleading results for high-abundance 
species (Fig. 7). In our empirical application, we had harvest effort 
data at the scale of harvest records (the county) for only two species, 
making it difficult to separate variation in the harvest counts that arise 
due to the ecological process (the species' distribution) versus the 
observational process (hunting effort). We suggest that agencies expand 
programs to track harvest effort data. While implementing mandatory 

effort reporting would be logistically challenging and potentially face 
pushback from hunters (Kilpatrick et al., 2005; Schmidt and Chapman, 
2014), such information would increase the value of harvest records as a 
form of distribution data. 

4.1.2. Track harvest at finer spatial resolution 
Agencies commonly monitor wildlife species within taxon-specific 

jurisdictional units that cover vast areas (Fig. S1). While it is desirable 
to tailor unit delineations to match the system of interest, we suggest 
that tracking harvest at finer resolution would increase the value of 
these data for distribution modeling (Bauder et al., 2020). One possible 
solution would be to adopt a single system of finer-resolution jurisdic-
tional units. In particular, effort reporting would be simplified for 
hunters and trappers if these records were collected within units that are 
readily recognized by the public (e.g., counties or townships), rather 
than species-specific management units. Implementing such changes 
would require considerable agency resources and likely be difficult 
given the idiosyncratic governance structure for each species, but we 
suggest it could enhance the quality of harvest records. 

Fig. 6. Occurrence probability (mean) for the six focal species from integrated and camera-only models (harvest-only results omitted due to convergence issues). 
Occurrence probabilities are scaled to have minima and maxima of 0 and 1, respectively, to facilitate comparisons. The numbers beneath the species silhouettes are 
the correlations between occurrence values predicted by the two models. 
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4.1.3. Expand taxonomic resolution 
One of the appealing aspects of cameras is that they represent a 

means to conduct broad-spectrum monitoring of multiple species 
simultaneously (Burton et al., 2015). In contrast, agencies often do not 
track harvest of all game species. For example, in Wisconsin, harvest is 
regulated but not tracked at resolution finer than the state level for a 
number of species, including snowshoe hare (Lepatius americanus) and 
ruffed grouse (Bonasa umbellus). Harvest records for such taxa could 
enhance camera-based efforts to monitor these species (Townsend et al., 
2020). While expanding harvest record-keeping would be a logistical 
challenge, we emphasize that it would provide information that could 
improve predictions of species distributions, which is an appealing 
prospect because the aforementioned species are declining in the region 
and considered vulnerable to climate change (Shipley et al., 2019; 
Wilson et al., 2019). 

4.2. Conclusion 

We highlight the potential of integrating emerging datastreams with 
pre-existing forms of ecological data. Camera traps and harvest records 
are not the only data types that fit within this framework; for example, 
acoustic monitoring datastreams from JONs could be combined with 
coarser-resolution bird atlas data. In addition, the iSDM framework is 
flexible and can accommodate alternate submodels for cases in which 
researchers collect fine-resolution count (rather than detection- 
nondetection) data. Our simulation study underscores the need for 
quality information on effort for the coarser-resolution data. Our 
application demonstrates that integrated models can provide more 
precise species-environment relationships and may identify different 
spatial patterns of occurrence and abundance from individual- 
datastream models. We highlight that multiple sources of data can be 
used to cross-check each other and bolster management decisions. We 
anticipate that integrated approaches to species distribution modeling 
will continue to grow and encourage practitioners to tailor existing 
forms of data collection to accommodate emerging datastreams from 
observation networks. 
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