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Decisions about the listing  or delisting of species under the ESA hinge on information about the size of 

populations and their rate of change.  Animal populations can almost never be counted completely or 

without error (i.e., one cannot conduct a true ‘census’), so population size usually must be estimated.  

Because inferences about population size are central to conservation and management, methods to 

estimate population size are well-developed, and there is broad consensus that accurate estimates of 

population size have three properties (1-4):  

First, they rely on methods that provide independent information about number of individuals 

detected (C) and the probability that an individual will be detected (끫̂뢺).  Estimating the detection 

probability 끫̂뢺 is critical because changes in the number of animals counted may not reflect a real 

change in population size (N), but rather a change in survey methods or effort, changes in animal 

behavior or location, or changes in counting conditions (for example, many animals are more 

detectable in winter than in summer). 

Second, they are based on enough data to provide precise information.  Precision, in the sense that 

population ecologists or statisticians use the word, means that the upper and lower bounds on an 

estimate of population size are not too far apart: the margin of error (‘confidence interval’ or 

‘credible interval’) is small.  Population estimates with low precision cannot detect changes in 

population size until they become severe. 

Third, they are based on data that were collected in a manner that matches the assumptions of the 

statistical model that is used to estimate population size, and provides data that are representative 

of the broader population about which inferences will be made.  These issues are the domain of 

sampling design.  Many studies have shown that a method of population estimation works well if 

its assumptions are met, but that problems with sampling design cause large errors, particularly 

bias, when the assumptions are not met.  Bias, in the sense that population ecologists or 

statisticians use the word, means that the estimate is systematically above or below the true 

population size. 

In this report, I use the words bias, precision and accuracy in the sense that they are used in statistics.  

Precise estimates can be biased, and can create false patterns in population estimates.  Unbiased 

estimates can be too imprecise to allow proper monitoring of population size.  Accurate estimates of 

population size are both unbiased and precise.  Also following the conventions of statistics, quantities 

that can be directly observed (like C) do not have a hat, and unobserved quantities that must be 

estimated by a statistical model have a hat (like 끫̂뢺). 

There are two widely-accepted approaches that estimate population size (끫뢂�) using a count (C) and 

independent information about the probability that an individual will be counted (끫̂뢺).  With distance 

sampling, one records the distance from a randomly sited transect (or point) at which animals were 

detected (1, 5).  If transects are randomly distributed relative to true animal locations, then a decline in 

the number of animals seen at increasing distances from the transect can be used to determine how 
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many animals were missed, and thus to estimate 끫̂뢺.  Population size is then estimated as 끫뢂� =
끫롬 끫̂뢺� , and 

population density 끫롮�  is equal to 끫뢂� divided by the total area sampled by the transects. Distance 

sampling is widely used because it can applied with species that are not individually identifiable.  

However, it is rarely useful for large carnivores, simply because one cannot obtain enough sightings to 

produce a precise estimate of population size.  Consequently, other methods have been developed to 

estimate 끫̂뢺 only with data from unmarked individuals and these will be considered below. In contrast, 

Capture-mark-recapture methods rely on individual identification to estimate the detection probability 

by examining patterns  in the re-sighting of individuals over time (1, 2).  For example, imagine a study 

that recorded whether individually recognized tigers were sighted in 6 time windows of 2 months each. 

Using a 1 to denote that a tiger was seen and a 0 to denote that it was not, the pattern 100101 clearly 

shows that an individual can go undetected in a single 2 month survey.  The fact that the tiger was seen 

in periods 1, 4 and 6 reveals that it was alive but undetected in periods 2, 3 and 5.  Extensions of this 

logic allow for accurate estimates of population size for large carnivores by studies that monitor marked 

or naturally identifiable individuals (6-12), though even with this (gold-standard) method, problems with 

sampling design can lead to substantial uncertainty or error in population estimates (13). 

Capture-mark-recapture methods are difficult to apply to sparse, elusive and wide-ranging species.  For 

any large carnivore, it is typical that several years of intensive field study are needed to obtain data that 

estimate 끫̂뢺 accurately, and thus convert the number of animals counted (C) into a good estimate of 

population size, 끫뢂� (9).  For the wolf, this problem is further complicated by the difficulty of identifying 

individuals, so that data are affected by ‘false positives’ (where two detections of the same wolf are 

accidentally recorded as different wolves) and ‘false negatives’ (where two different wolves are 

recorded as the same individual).  For these reasons, state wildlife management agencies have 

considered capture-mark-recapture methods  to be too difficult, expensive and time consuming for 

state-wide wolf monitoring programs in the Northern Rockies (14, 15), and a range of alternative 

methods have been assessed.  These include: (A) Acoustic surveys using ‘howl boxes’ that play a highly 

amplified series of wolf howls and then record responses (16, 17).  (B) Genetic capture-recapture 

methods that use genotypes from fecal samples to apply capture-recapture methods (18-22). The logic 

of this approach is that wolves are difficult to identify by sight, but not by their genotypes.  (C) 

Uncorrected total counts of wolves that do not account for variation in sampling effort or detection 

probability (23).  (D) Integrated population models that use data on survival and pack counts to estimate 

population size (24).  (E) A method that combines predictions about the area occupied, territory size, 

and pack size into a predicted population size (15). (F) Space-to-event models using camera traps (14, 

25).    

Methods E and F have been employed by the states of Montana and Idaho to estimate wolf numbers in 

recent years that have seen dramatic liberalization of wolf hunting regulations.  Analysis based on these 

models has concluded that wolf populations in the Northern Rocky Mountains have been little affected 

by major changes in hunting regulations (14, 15, 26). This conclusion runs contrary to prior studies that 

have detected strong effects of human killing on wolf survival (27-30), reproduction (23, 31, 32), 

territory size (33), and pack size (20, 31, 32, 34)).  Direct analyses have typically shown that wolf 

population growth rates decrease as human killing increases, and that populations decline when the 

killing rate exceeds 19% to 29% of the population (23, 27, 28, 35, 36).  One anomalous analysis 

suggesting that a much higher killing rates is sustainable (37) was affected by a statistical error (by 

including several direct, additive components of population growth in the set of variables used to 
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predict population growth) (23).  The conclusion that wolf populations have been stable in the face of 

liberalized hunting regulations also fails to explain why wolf harvests have decreased despite longer 

seasons, increased limits and a wider range of legal methods of hunting and trapping (e.g., in Montana 

272 wolves were killed in 2020-2021, down 17% from the 329 killed the year before, and less than any of 

the three prior years).  Decreasing offtake despite increasing the allowable methods of killing and 

extending the hunting season is a signal of population decline, and careful evaluation is warranted when 

newly developed methods to assess population size do not align with other available data. 

Below, I evaluate space-to-event modeling for Idaho’s wolf population (14), and integrated population 

occupancy modeling for Montana’s wolf population (15).   

Idaho’s Space-to-Event Model fit to Camera Trap Data 

Idaho’s Statewide Wildlife Research Report for 2021 states that the Idaho wolf population was highly 

stable, with 1556 wolves in 2020, virtually unchanged from an estimate of 1566 in 2019, despite a 

dramatic liberalization of hunting regulations.   

These population estimates were derived from a ‘space-to-event’ model fit to data from motion-

sensitive camera traps (14, 25). The space-to-event model is one variant of models that estimate both 

population size and detection probability from unmarked individuals, with no additional information. 

While these models can estimate population size when the available data meet their assumptions, data 

from most real populations do not meet these assumptions, and it is widely recognized that such 

mismatches lead to inaccurate population estimates (3, 4, 38-40).  Several of the developers of models 

that allow simultaneous estimation of detection probability (끫̂뢺) and population size 끫뢂� from unmarked 

animals have clearly stated the errors that arise from uncritical application of this class of methods (3, 

4).  Link et al. (3) warn that:  

“[these models] allow estimation of population size and detection probability from count data 

without requiring individuals to be identified… there is, however, a cost to using [these] models: 

inference is very sensitive to the model’s assumptions.  … Small violations of assumptions can lead 

to large biases in estimation. In cases where reliable estimates of population size are needed, we 

encourage investigators to allocate resources to acquiring additional data such as recaptures of 

marked individuals, for estimation of detection probabilities.” 

Similarly, Barker et al. (4) conclude that: 

“Using a capture-recapture perspective, we show that the loss of information that results from not 

marking individuals is critical … making reliable statistical modeling of N and p problematic using 

just count data.  This is particularly the case for sparse data … reliable inference is only possible 

for relative abundance in the absence of questionable and/or unrealistic assumptions or with 

better data than seen in typical applications.” 

The Space-to-Event Model and its Assumptions 

Among the set of  methods that estimate population seize with data from unrecognized individuals, the 

space-to-event (STE) model is based on the premise that the area that must be examined before the first 

individual is seen should go down as population size goes up (25). 
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For the simple logic of the STE model to yield accurate estimates of population size, a number of critical 

assumptions must hold.  In their original development of the space-to-event model, Moeller et al. (25) 

clearly identifed its fundamental assumptions and limitations.  

STE Assumption 1: Moeller et al. emphasize that the times and places at which cameras sample an area 

must be independent of the locations of animals, if the STE model is  to produce accurate estimates of 

population size. Thus, STE is designed for use with time-lapse camera traps that are set to take 

photographs at fixed times, and not for data from cameras that are triggered by animal motion:   

 “Motion-sensor sensitivity can change with the animal’s size, distance, and angle of approach, as 

well as environmental variables such as ambient temperature and obstructive vegetation. If 

variable detection is ignored, the area in front of the camera can be hard to calculate, which can 

bias abundance estimates from models that depend on it… methods that take advantage of time-

lapse photographs can be advantageous because they do not need explicitly to model motion-

sensor variability.” …” we randomly deploy time-lapse cameras that take photographs at 

predefined times”… “using time-lapse photographs, detection probability is defined as the 

probability that an animal is captured and correctly identified given it is in the camera’s viewshed 

[when the camera takes a picture at a fixed time]”…  “Since we are using time-lapse cameras 

instead of motion-sensor cameras, the maximum distance r is defined by field landmarks rather 

than the trigger distance”. 

STE Assumption 2: Moeller et al. emphasize that random placement of cameras is required for valid 

population estimates from the STE model: 

 “the methods described here rely on random camera placement” … “we take observations of 

random areas of the landscape at an instant in time”… ”we randomly deploy time-lapse cameras 

that take photographs at predefined times”. “We recommend that future studies place cameras 

completely randomly…” “[future studies] should select sites randomly or systematically to avoid 

biasing estimates.” 

STE Limitation 3: Moeller et al. explicitly state that the need to use time-lapse cameras at random 

locations makes it unlikely to provide accurate estimates for species that are sparse (like the wolf or any 

other apex carnivore): 

 [These methods] “can be quite suitable for common species that produce lots of pictures.” … “As 

with using time-lapse photographs, randomly placed cameras may be more useful for common 

species than for very rare or elusive animals.” 

Figure 1.  The ‘space-to-event’ model.  A set of cameras (dots) is 

placed randomly, and each records a photograph of a known area 

(arcs) at fixed times.  At any given time, summing the area for each 

camera in a random sequence until the first animal is detected 

(here by camera 3) allows an estimate of population density.  As 

the number of animals increases, the area that must be sampled to 

detect one animal should decrease. 
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STE Assumption 4: Moeller et al. state that detections of a species by cameras must be independent in 

space (pairs of adjacent cameras do not produce correlated data) and time (detections at one time are 

uncorrelated with the next): 

 “detections of animals are assumed to be independent in space and time. As long as cameras are 

randomly deployed, the properties of random sampling mean that animals captured at one 

camera are not any more or less likely to step in front of the next camera. However, it is slightly 

more difficult to address independence of animal detections at a single camera. We should 

consider animal behavior when defining sampling occasions and leave enough time for animals to 

redistribute across the landscape. We can help address independence of detections by selecting 

sampling occasions randomly or systematically, but we still may see autocorrelation across 

observations.” 

STE Assumption 5:  Moeller et al state that the area that is sampled by a photograph must be accurately 

measured for each camera, because its population estimates are derived by summing these areas. 

STE Assumption 6:  Moeller et al. state that the STE model assumes that the probability of detection is 

one, for any animal within the viewshed of a camera, and again emphasize that this is not likely to be 

true for data from motion sensitive cameras. 

“All models are currently formulated under the assumption that detection probability is 1. When 

using time-lapse photographs, as in the STE and IS methods, this may be fairly reasonable. … On 

the other hand, motion-sensor cameras pose a larger issue for detection.” 

STE Assumption 7:  Finally, Moeller et al. note that the STE method assumes that individuals have a 

Poisson distribution in space.  In essence, this statistical assumption translates into an assumption that 

features of the landscape do not affect the animals’ distribution, and that individuals move 

independently.  

“STE models assume that animals follow a Poisson distribution at the spatial scale of the camera. If 

animals are clumped due to landscape features, we could [modify the model in ways that the 

analysis of Idaho wolves did not].” … “we [made] the assumption that animals move 

independently.”  

“animal abundance should follow a Poisson distribution at the level of the camera. In other words, 

animals should move independently at the spatial scale of the camera’s viewshed.” (41) 

As the original developers of the STE model emphasized, it will be difficult to obtain data from sparse 

and elusive species that meet these assumptions.  Even in example with data from an abundant and 

more easily observed species (elk) in the original description of the STE, 95% confidence limits on the elk 

population estimate from STE (1718 ±  226) did not overlap with the population estimate for the same 

elk population from an aerial survey (25).  It should be noted that this example was chosen by the 

authors because they felt the data matched the model’s assumptions adequately, and because elk were 

abundant enough to provide adequate data.   

Application of the STE model to estimate the Idaho wolf population 

In the analysis of wolf data from Idaho, many of the model’s assumptions were violated (14), as 

described below.  
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Violation of STE Assumption 1:  The STE model is designed for use with time-lapse camera traps that are 

set to take photographs at fixed times, and not for data from cameras that are triggered by animal 

motion.  The Idaho wolf assessment is based entirely on data from motion sensitive cameras (14).  It is 

difficult to assess how the authors used data from motion-sensitive cameras to approximate time-lapse 

data, as they simply stated that “we developed capture histories using spaceNtime”, which is an R 

package that can be used to fit the STE model (41). This statement does not allow a complete 

assessment of the assumptions that were made, but it is clear that most cameras in the wolf study 

would have taken no images of wolves at any fixed time, as 69% of the sampled locations recorded no 

images of wolves in the entire two year study. The guidelines that accompany the spaceNtime R package 

again emphasize that, when using the STE method, “time-lapse photography has huge advantages for 

determining sampling effort and detection probability… sampling effort is difficult to quantify from 

motion-sensor photography”(41). 

Violation of STE Assumption 2: Random placement of cameras is required for valid population estimates 

from the STE model.  For the STE method, “practices to increase detections, such as targeting high-use 

trails, should be avoided as they can bias the abundance estimate”(41).  In the Idaho wolf assessment, 

“Cameras were deployed along roads or trails within 500 m of either historical wolf pack rendezvous 

sites (i.e., pup-rearing sites used in summer) or highly suitable predicted rendezvous site habitat”(14).   

Assumptions 1 & 2 are fundamental to the logic of the STE model.  The entire logic of this method 

depends on using data from areas that were sampled randomly in space and time, relative to the 

locations of the animals.  The data for the Idaho wolf assessment are basically as far removed from 

meeting these assumptions as would be possible. 

Heavily Censored Data from STE Limatation 3:  Because assumptions 1 & 2 are critical, the developers of 

the STE model explicitly stated that it is “more useful for common species than for very rare or elusive 

animals” (25).  The Idaho wolf assessment “violated the STE model assumption of random camera 

placement in part to ensure an adequate number of detections of a low-density animal” (14).  Despite 

violating assumptions 1 & 2, the Idaho wolf assessment detected no wolves at all at 142 of 206 locations 

for the entire two-year study.  This implies that on many sampling occasions, the area sampled probably 

contained no wolves, and thus the area that would have had to be sampled to detect a wolf remains 

unknown.  In such a situation, the STE model simply assigns a value using a statistical distribution that 

rests heavily on assumption 7, which is not likely to be valid in the case of the Idaho wolf data (see 

below). 

The magnitude of this hole in the data can be understood by some simple calculations.  The area 

sampled by each camera should be directly measured for a careful implementation of the STE method 

(25), but was not measured in the Idaho wolf study (14).  However, it was estimated that each camera 

sampled 106 m2.  Thus, 9,708 cameras would be needed to sample 1 km2 at a fixed time (47 times more 

than the 206 occupancy cameras that were used in the Idaho study). The density of wolf populations 

typically ranges between 5 and 40 individuals/1000 km2, so at any fixed time one can expect only 0.005 

to 0.04 wolves in an area of 1 km2.  Thus, even with a sampling effort two orders of magnitude greater 

than was used, the vast majority of samples from fixed times will clearly detect no wolves, and therefore 

provide no direct information on the actual area required to detect a wolf (other than ‘more than was 

sampled’).  
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Violation of STE Assumption 4: Detections must be independent in space and time. Moeller & Lukacs 

unambiguously state that “practices to increase detections, such as targeting high-use trails, should be 

avoided as they can bias the abundance estimate” (41).  The Idaho wolf assessment placed cameras on 

high use trails within areas that were known or strongly suspected to be rendezvous sites (where pups 

remain) (14).  At these locations, it is not credible to assume that wolf detections will be independent. 

Violation of STE Assumption 5:  The area that is sampled should be directly measured for each camera, 

because STE population estimates are derived by summing these areas. The Idaho wolf assessment “did 

not estimate viewshed area during camera deployment “(14).  Instead, they estimated that each camera 

sampled 106 m2 at all times, although cameras were set at a downward angle in some years but not 

others, and individual camera view sheds depend on local topography and vegetation.  

Violation of STE Assumption 6:  The STE model assumes that an animal in the viewshed of a camera will 

be detected in a photograph taken at a designated time with 100% success.  Using motion sensitive 

cameras this assumption is almost certain to be incorrect, a point that was emphasized in the 

development of the model (25).   Here again, by using motion sensitive cameras, the design of the Idaho 

wolf study does not meet the assumptions of the STE model. 

Violation of Assumption 7:  The STE model assumes that animal abundance “follow[s] a Poisson 

distribution at the level of the camera. In other words, animals should move independently at the spatial 

scale of the camera’s viewshed” (25).  This assumption is closely related to assumption 4, but is narrowly 

limited to the statistical distribution that is assumed by the spaceNtime R package when fitting the STE 

model to a data set.  For wolves, coordinated movements by pack members make it very unlikely that 

the Poisson distribution would provide a good fit to the data (because, as noted by Moeller et al., the 

use of this distribution assumes that individuals move independently).  This problem also intersects with 

limitation 3.  The Poisson distribution often fails to fit a data set because it includes a larger number of 

zeros than the Poisson distribution allows – this problem is well recognized in population modeling, and 

is often addressed by fitting a ‘zero-inflated Poisson’ (ZIP) or negative binomial distribution (42-44).  As 

discussed above for limitation 3, it seems clear that Idaho wolf data are substantially affected by zero-

inflation.  The STE model could be modified to address this problem, but no such modification was 

incorporated in the Idaho wolf analysis.  The consequence of assuming a distribution that does not fit 

the data is bias in the resulting population estimate. 

Extrapolation Assuming that the Area Occupied by Wolf Rendezvous Sites is Unchanged.  The Idaho 

analysis used the STE model to estimate wolf density from cameras deployed in a grid within areas that 

totaled 10,438 km2.  These areas were predicted to be used by wolves as rendezvous sites.  To obtain a 

total population size for the entire state in recent years, these density estimates were extrapolated to a 

much larger (~10X) area that Ausband et al.’s 2010 model predicted to be used “using a resource 

selection function (RSF) that incorporated habitat and landscape characteristics of historical 

[rendezvous] sites”.  This RSF model identified the landscape and habitat features associated with 

rendezvous sites between 1996 and 2006 (45).  By making an extrapolation based entirely on attributes 

of the landscape (and not the wolf population using that landscape), this approach is not capable of 

detecting a population decline that is associated with a change in decisions about rendezvous site 

locations between 2006 and now.  Many species are known to alter habitat use in response to increased 

predation risk, including risk from humans (46-49), and it is plausible that wolves have made such shifts 

in response to changes in hunting, trapping and snaring regulations and extended seasons.  Selectivity in 
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the use of habitats is expected as population size changes (50), with greater selectivity as a population 

declines.  The distribution of cameras in areas thought to hold rendezvous sites that detected no wolves 

in 2020 (Figure 30 in Idaho 2021 Statewide Wildlife Research Performance Report) suggests that a 

substantial number of predicted rendezvous areas were unused (71% of cameras detected no wolves 

during the 2020 study). 

Detailed methods for this extrapolation have not been described in publicly accessible documents, but it 

appears that uncertainty in the estimated area occupied by wolves was not propagated into population 

estimates (Idaho 2021 Statewide Wildlife Research Performance Report). That is, it appears that density 

estimates for the sampled area were simply multiplied by a constant to obtain an estimate for the entire 

state (causing the precision of the statewide population estimate to be overstated). Nonetheless, the 

95% confidence limits on this estimate range from 1,193 to 2031 wolves, sufficiently wide that a large 

population decline could go undetected. 

Comparing genetic population estimates to STE estimates, the genetic point estimate goes from 184 to 

125 between 2017 and 2018, a 32% decrease.  The STE point estimate goes from 153 to 188, a 23% 

increase.  These are substantial differences, and monitoring methods that consider a one-year increase 

of 23% to be comparable to a one-year decrease of 32% are perhaps not sufficiently accurate to guide 

management. 

Taken together, these problems do not allow confidence in the population estimates for Idaho wolves, 

or the associated inference that greatly liberalized hunting has essentially no effect on population size. 

Montana’s Integrated Population Occupancy Model fit to Wolf Sightings from Hunters and 

FWP Biologists 

In 2020 Montana began estimating  the statewide wolf population using an integrated population 

occupancy model (iPOM) that purports to “eliminate the need for intensive field-based monitoring” but 

still “provide a means to reliably estimate wolf abundance” (15).   

An integrated population model (IPM) is a set of component models that are simultaneously fit to data 

of multiple types (44, 51-53).  IPMs normally include component models that are fit to intensive data 

from field monitoring, including mark-recapture estimates of survival rates, direct data on reproduction, 

and population counts from structured surveys (for many such examples, see Kery and Schaub’s recent 

book on IPMs: (51)).    I am aware of no examples other than the Montana iPOM suggesting that 

population size can be estimated reliably in the absence of direct demographic data and/or population 

counts. 

Integrating a set of component models can provide more accurate estimates of population size because, 

in a true IPM, component models share common variables.  Overlap between component models 

defines an IPM, and it is this overlap that allows an IPM to provide better estimates of population size 

than the component models by themselves (51).  For example, the estimate of population size from a 

typical IPM must be consistent with data from population counts for that year, and with data on rates of 

survival and reproduction: the estimate of population size in year 2 must be consistent with the number 

counted that year, but must also be consistent with the estimated population size for year 1 and 

patterns of survival and reproduction between the two years.  In a true IPM, information sharing 

between component models improves the estimates from the integrated model.   
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In contrast, the Montana iPOM is a sequence of unrelated models, so estimation errors simply 

compound from one model to the next. In the Montana iPOM, “an occupancy model first estimates 

annual wolf distribution, based on environmental covariates and wolf observations reported by hunters. 

A mechanistic territory model predicts territory sizes using simple behavioral rules and limited data for 

prey resources, terrain ruggedness, and human density. Together, these models predict the number of 

packs in a given area. Finally, a pack size model demonstrates that pack sizes are generally negatively 

related to terrain ruggedness, local mortalities, and intensity of harvest management. Total abundance 

estimates are derived by combining the predicted number of packs and pack sizes (15).”   

The basic logic of this sequence is valid, but the sequential modeling approach inevitably leads to 

compounding estimation errors.  Together with the oblique data on which each of these models rests, 

there is considerable doubt about the accuracy of population estimates from the iPOM, as described 

below. 
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Figure 2. (A) The overlapping relationship between component models in a typical integrated 

population model (IPM), with dependencies between variables estimated from direct monitoring 

data shown as a directed acyclic graph (DAG).  (B) The sequential relationship of the Montana 

iPOM, with models in shaded boxes and values predicted from those models in open boxes.  In A, 

overlap between component models reduces estimation error for population size (N). In B, 

estimation errors compound across a sequence of component models. 
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1.  Estimation of Area Occupied by Wolves.  The iPOM begins by estimating the area occupied by wolves, 

gridding the state into 600 km2 cells and using sightings by agency biologists and reports by deer and elk 

hunters to estimate the total area occupied.  The basic patch occupancy model has been demonstrated 

to provide reasonable estimates of the area that wolves occupy in Montana, by comparison to direct 

field monitoring data from 2007 to 2010 (54).  The occupancy model accounts both for failure to detect 

wolves in an occupied cell and for reports of wolves in cell that does not truly harbor any wolves.  These 

false positives are very common: cells with no wolves had a greater than 95% chance that wolves would 

be reported, in areas with a large number of hunters (54).  Although the model attempts to correct for 

this problem, reliance on raw data with this level of inaccuracy remains a concern for the accuracy of 

population estimates.  As the original developers of this method note, “detection errors in general, and 

false positives in particular, can have large effects on estimates of range dynamics and other presence-

absence processes” (54).   

In addition, the data used to estimate the area occupied by wolves does not distinguish whether reports 

from hunters were based on pack-living wolves or floaters: all sightings were included, which would 

include areas with floaters but no resident packs.  In subsequent stages of the iPOM approach, the 

conversion of area to wolves appears to overestimate population size in two ways.  First, the area-to-

wolves conversion multiplies by the expected size of a breeding pack, which is greater than the size of 

floating groups.  Second, the resulting number is then multiplied by 1.125 to account for floaters, thus 

double accounting (because floaters will already have affected the estimate of area occupied). 

2.  Estimating Territory Size.   As Sells et al. (2020) note, prior to the iPOM, Montana estimated wolf 

population size with an area-to-wolves conversion that used constants for pack size, territory size and 

territory overlap (15, 55), a method that cannot detect a change in population size for any reason other 

than the elimination of wolves from some areas.  To address this issue, the iPOM replaces the constant 

values for pack size and territory size with predicted values from models, suggesting that this approach 

“eliminate[s] the need for intensive field-based monitoring”.   It is true that replacing constant values for 

territory and pack size with model estimates is likely to improve the accuracy of population estimates, 

but it is also true that assessing the structure, parameterization and predictive power of these models 

remains essential, when evaluating the extraordinary claim that they eliminate the need for direct 

population monitoring. 

A. Rich et al. (33) Model of Territory Size: In the original analysis of Montana wolf territory size, territory 

size could not be estimated for most GPS collared wolves because they were killed by humans, 

dispersed, or the collar failed (33).  Thus, estimates of territory size were based on high quality data 

from GPS collars in only 9 cases, and from VHF collars in 36 cases.  These 36 cases included packs for 

which as few as 10 locations, and with a maximum of only 27 locations (mean = 17). Estimates of 

territory size depend on the number of locations, and sample sizes this small are likely to underestimate 

true territory size (56).  The mean territory size estimated from these small VHF samples (445.3 km2) 

was only 80% of the mean from GPS data (556 km2), even though GPS estimates were for one year but 

VHF estimates pooled locations over two years.  Longer periods yield larger territory sizes, and the mean 



11 

 

of 8.5 locations/year (with as few as 5 locations/*year*) provides only a weak description of space use 

by these packs.  Rich et al. (33) suggested that differences between sparse VHF data and GPS data (8 

fixes/*day*) could be ignored because the 95% confidence limits of a regression relating VHF and GPS 

territory sizes had a slope that overlapped 1.  This inference is flawed, because the regression was based 

on only 6 points (i.e., six territories with data of both types).  Six points contain very little information, 

and the 95% confidence limits for the slope ranged from 0.43 (i.e., the VHF mean is 43% of the GPS 

mean) to 2.27. These values bracket a 1:1 relationship, but they are compatible with relationships far 

from 1:1 – failure to detect a clear difference does not establish equivalence. 

The analysis failed to detect an expected effect of prey density on territory size (33), at least in part 

because prey density was not directly measured.  Rather, data on the number of elk and deer killed by 

hunters in districts that overlapped with a territory (or in nearby districts in locations with no data on 

human offtake) was used as a proxy.  It is possible that the size of Montana wolf territories is not 

affected by the availability of prey.  It is also possible that the proxy does not provide an adequate 

description of the variable of interest. 

Without direct data on prey density, the predictor variables in the final model of territory size were 

human density, terrain ruggedness, the number of wolves killed by humans, and the number of adjacent 

packs relative to territory size.  This last variable is problematic because it includes territory size in a 

predictor of territory size, creating circularity or ‘induced correlation’.  Moreover, two of the four 

predictors (terrain ruggedness and human density) are constants at scale of measurement, and thus will 

predict a constant territory size for a given location, even if the true territory size changes as other, 

missing predictors (such as pack size or true prey density) changes. 

The 95% confidence limits on the effects of some predictors on territory size are very wide.  For 

example, the estimated effect of terrain ruggedness on territory size ranges from a lower bound of 

67.34 to an upper bound more than 9 times greater, 635.03.  When substituting the predicted territory 

size from this model in place of field monitoring, such imprecision reduces the accuracy of downstream 

estimates of population size.  

Moreover, when the output of one model is used as input for another model (as with predicted territory 

sizes in the iPOM), there is an important distinction between confidence limits and prediction limits.  

Confidence limits (like those just mentioned) pertain to means.  Prediction limits must be used to 

describe the estimation error for a specific territory size predicted by the model, and prediction limits 

are invariably much wider than confidence limits.  The confidence limits shown in Figure 2 of Rich et al. 

(which relates observed territory size to the territory size predicted by the model) do not directly reveal 

prediction limits, but they do reveal that those prediction limits would be broad, reducing the true 

precision of downstream models that use these predictions to convert an estimate of the total area 

occupied into a predicted number of packs. 

B: Sells and Mitchell (57, 58) Model of Territory Size.  Sells & Mitchell first built a generic (non-wolf-

specific) simulation model (57) that aligned with well-established results (59-61) that increases in food 

supply and competitors should decrease territory size, less-competitive individuals should occupy lower-

quality (and thus larger) territories, and that relationships of territory size to environmental attributes 

are often curvilinear. 



12 

 

Sells et al. (58) then used data from GPS collared wolves to: (a) estimate territory size with 95% kernel 

utilization distributions, and (b) fit a generalized linear mixed model (GLMM) to test how territory size 

was affected by measures of prey availability, competition from neighboring packs, and human-caused 

mortality (with a random effect of pack identity appropriately used to account for data from two years 

being included for some packs).  An impressive sample of 93 wolves were GPS collared, but of these, 36 

collars failed, 21 were killed by hunters and trappers, 22 were killed by humans in other ways, and 3 

dispersed out of the state. This allowed estimation of territory size for 28 packs  Most of these fell in two 

clusters, one adjacent to Yellowstone National Park, and one between Glacier National Park and the 

Flathead and Blackfeet Reservations.   

The GLMM assumed a normal error distribution, but the frequency distribution of territory sizes shows 

strong departures from normality (Figure 3 of ref (58)).  The authors do not state whether alternative 

error distributions or transformations were assessed to see if they improved the model’s fit.   

As described just above for Rich et al.’s analysis, the data used as measures of prey density and human 

density were both spatially and temporally oblique.  Prey density was assessed for a given location by 

taking the 10-year average for deer, elk and moose counts for the FWP administrative region in which a 

territory fell.  Montana is divided into only 7 such regions, so each region more than 100 times larger 

than a wolf territory.  With a time scale of 10 years and a spatial scale that is several orders of 

magnitude coarser that of the dependent variable (territory size), this approach is questionable.  Sells et 

al (58) made an ad-hoc spatial adjustment to these prey densities using a factor that related the success 

rate of elk, deer and moose hunters for each district within a region to hunting success for the region as 

a whole, but the iPOM description (on p. 17) states that this adjustment had only a ‘slight’ effect (15).  In 

some cases, missing data lead to substitution of spatially or temporally extrapolated values for predictor 

variables. 

For the purpose of using the territory size model to estimate wolf abundance using the sequential iPOM 

approach shown above in Figure 2, it is problematic that group size was found to affect territory size, 

and that the number of adjacent packs also affects territory size.  In the absence of direct data on these 

predictors, it is not clear how the iPOM could sequentially divide the total area occupied into a number 

of packs, when the estimate of territory size needed to do this depends on information about the 

number of packs (and their sizes). Sells et al. (15) describe this effort as follows: “We aimed to use only 

readily available data to demonstrate the model’s ability to make predictions absent expensive, difficult-

to-collect datasets, including data for wolves.”  Again, the claim that a population can be monitored 

without data from that population is extraordinary (and does not align with the approaches that 

Montana FWP uses for other species). 

When comparing the predictions of the territory size model to the size of 26 territories estimated with 

direct GPS data, Sells et al. circumvented this problem by providing the model with the location of each 

territory center.  Thus, they evaluated only whether the model can predict the size of a territory if its 

location, and the location of neighboring territories, is already known.  This evaluation is not equivalent 

to testing whether the model could predict the number of territories and their sizes without such 

information (as the iPOM would require to be used in the proposed manner).  With this ‘tuning’, the 

model broadly predicted the broad areas of Montana that were used and unused by wolves, but Figure 

1.8 of Sells et al. (15) clearly shows that many, large areas that were not known to be used by wolves 

were included in simulated territories.  Moreover, the broad alignment of the model’s predictions with 
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known wolf territories is affected by the point just mentioned: the model was provided direct data on 

territory centers for this assessment, which would not be available under the proposed use of the iPOM. 

To evaluate the model’s performance with this (unrealistic) advantage, Sells et al. (15) graphically 

compared observed and predicted territory sizes for 26 packs (their Figure 1.8), suggesting that “the 

model successfully predicted the territory sizes observed in real packs”. However, the mean predicted 

territory size differed from observed mean by 202 km2, relative to a mean of 582 km2.  Predictions with 

a bias this large would normally be considered inaccurate. Critically, Sells et al. did not report any 

statistical comparison of observed and 

predicted territory sizes to accompany 

their Figure 1.8.  To obtain the 

(unreported) relationship), I ungraphed 

the data and confirming that the data I 

obtained replicated the reported mean 

difference between predicted and 

observed territory sizes.  I then 

regressed predicted territory size on 

observed territory size and found that 

slope is imprecisely estimated, but 

nonetheless has confidence limits that 

did not overlap one.   As noted above, 

this estimation error compounds with 

others in a sequence, but the 

magnitude of estimation error at this 

stage alone is so large that it refutes 

the statement that the model can 

“make predictions absent expensive, 

difficult-to-collect datasets, including data for wolves”.   This model demonstrably did not predict wolf 

territory size accurately.  Because the model underestimates territory size, its use in the iPOM will 

systematically overestimate the number of packs that occupy a fixed area, and thus overestimate 

population size. 

 

 

3. Estimating Pack Size 

As for the prior stages in the iPOM sequence, Sells et al adopt a model of pack size that seeks to avoid 

the use of direct data: “absent annual monitoring data, total wolf abundance could be estimated with a 

model that predicts pack size. A useful model for MFWP would predict pack sizes with as few data as 

possible”.  Thus, all of the issues discussed in sections 1 and 2 above also pertain to this analysis. 

Sells et al again argue that “the model reliably estimated annual mean group size” because a “regression 

of annual mean observed versus predicted group sizes included 1.0”.  Here again, failure to conclusively 

show that the slope differs from one does not meaningfully establish that the model makes useful 

predictions about the size of a given packs. The 95% confidence limits on this regression slope range 

from  0.32 to 1.31, a more than 4-fold difference.  Here again, particularly when compounded with 

estimation errors at other stages in the iPOM, the prediction limits from a model with this precision are 

too wide to provide estimates of total population size that are of use for conservation and management 

of wolves. 
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Sells et al also plotted estimates of pack size through time and examined them informally to conclude 

that “our model successfully predicted annual mean pack size for wolves in Montana (Fig. 1.17)”.  

However, this figure also shows that (due to reliance on predictors that changed little) the model 

predicted that pack sizes remained completely constant over a period of 7 years from 2012 to 2017, a 

period in which the observed mean pack size changed by ~25%.  This failure to detect changes in one of 

the critical components of the iPOM (over an interval of many years) again suggests that the iPOM is not 

likely to provide estimates of population size that can accurately guide conservation and management. 

4. Combining component models sequentially in iPOM. The iPOM makes an unprecedented claim that a 

population can be accurately estimated to assess its conservation and management with methods that 

do not require direct monitoring.  As described above, demonstrable problems with bias and precision 

affect two of the iPOM’s three component models.  Because the models of territory size and pack size 

are explicitly designed to rely on variables that do not involves wolves, and many of these variables are 

measured obliquely or at coarse spatial and temporal scales, it is not surprising that when aggregated 

into the iPOM, no changes in wolf population size are predicted for the decade from 2010 to 2019.  In 

essence this is just a restatement of the fact that many of the predictors used by the component models 

could not change (e.g., terrain ruggedness, forest cover and the human census data from 2010 are all 

constant) and other predictors in the component models changed relatively little (e.g., regional 

assessments of ungulate numbers, hunter success rates).  For the reasons outlined above, there is little 

reason to accept that these demonstrate that the wolf population has been constant, or that greatly 

liberalized and extended hunting has no essentially no effect on wolf dynamics. 

Conclusion  

For the reasons laid out above, important changes in the wolf populations of Idaho and Montana are 

likely to go undetected by the monitoring methods now in use.  Apparent changes in estimated 

population size might also be unrelated to true population size.  The population estimates from these 

methods do not align with considerable prior data on the effects of human killing on wolf populations.  

As suggested by Barker, with models and data of the type that are now used to monitor wolves in Idaho 

and Montana, “reliable inference is only possible for relative abundance in the absence of questionable 

and/or unrealistic assumptions or with better data than seen in typical applications” (4).  As suggested 

by Link, “where reliable estimates of population size are needed, we encourage investigators to allocate 

resources to acquiring additional data such as recaptures of marked individuals, for estimation of 

detection probabilities” that would allow application of methods whose accuracy is well established.  

Given the substantial changes in hunting regulations for a recently endangered species, reliable 

estimates are needed to assess the consequences for wolves in the Northern Rocky Mountains.  As 

almost all population ecologists have concluded for almost all species, this will require direct monitoring 

of wolves. 
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