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Abstract
Indices of relative abundance are routinely used to monitor and manage wildlife, yet all 
indices contain observation error and have unknown relationships with true abundance. 
State-space models (SSM) allow estimation of observation error while concordance in 
trends among multiple indices from different sampling methods may reflect true trends in 
abundance. We used multiple decades of data from roadkill surveys, nocturnal spotlight 
surveys, and observations from hunters along with trapper harvest data for six mesopreda-
tors in Illinois, USA, to evaluate concordance (i.e., similarity in trend direction and magni-
tude) across count- and harvest-based indices, while controlling for observation error using 
Bayesian SSM. We assumed that increased concordance among trends from different sam-
pling methods would increasingly mirror trends in true abundance. We observed positive 
trends for raccoon and coyote, negative trends for gray and red fox, and stable trends for 
skunk, consistent with spatiotemporal patterns of distribution and abundance of these spe-
cies within midwestern USA. Concordance among count-based indices and harvest-based 
indices adjusted for temporal changes in trapper numbers was generally high. In contrast, 
total annual trapper harvest often showed discordance with other trends. Sampling vari-
ability was similar across methods but was highest across the shortest time series highlight-
ing the importance of methodologically or analytically controlling for sampling variability. 
Our results suggest that concordant broad-scale (e.g., statewide) trends in index data may 
be best used for evaluating relatively general trends and using relatively drastic changes as 
justification for more in-depth studies.

Keywords Hunter observations · Observation error · Sampling variability · State-space 
models · Trapper harvest data

Communicated by Sandro Lovari.

 * Javan M. Bauder 
 javanvonherp@gmail.com

1 Illinois Natural History Survey, Prairie Research Institute, University of Illinois, 1816 S. Oak 
Street, Champaign, IL 61820, USA

http://orcid.org/0000-0002-2055-5324
http://orcid.org/0000-0001-8976-889X
http://crossmark.crossref.org/dialog/?doi=10.1007/s10531-021-02259-8&domain=pdf


3530 Biodiversity and Conservation (2021) 30:3529–3547

1 3

Introduction

Characterizing and understanding changes in species populations is an important compo-
nent of biodiversity conservation and management (Yoccoz et al. 2001; Nichols and Wil-
liams 2006). Accurately estimating species’ population trends is vital for understanding the 
magnitude of decline (Fewster et al. 2000; Adams et al. 2013) and documenting imperiled 
species recoveries (Ewen and Armstrong 2007; Wakamiya and Roy 2009). Additionally, 
accurate trend estimates are necessary for monitoring population fluctuations of invasive 
species (Crowl et al. 2008), understanding responses to climate change (Dulvy et al. 2008; 
Gauthier et al. 2013), and maintaining sustainable use (Maxwell and Jennings 2005; Allen 
et al. 2018a). The importance of long-term, broad-scale monitoring has arguably increased 
in recent decades due to increasing anthropogenic pressures, including landscape altera-
tions, climate change, and consumptive resource use (Robinson et  al. 1995; Czech et  al. 
2000; Foden et al. 2013).

Species management and conservation is often implemented at broad spatiotemporal 
extents (Mason et  al. 2006; Apollonio et  al. 2010). However, collecting data necessary 
for management (i.e., occupancy, abundance, or density) while controlling for imperfect 
detection (MacKenzie et al. 2005; Kery et al. 2009) at such broad scales is often logisti-
cally and financially challenging (e.g., Couturier et al. 2013; Ward et al. 2017). Whereas 
accounting for imperfect detection is preferable and increasingly used in biodiversity moni-
toring (Zylstra et al. 2010; Gould et al. 2012; Sewell et al. 2012), resource managers often 
depend upon indices of relative abundance (hereafter indices) based on direct or indirect 
(e.g., tracks, scat) counts of individuals (Gese 2001; Sauer et al. 2003; Baker et al. 2004; 
Jhala et al. 2011). Reliance on indices is particularly true for long-term monitoring efforts 
wherein historical consistency is a priority.

Harvest-based indices, often derived from annual harvest numbers or catch-per-unit-
effort, are a widely used alternative to count-based indices for monitoring the status of 
harvested species due to their long-term nature, relative ease of collection, and presence 
across broad spatiotemporal extents (Viljugrein et al. 2001; Maxwell and Jennings 2005; 
Newsome and Ripple 2015). However, harvest-based indices introduce additional chal-
lenges to index-based monitoring as harvest effort can vary due to a variety of socio-eco-
nomic, climatic, motivational, and regulatory factors (McDonald and Harris 1999; Kapfer 
and Potts 2012; Bauder et al. 2020a). Harvest susceptibility may also differ spatiotempo-
rally (O’Gorman et al. 2000) or among demographic groups (Allen et al. 2018b). Under-
standing the limitations and implications of using index data to evaluate population trends 
is therefore essential to accurately assessing those trends (Legg and Nagy 2006; MacFar-
land and Van Deelen 2011).

Regardless of an index’s source, using indices to infer population trends has two inter-
related drawbacks. First, variation in indices comes not only from the underlying popu-
lation process (e.g., trends in abundance) but from other sources (i.e., observation error) 
such as imperfect detection, inter-observer variation, and spatiotemporal variation in sam-
pling effort (Sauer et al. 1994; Thompson 2002; Freckleton et al. 2006; Kery et al. 2009). 
Second, the actual relationship between the index and the population metric of interest is 
unknown (Williams et al. 2002). Failure to account for these two issues may result in mis-
leading inferences regarding population trends or dynamics (MacFarland and Van Deelen 
2011; Molinari-Jobin et al. 2018).

The first shortcoming, observation error, may be accounted for statistically using 
state-space models (hereafter SSM) which separate the data generating process from the 
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underlying state process influencing the parameter of interest (e.g., abundance, Dennis 
et al. 2006; Royle and Dorazio 2008). Whereas SSM may result in improved index esti-
mates and therefore more accurate estimates of an index’s trend (Humbert et al. 2009), the 
index’s relationship with abundance nevertheless remains unknown. Furthermore, collect-
ing direct abundance or density estimates while controlling for observation error against 
which to calibrate indices (Baker et al. 2004; Garel et al. 2010; Jhala et al. 2011) is often 
logistically infeasible. Therefore, the second drawback, an unknown relationship between 
index and population metric, may be partially addressed by comparing the direction, mag-
nitude, and pattern (hereafter concordance) of trends from multiple independently derived 
indices (Guerra et al. 2003; Mysterud et al. 2007; Ueno et al. 2014). For example, concord-
ance across multiple indices should indicate that the overall trajectory is indicative of the 
true underlying population trend (Janousek et al. 2019).

Terrestrial mesopredator mammals (hereafter mesopredators) are collectively an eco-
logically and economically important group for which long-term index data from multiple 
sampling methods are often available. Mesopredators are widely harvested for their pelts 
(White et  al. 2015), fill important ecological roles as predators (Gompper 2002; DeGre-
gorio et  al. 2016), act as disease vectors (Mitchell et  al. 1999; Guerra et  al. 2003) and 
sources of human-wildlife conflict (Bateman and Fleming 2012; Poessel et al. 2013), and 
have inter-specific interactions that may lead to trophic cascades (Levi and Wilmers 2012; 
Newsome and Ripple 2015) or changes in species community structure (Prugh and Sivy 
2020). Because of their economic and ecological importance, wildlife agencies routinely 
collect multiple sources of count data on mesopredators (Gese 2001) and harvest data are 
widely available due to reporting regulations and/or pelt sale records (Newsome and Ripple 
2015; Ahlers and Heske 2017). Consequently, the availability of harvest- and non-harvest-
based indices for many furbearer species provides opportunities to evaluate the degree of 
concordance across indices as a means to better infer true underlying trends in abundance.

We used multiple count- and harvest-based metrics commonly used to monitor meso-
predator trends to estimate indices of abundance while accounting for observation error 
and evaluate concordance among indices. We used 4–6 statewide annual metrics from six 
mesopredator species in Illinois, USA, [raccoon (Procyon lotor), striped skunk (Mephi-
tis mephitis), Virginia opossum (Didelphis virginiana), coyote (Canis latrans), red fox 
(Vulpes vulpes), and gray fox (Urocyon cinereoargenteus)] collected over 19–43 years to 
address several objectives. First, we used Bayesian SSM to estimate indices from each met-
ric and species while accounting for observation error. Second, we examined concordance 
among indices for each species by considering the direction and strength of the estimated 
trend and the correlation between indices. Third, we evaluated factors potentially affecting 
the strength of correlation between indices. Fourth, we compared the sampling variability 
among indices. Finally, we compared the estimated rate of change between the raw metric 
data and our indices.

Methods

Study area

We used data collected throughout Illinois during 1975–2017. Descriptions of Illinois’ 
land cover, flora and fauna, and climate are provided in Bauder et  al. (2020a) and Walk 
et  al. (2010) and are briefly recounted here. Dominant land covers include commercial 
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row-crop agriculture, primarily corn and soybean, north-temperate hardwood forest, and 
urban with small remnants of native wetland and prairie communities (Walk et al. 2010). 
Agriculture is the predominant land cover throughout the state, particularly in northern and 
central Illinois (U.S. Department of Agriculture 2017), with forest becoming more preva-
lent in southern Illinois. The Chicago metropolitan area is located in northeastern Illinois. 
Statewide land cover compositions remained relatively stable during our study (Walk et al. 
2010). The climate is temperate continental with cold winters and warm summers and most 
precipitation falling in the spring and summer.

Time series

Mesopredator index data included nocturnal spotlight surveys and roadkill counts for rac-
coon, striped skunk, opossum, archery deer hunter observations for raccoon, coyote, red 
fox, and gray fox, and trapper harvest data for all six species. This yielded a total of 28 time 
series with a mean length of 38 years (SD = 6.8, range = 19–43; Appendix S1). Because no 
harvest was recorded for gray fox in 2015, we excluded the last three years of harvest data 
for this species to accommodate log-transforming the data (see Statistical Analyses).

Nocturnal spotlight surveys

During 1981–2017, staff from the Illinois Department of Natural Resources (IDNR) sur-
veyed one spotlight route per county, in a mean of 45 counties out of 102 counties annu-
ally (SD = 3.3, range = 34–48). Routes were surveyed by a driver and observer each using 
100,000  cd spotlights in a vehicle driven at 16–24  km per hour and averaged 63.5  km 
(SD = 5.3, range = 33.7–64.8  km). Animals were detected visually, often from eyeshine, 
and identified to species based on body size, shape, behavior, and eyeshine color. The 
vehicle was stopped when necessary to facilitate species identification. Surveys began 
approximately one hour after sunset, when relatively humidity was ≥ 60%, air temperature 
was  > 0 °C, in the absence of rain or heavy fog, and prior to leaf-out (21 March–4 April in 
Southern Illinois and 11–25 April in Northern Illinois). We calculated the number of each 
species (raccoon, skunk, and opossum) seen per kilometer driven for each route and then 
averaged these values to obtain an annual statewide metric.

Roadkill counts

We used annual roadkill metrics (carcasses seen per mile driven) for raccoon, skunk, and 
opossum calculated by IDNR (canids were not recorded) during 1976–2017 (S. McTag-
gart, unpublished data). Each month, ≥ 25 IDNR employees recorded counts of carcasses 
observed per mile during IDNR duties across the state. Observers did not follow standard-
ized routes although their duties were predominately within either the northern or southern 
half of Illinois. Annual metrics were calculated as the total number of counts by species 
from February through January divided by the total number of miles driven across observ-
ers. Annual metrics were adjusted for changes in traffic volume over time by multiplying 
each year’s metric by the ratio of annual rural vehicle mile driven during 1976 (the first 
year of the study) to the annual rural vehicle miles driven during a given year following 
Gehrt et al. (2002).
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Archery deer hunter observations

We collected wildlife observations from participating archery deer hunters during 
1992–2017. Participating hunters were randomly contacted and voluntarily enrolled in 
the program. Hunters remained enrolled through successive years, with additional sam-
pling replacing participants lost through attrition. We mailed participants standardized 
data sheets prior to the start of the archery deer hunting season (1 October) each year and 
participants collected data through 14 November. Participants recorded the date, county, 
number of hours hunted, and number of target wildlife species of each hunting event as 
described in Bauder et al. (2021). We used number of raccoon (recorded 1992–2006), coy-
ote, red fox, and gray fox seen per 1000 hunter-observation hours each year as provided in 
the annual reports issued by IDNR.

Trapper harvest data

Harvest data were collected using annual repeat-mail questionnaires mailed following 
the conclusion of the 1975–2017 trapping seasons to a random sample of license holders 
(except during 1976 when all licensed trappers were mailed a questionnaire). Details on 
specific methods, number of responses, and response rates are provided in Bauder et  al. 
(2020a) and Williams et al. (2018). We used the annual trapper harvest reports published 
by IDNR or the Illinois Natural History Survey to obtain the annual statewide estimates of 
trapper harvest (hereafter total harvest; Appendix S2). Because the total number of animals 
harvested annually is influenced by the number of trappers (Ahlers et  al. 2016; Bauder 
et al. 2020b), we used two adjusted harvest-based metrics to control for variation in trap-
per numbers: harvest per effective trapper (i.e., trappers harvesting at least one individual 
of a given species, hereafter harvest/trapper), and trapper harvest divided by the inflation-
adjusted (to 2018 prices) mean annual pelt prices (hereafter price-adjusted harvest) (Ahlers 
and Heske 2017).

Statistical analyses

We estimated indices (hereafter N) using SSM with an exponential population growth 
model linearized on the logarithmic scale (Humbert et al. 2009; Kery and Schaub 2012), 
which assumes that observed data (y) arise from a data model consisting of unobserved 
latent states (N) and observation error (σy) representing all variation not attributable to an 
underlying process model (Freckleton et al. 2006). Our process model included an expo-
nential growth model where a was the population growth parameter on the logarithmic 
scale and can be positive or negative. Process variance is σN. We considered Xt = log (Nt) 
and the following process and data models:

Xt = Xt−1 + a + �N

�N ∼ Normal
(

0, �N

)

yt = Xt + �y
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While SSM can accommodate density dependence using a Gompertz population growth 
model (de Valpine and Hastings 2002; Dennis et al. 2006), we chose to use an exponen-
tial growth model for several reasons. First, it may be difficult to separately estimate the 
intrinsic population growth and density dependent parameters (Lebreton and Gimenez 
2013; Roy et al. 2016). Second, our primary interest was in the overall trend not density 
dependent effects. Third, assuming density dependence in our indices may not be appropri-
ate given the broad (i.e., statewide) extent of our study area. Finally, preliminary analyses 
indicated that the exponential and Gompertz SSM generally gave similar estimates of Nt.

We fit our SSM in a Bayesian framework using JAGS (v. 4.3.0, Plummer 2003) 
called from R (v. 4.0.2, R Core Team 2019) through the package jagsUI (v. 1.5.1, Kell-
ner 2019; see Appendix S3 for code). We used uninformative prior distributions for all 
model parameters: Gaussian (0, 31.62) for a and Uniform (0, 10) for σN and σy. We visually 
assessed MCMC chain convergence and mixing and ensured that Gelman-Rubin statistics 
(Ř) were < 1.1 for all estimated and derived parameters (Brooks and Gelman 1998; Gel-
man and Hill 2006). We calculated the mean and 95% highest posterior density interval 
(HPDI) of the posterior distributions of a, σN, and σy using the HDinterval package (v. 
0.2.2, Meredith and Kruschke 2018). We calculated trend support (Janousek et al. 2019) 
as the proportion of MCMC draws whereby the direction of a was the same as the direc-
tion of the mean posterior of a. Trend support can range from 0.5 to 1.0 and we considered 
values ≥ 0.75 as having strong support and lower values increasingly indicative of stable 
trends. We also calculated the median annual percent change in N between year t and year 
t + 1 (ΔN) for each posterior time series of N (Fig. 1) and report the mean and 95% HPDI 
from the resulting distribution.

We first fit SSM using the full time series for each species and method (Appendix S4). 
To evaluate concordance, we fit multiple SSM for each species using data from only over-
lapping time periods (e.g., 1976–2017, 1981–2017, and 1992–2006 for raccoon; Appendix 
S4). We then calculated Pearson’s correlation coefficients (rN) between the posterior esti-
mates of N using estimates from the SSM fit to overlapping time periods of each index for 
each species (Fig. 1). We report the mean of the posterior for rN and their 95% HPDI, and 
considered mean posteriors of rN ≥ 0.70 as indicative of strong correlation.

We evaluated how the absolute value of the mean posterior of rN (i.e., |rN|) was affected 
by time period, method comparison type (count vs. count, harvest vs. harvest, count vs. 
harvest), and the median trend support, ΔN, and rescaled process variance of each index 
pair (Fig. 1). We used Bayesian GLMM with beta error distributions, logit links for the 
mean, log links for the precision parameter (φ), and random intercepts by species and 
z-score standardized continuous covariates. We fit models, including a null model using 
the brms package (Burkner 2017, 2018) in R (Appendix S3) using the default priors which 
were uninformative [Student’s t (3,0,2.5) for the intercept, Gaussian (0,100) for coefficients, 
Gamma (0.01,0.01) for φ, and Uniform (0,10) for the standard deviation of random inter-
cepts]. We compared models using approximate leave-one-out cross-validation (LOOIC) in 
brms (v. 2.13.3, Burkner 2017, 2018) with the loo function (Vehtari et al. 2017). We drew 
inferences from models with lower LOOIC values than the null model.

To compare index variability, we re-ran our SSM after applying a linear range rescale 
from 1 to 2 to each log-transformed metric to account for widely varying ranges and dif-
ferent scales among metrics. We then tested for effects of sampling method, time period 
(1976–2017, 1981–2017, and 1992–2017), and index type (count- or harvest-based) on the 
mean posterior estimates of σN and σy using generalized linear mixed models (GLMM) 

�y ∼ Normal
(

0, �y

)
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with gamma error distributions, log links, and random intercepts by species (Fig. 1). We fit 
models with a single covariate, models with time period in combination with either sam-
pling method or index type, and a null (i.e., intercept only) model using the glmmtmb pack-
age (v. 1.0.2.1, Brooks et  al. 2017). We compared models using AIC adjusted for small 
sample sizes (AICc, Burnham and Anderson 2002) and drew inference from models with 
ΔAICc ≤ 4.00. We report model-averaged predicted values and 95% confidence intervals.

We compared our metrics (y) and indices (N) in multiple ways to determine if not 
accounting for observation error altered our inferences (Fig.  1). First, we calculated the 
median annual percent change in y (Δy) as an analog to ΔN and compared the two values 
using Lin’s concordance correlation coefficient (CCC, Lin 1989) which ranges from − 1 to 
1 and measures the deviance from a straight line with intercept = 0 and slope = 1. Second, 
we calculated the absolute difference between ΔN and Δy and tested for effects of sampling 
method and time period on these differences using gamma GLMM. Third, we calculated 
inter-metric correlation coefficients using y as described above and compared the correla-
tion coefficients estimated from N and y using CCC. Finally, we calculated the absolute 
difference between correlation coefficients estimated from N and y and tested for effects of 
time period and metric comparison type (count vs. count, harvest vs. harvest, or count vs. 
harvest) on these differences using gamma GLMM. In each set of GLMM, we compared 

Metrics (y)

Trend 

Support

(TS)

σN
σy

N

ΔN

Δy

rN

|ΔN-Δy|

|rN-ry|

State-Space 
Models

Gamma 
GLMM
~ Time

~Type

~Method

Beta GLMM
~ Time

~Type

~Median TS

~Median ΔN
~Median σN

CCC

CCC

Gamma 
GLMM
~ Time

~Method

Gamma 
GLMM
~ Time

~Type

Inter-Metric 
Correlations

|rN|

ry

Inter-Metric 
Correlations

Fig. 1  Flow diagram illustrating the different metrics (ellipses) and analyses (rectangles) used to evaluate 
and compare indices for six mesopredator mammals in Illinois, USA. Symbols represent the raw metrics 
(y), indices adjusted for observation error (N), process variance (σN), observation error (σy), median annual 
percent change in Nt or yt between year t and year t + 1 (ΔN and Δy, respectively), and correlation coeffi-
cients (r). The covariates used in each generalized linear mixed model (GLMM) are indicated with “ ~ ” and 
CCC is Lin’s concordance correlation coefficient
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four models (sampling method, time period, sampling method and time period, and a null 
model) with  AICc model weights (w).

Results

All count- and adjusted harvest-based indices for raccoon had positive trends and strong 
trend support (TS = 0.82–0.99; Appendix S5) during the longest two time periods (Figs. 2 
and 3) which also featured multiple strong correlations between spotlight, roadkill, and 
price-adjusted harvest (Fig.  4). These indices still had positive trends during the short-
est time period (1992–2006) but trend support was generally weaker, and no strong cor-
relations were present. Raccoon total harvest was highly variable with no clear trend or 
strong correlations (Figs. 2 and 3). Count- and adjusted harvest-based indices for opossum 
indicated positive, yet variable, trends with strong trend support across all indices, except 
price-adjusted harvest during the medium-length time period (1984–2017, Figs. 2 and 3; 
Appendix S5). The strongest correlation between opossum indices was 0.69 (roadkill and 
spotlight during the medium-length time period, Fig. 4). Total opossum harvest was also 
variable with no clear trend or strong correlations. Most skunk indices indicated relatively 
stable trends with strong trend support for only harvest/trapper during the medium-length 
time period (1990–2017, Figs. 2 and 3; Appendix S5). Indices with strong correlations for 
skunk [roadkill and total harvest during 1976–2017 (r = 0.86) and price-adjusted harvest 
and total harvest during 1990–2017 (r = 0.78)] all had trend support ≤ 0.70 (Appendix S5). 

All coyote indices indicated positive trends with strong trend support (≥ 0.86, Figs. 2 
and 3; Appendix S5). All correlations between coyote indices were ≥ 0.54 during all time 
periods (Fig.  4). Conversely, all gray fox indices indicated negative trends with strong 
trend support (≥ 0.77; Appendix S5) although harvest/trapper consistently indicated 
weaker trends (Figs.  2 and 3). Correlation strength was more variable for gray fox with 
strong correlations present only during the shortest time period between archery obser-
vations, price-adjusted harvest, and total harvest (Fig.  4). Red fox trends showed great-
est variability across methods among the three canid species. During the longest time 
period (1976–2017), red fox trapper harvest indicated a strong negative trend (trend sup-
port = 0.93; Appendix S5) but the two adjusted harvest-based indices suggested non-linear 
trends resulting in low trend support and weak correlations (Figs.  3 and 4). During the 
shortest time period (1992–2017), red fox archery observations, harvest/trapper, and total 
harvest indicated negative trends with trend support ≥ 0.72 (Appendix S5), but the correla-
tion was strong only between archery observations and harvest/trapper (Figs. 2, 3 and 4).

Trend support had the greatest effect on |rN| (LOOIC = −  48.8) followed by rescaled 
process variance (LOOIC = −  37.8) and ΔN (LOOIC = −  37.6). The null model had 
more or similar support (LOOIC = −  22.4) as sampling method (LOOIC = −  23.3) and 
time period (LOOIC = − 19.6). Both trend support and median percent annual change in 
N had a strong positive effect on |rN| (β = 0.63, 95% HPDI = 0.41–0.86 and β = 0.58, 95% 
HPDI = 0.30–0.88) while rescaled process variance had a strong negative effect on |rN| 
(β = − 0.50, 95% HPDI = − 0.71 to − 0.29). Correlation coefficients ranged from − 0.45 to 
0.92 (median = 0.42).

The observation error models containing time period and index type and only 
time period had the greatest empirical support (ΔAICc ≤ 0.01). All other models had 
ΔAICc ≥ 9.68 including the model with only index type (ΔAICc = 24.86) and all of the 
top three models contained time period. Observation error increased with decreasing time 
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period duration but showed little difference between index type (Fig. 5a). Only the process 
variance model containing time period and sampling method had ΔAICc < 4.00 and all 
other process variance models had ΔAICc ≥ 4.39. The top three process variance models 
also contained time period and process variance also increased with decreasing time period 
duration (Fig. 5b). Process variation was similar across sampling methods but was greatest 
for total harvest (Fig. 5b).

We compared the median annual percent change in our indices (ΔN) and observed met-
rics (Δy) and found close positive relationship (CCC = 0.75, 95% CI 0.66–0.82), although 
estimates of Δy were often more extreme than those of ΔN indicating a tendency to over-
estimate the magnitude of change (Fig. 6a). While Δy had a different sign than ΔN in only 
10 of 54 comparisons (29%), the absolute magnitude of difference between ΔN and Δy in 
these 10 cases was 0.05–3.35. There was a strong effect of sampling method on the abso-
lute difference between ΔN and Δy (w = 0.80) and this difference was greatest for price-
adjusted and total harvest (Fig. 6e). The model including time period did not outperform 
the null model for the absolute difference between ΔN and Δy (w = 0.02 and 0.09, respec-
tively, Fig. 6c). Correlation coefficients calculated from N and y were strongly positively 
related (CCC = 0.90, 95% CI 0.86–93; Fig. 6b). There was a strong effect of time period on 

Fig. 2  Mean posterior estimates and 95% highest posterior density interval estimates for the median annual 
percent change in Nt between year t and year t + 1 (ΔN). estimated from indices derived from different sam-
pling methods for six mesopredator mammals in Illinois, USA.  The median annual percent change in yt 
between year t and year t + 1 is denoted with an asterisk (*). Total harvest is total annual trapper harvest, 
price-adjusted harvest is total harvest divided by inflation-adjusted annual pelt price, and harvest per trapper 
is total harvest divided by the number of trappers harvesting ≥ 1 individual of a given species. Values were 
estimated for each time period separately by species
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the absolute difference in correlation coefficients as the two models containing time period 
had all of the model weight (w =  1.00) and this difference was greatest during the shortest 
time period (1992–2017; Fig. 6d). The model with metric comparison type had virtually no 
support (w = 0.00) (Fig. 6f).

Fig. 3  Trends in estimated indices from six mesopredator mammals using data from 1975 to 2017 from Illi-
nois, USA. Solid lines and ribbons are the mean posterior and 95% highest posterior density interval esti-
mates for N and points are observed values. Spotlight, roadkill, and archery indices are count-based indices. 
Harvest-based indices include total annual trapper harvest (Harvest), total harvest divided by inflation-
adjusted annual pelt price (Adj. Harvest), and total harvest divided by the number of successful trappers 
(Harv/Trap). All values within each facet were rescaled from 0 to 1 for visualization
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Discussion

Our results highlight the value of comparing indices to evaluate the concordance among 
estimated trends for data collected at broad spatiotemporal extents over long time peri-
ods, particularly in the absence of direct estimates of abundance. Many existing monitoring 
efforts are based on continuation of historic protocols and a desire to maintain methodo-
logical consistency over time. Modifying existing monitoring protocols or designing and 
implementing new protocols often involves additional logistical and financial costs (e.g., 
Couturier et al. 2013; Ward et al. 2017). Whereas using historical data often entails limi-
tations in analyses and inference, these limitations can be overcome through the use of 
SSM to estimate observation error (Humbert et al. 2009) and by using concordance among 
trends to better assess the degree to which those trends may reflect trends in abundance 
(e.g., Ueno et al. 2014). While our observed metrics (y) were strongly correlated with our 
SSM indices (N), the greater variability in our observed metrics highlights the value of 
controlling for observation error. We also found that each species we investigated had at 
least one time period when at least one index indicated a different trend, usually of weaker 
magnitude rather than opposite direction, highlighting the value of comparing multiple 
indices.

The general concordance in trends across count- and adjusted harvest-based indices 
suggests that these sampling methods are effective in capturing overall statewide popu-
lation trends of mesopredator abundance across broad spatiotemporal extents (Janousek 
et  al. 2019). However, more variable indices (i.e., greater observation error), suggest 

Fig. 4  Mean posterior estimates and 95% highest posterior density intervals of Pearson’s correlation coef-
ficients (r) between N estimated from different non-harvest- and harvest-based annual indices for six species 
of mesopredator mammals in Illinois, USA, across 20,000 posterior draws. Methods are abbreviated as: 
Arch archery deer hunter observations, Spot nocturnal spotlight surveys, Road roadkill surveys, Harv total 
annual trapper harvest, AdjH total harvest divided by inflation-adjusted annual pelt price, H/T total harvest 
divided by the number of trappers harvesting ≥ 1 individual of a given species. The dotted line indicates 
r = 0.70
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caution when using index data such as ours to infer population trends over relatively short 
(19–26 years) time periods. While population processes for the six study species we inves-
tigated may ultimately be influenced by factors beyond the extent of our study area, par-
ticularly given their extensive distributions, understanding population trends within large 
political units (e.g., states) is important because management decisions are often made 
independently within such units.

Trends in total harvest often differed, sometimes markedly so, from trends derived from 
count- and adjusted harvest-based indices. The most striking example was raccoon total 
harvest compared to all other indices for raccoon. Such discordance is not unexpected 
given the sensitivity of total harvest to number of trappers and effort (McDonald and Har-
ris 1999; Willebrand et  al. 2011; Bauder et  al. 2020b). However, our estimates of total 
harvest account for the effects of unreported trapper harvest making unreported harvest 
an unlikely contributor to such discordance. Yet it is unclear why total harvest trends were 
similar to trends observed in other indices for some species (canids and skunk) but not 
others (raccoon and opossum). This variation could reflect species-specific differences in 
harvest patterns (Kawaguchi et  al. 2015; Bauder et  al. 2020a), varying trends in harvest 
patterns, effort, or regulations (Kapfer and Potts 2012; Allen et al. 2019), varying popula-
tion trends (Bauder et al. 2020a), mortality from sources other than trapper harvest (e.g., 
nuisance wildlife control), or simply that total harvest is a poor indicator of trends in 
abundance. For example, the concordance between trapper harvest and other indices for 
gray fox, and to a lesser extent red fox, may be spurious as the declining indices for these 

Fig. 5  Mean model-averaged predicted estimates and 95% confidence intervals of observation error as a 
function of time period and index type (a) and process variance as a function of time period and sam-
pling method (b) estimated from generalized linear mixed models. Models were fit to estimates of observa-
tion error and process variance estimated from state-space models (SSM) from six species of mesopredator 
mammals in Illinois, USA, using overlapping time periods (see Fig. 2). All metrics were log-transformed 
and linearly rescaled from 1 to 2 prior to fitting SSM. We model-averaged across models containing time 
period and either index type (observation error) or sampling method (process variance)
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species generally coincided with declines in trapper numbers (Bauder et al. 2020a). This 
inconsistency across species further underscores the oft-repeated caution of inferring pop-
ulation trends from harvest data without controlling for trapper numbers or effort (Gese 
2001; McKelvey et al. 2011; Bauder et al. 2020a).

Fig. 6  Comparisons of median percent annual change (Δ) and inter-metric correlations (r) estimated from 
observed metric values (y) or state-space model indices (N) from count- and harvest-based annual indices 
across six species of mesopredator mammals in Illinois, USA. Dashed lines in a and b have intercept = 0 
and slope = 1. c and e show mean predicted estimates and 95% confidence intervals (CI) of the absolute dif-
ference between median percent annual change in y (Δy) and median percent annual change in N (ΔN) as a 
function of time period and sampling method, respectively. d and f show mean predicted estimates and 95% 
CI of the absolute difference between r estimated from y and N as a function of time period and sampling 
method, respectively. Sampling methods are Road roadkill surveys, Spot nocturnal spotlight surveys, Arch 
archery deer hunter observations, Harv total annual trapper harvest, AdjH total harvest divided by inflation-
adjusted annual pelt price, and H/T total harvest divided by the number of trappers harvesting ≥ 1 individual 
of a given species. Metric comparison types are Count count-based vs. count-based indices, Harvest har-
vest-based vs. harvest-based indices, and Both count-based vs. harvest-based indices
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Our results indicate that no single sampling method had consistently lower sampling 
variability (i.e., observation error) or process variance across all species. Instead, we found 
that sampling variability and process variance were highest in our shortest time series. 
This likely explains why observation error was generally higher for archery observation 
time series as these time series were the shortest (19–26 years). Total harvest generally had 
the highest process variance which may be expected given that temporal variation in har-
vest data is not only a function of temporal variation in abundance but also factors related 
to trapper numbers and effort. Lower sampling variability should result in more precise, 
though not necessarily less biased, trend estimates, which highlights the importance of 
minimizing sampling variation through adequate study design, sampling methods, and 
analyses. Our results suggest that accounting for sampling variability by estimating obser-
vation error had the greatest value for shorter time series. Humbert et al. (2009) found that 
SSM may still provide unbiased estimates of trend with as few as ten observations although 
increasing time series length increased parameter accuracy and may be particularly impor-
tant for disentangling observation error and process variance (Dennis et al. 2006). Alter-
natively, incorporating multiple replicates (e.g., multiple sites) into SSM analyses can pro-
vide substantial gains in model performance and parameter estimation (Legg and Nagy 
2006; Dennis et al. 2010).

Strong and consistent temporal change in our indices increased concordance across 
indices as evidenced by our finding that indices with greater trend support had higher 
correlation coefficients. In contrast, we found that the strength of correlation between 
indices (i.e., |rN|) did not differ across time periods or sampling methods. Trend support 
had a stronger effect on the strength of inter-index correlations than either median per-
cent annual change in N (i.e., ΔN) or rescaled process variance indicating that strongly 
correlated indices generally had both greater magnitude (ΔN) and lower variability (pro-
cess variance). This suggests that indices will typically have the greatest concordance 
when showing strong, consistent changes over time, such as might be expected for pop-
ulations undergoing relatively large and temporally consistent changes in abundance. 
Previous research suggests that indices have the greatest power to detect relatively large 
changes in abundance (Legg and Nagy 2006; Jhala et al. 2011). However, large changes 
in one or more indices does not necessarily guarantee that those changes reflect changes 
in abundance. Interestingly, we found strong correlations between some indices (e.g., 
roadkill, price-adjusted harvest, and total harvest for skunk) that had low trend support 
but high precision indicating that strong trends are not prerequisites for strong concord-
ance. In the case of skunk, these results across count- and adjusted-harvest based indi-
ces provide evidence of relatively stable trends. Our results suggest that strong trends in 
index data, particularly declines, may best serve as indications of when more in-depth 
studies are needed for accurate estimates of abundance.

Though we lacked independent estimates of abundance against which to compare 
our indices, species-specific trends were largely consistent with spatiotemporal patterns 
of distribution and abundance of our study species within the midwestern USA. Rac-
coon and coyote are typically the most frequently detected mesopredators in this region 
(Heske et al. 1999; Lesmeister et al. 2015; Rich et al. 2018) and these species and opos-
sum were the most frequently detected and harvested species in our study. Furthermore, 
we observed a general increase in raccoon trends across metrics, which may have impli-
cations for disease spread (Guerra et  al. 2003) and population demography for non-
game species (Heske et al. 1999; Marchand and Litvaitis 2004). Our results were less 
consistent for opossum and skunk although they predominately indicate positive and 
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stable trends, respectively. Opossum, and especially skunk, are less frequently encoun-
tered and/or harvested species, which can increase the uncertainty in those estimates.

We also observed an increasing trend for coyote, which have expanded their distribu-
tion into eastern North America over the past several decades (Hody and Kays 2018). 
Increased coyote abundance could contribute to the generally declining trends in red fox 
and gray fox we observed as coyote are known to kill both species (Fedriani et al. 2000; 
Farias et al. 2005; Gosselink et al. 2007). However, local coexistence can occur between 
coyote, red fox, and gray fox (Lesmeister et  al. 2015; Mueller et  al. 2018; Rich et  al. 
2018). For example, red fox may be exhibiting behavioral shifts to more urban areas 
(Gosselink et al. 2003; Lesmeister et al. 2015) which could result in apparent declines 
when using sampling methods that are underrepresent urban environments, which may 
be the case with trapper harvest data or hunter observations. We therefore encourage 
additional research to better understand the population-level consequences of increased 
coyote abundance on red fox and gray fox in the midwestern USA. While trend data 
are scarce for red fox or gray fox in this region, our results are consistent with other 
midwestern studies reporting low occupancy of both species (Cooper et al. 2012; Les-
meister et al. 2015; Berry et al. 2017; Rich et al. 2018) and suggesting declines of gray 
fox in particular.

We offer several recommendations when implementing new protocols to collect 
index data for population monitoring. First, collect data in a manner to analytically con-
trol for sources of observation error (e.g., imperfect detection, inter-observer variabil-
ity) through the use of hierarchical models (e.g., Link and Sauer 2002; Brommer et al. 
2017). This includes conducting repeated site visits and collecting data that may influ-
ence sampling variability (e.g., individual observer, weather or site-level habitat condi-
tions). Second, in the absence of direct estimates of abundance, compare indices from 
multiple sampling methods when possible. Consistently high concordance increases 
confidence that such estimates capture underlying trends in abundance (Janousek et al. 
2019). Third, use caution when inferring trends from relatively short-term studies given 
the potential for a greater signal-to-noise ratio. Finally, managers should seek to com-
pare indices against model-based estimates of abundance that account for sources of 
observation error. A robust understanding of the relative performances of different sam-
pling methods can help managers and conservationists balance ecological and logistic 
constraints when monitoring wildlife species.
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