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Abstract: Cranberry blues (Agriades optilete) are butterflies of conservation interest worldwide.
Less than 20 populations are known in Alberta, Canada, mostly inhabiting boreal forests that
are increasingly fragmented by oil sands developments and subject to wildfires. We modeled the
abundance of cranberry blues in the boreal forests of Alberta’s Wood Buffalo Region as a function
of forest characteristics, presence of disturbances associated with in situ oil sands exploration,
and wildfire disturbance, while accounting for butterfly detectability as a function of sampling
conditions. We counted 188 cranberry blues during 1280 samples, discovering 14 unknown
populations using a species distribution model based on forest wetness and canopy height. Probability
of detection peaked around 5th July, and at higher temperatures and in the absence of wind,
with cranberry blues preferring wetter treed peatland forests with low canopy heights. Seismic lines
were positively related to the abundance of cranberry blues (400% increase), while exploratory well
pads and wildfires were negatively related (60% and 90% loss, respectively). Overall, cranberry blue
populations are small and locally sensitive to both natural and anthropogenic disturbances. Despite a
narrow habitat specificity, cranberry blues seem more widely distributed than previously thought in
northern Alberta (57% of the study area deemed suitable).
Keywords: habitat fragmentation; boreal forest; detection probability; Bayesian hierarchical model;
lycaenidae; corridor; seismic lines; N-mixture model

1. Introduction
Anthropogenic variation in habitat amount, quality, and configuration affects the distribution and
abundance of species worldwide [1–6], with evidence of declines in biodiversity emerging across a
variety of taxa and environments [1,3,7–10]. Responses to habitat loss and fragmentation, pollution,
and climatic change depend on species-specific ecological traits, with idiosyncrasies in magnitude
and direction of effects [3–5,11,12]. The status of sensitive, “specialist” species, however, has been
of particular concern [3,10,13]. Insects, including butterflies, mostly appear to be declining in the
face of anthropogenic disturbances [1,8,10,13,14], and while some butterfly populations are indeed
expanding [15,16], others are shrinking [13,17–19]. Lycaenids are among the most sensitive butterflies,
including approximately one quarter of the European and one third of the North American butterflies
on the “Red List” [20,21] due to localized populations, sensitivity to habitat quality, dispersal capacity,
or obligate myrmecophilous associations [22–24]. One lycaenid of conservation interest is the cranberry
blue, Agriades optilete (Figure 1).
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Figure 1. Cranberry blue butterfly (Agriades optilete) nectaring on chickweed (Stellaria longifolia),
Figure 1. Cranberry blue butterfly (Agriades optilete) nectaring
on chickweed (Stellaria longifolia), and
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seem sensitive to forest disturbance [16,26], and are expected to suffer the effects of climate change [6].
In spite of its Holarctic distribution, cranberry blue populations are poorly known in Canada
Cranberry blues are considered “imperiled” in Alberta [27], with less than 20 populations known [25].
[25], seem sensitive to forest disturbance [16,26], and are expected to suffer the effects of climate
Information on this species’ ecology is scarce and there are concerns that these few populations,
change [6]. Cranberry blues are considered “imperiled” in Alberta [27], with less than 20 populations
generally inhabiting boreal treed peatlands [25], will be negatively affected by increasing natural
known [25]. Information on this species’ ecology is scarce and there are concerns that these few
and anthropogenic disturbances. Extraction of oil sands affects large areas of the Alberta boreal
populations, generally inhabiting boreal treed peatlands [25], will be negatively affected by
biome [16,28], while wildfires in these forests are becoming more frequent and severe [29], yet it is
increasing natural and anthropogenic disturbances. Extraction of oil sands affects large areas of the
unknown which specific conditions and sites cranberry blues inhabit, and how this species responds
Alberta boreal biome [16,28], while wildfires in these forests are becoming more frequent and severe
to these different sources of forest disturbance.
[29], yet it is unknown which specific conditions and sites cranberry blues inhabit, and
how this
Alberta’s boreal forests are “dissected” (sensu Jaeger [30]) across thousands of km2 by localized
species responds to these different sources of forest disturbance.
forest disturbances created during the location and extraction of a 142,000 km2 oil sands reserve.
Alberta’s boreal forests are “dissected” (sensu Jaeger [30]) across thousands of km2 by localized
Because this reserve lies too deep for surface mining, oil extraction is performed with “in situ”
forest disturbances created during the location and extraction of a 142,000 km2 oil sands reserve.
techniques, using wells to reach the underground oil [12,31]. The most prevalent types of disturbances
Because this reserve lies too deep for surface mining, oil extraction is performed with “in situ”
associated with in situ extraction are seismic lines (corridors cleared of trees and shrubs to facilitate
techniques, using wells to reach the underground oil [12,31]. The most prevalent types of
seismic mapping of the underground reserve), and well pads (forest patches cleared to drill wells for
disturbances associated with in situ extraction are seismic lines (corridors cleared of trees and shrubs
exploration or extraction of oil sands). Seismic lines are narrow (usually <10 m) and widespread (up to
to facilitate 2seismic mapping of the underground reserve), and well pads (forest patches cleared to
40 km/km ), while well pads are localized, rectangular clearings (usually 0.36–1 ha in the case of
drill wells for exploration or extraction of oil sands). Seismic lines are narrow (usually <10 m) and
exploratory wells) [12,31]. While current best-management practices aim to reduce seismic line width
widespread (up to 40 km/km2), while well pads are localized, rectangular clearings (usually 0.36–1
(<5 m) [31], a legacy of wider (~10 m wide) corridors persist on the landscape after decades of their
ha in the case of exploratory wells) [12,31]. While current best-management practices aim to reduce
development [28], affecting forest structure and abiotic conditions [32], and in turn the distribution and
seismic line width (<5 m) [31], a legacy of wider (~10 m wide) corridors persist on the landscape after
decades of their development [28], affecting forest structure and abiotic conditions [32], and in turn
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behavior of organisms [12,31,33]. In previous studies of this system we found that butterfly diversity
increased on well pads and 9-m wide lines, but not in 3-m wide, “low-impact”, lines when compared
to reference undisturbed forests [16]. Both seismic line widths also conditioned the movement of a
generalist butterfly [32].
Wildfire frequency is also increasing substantially in boreal forests, in part due to climate
change [29], and while the effects of climate change on butterfly populations depend on the species’
ecology [13,15], increased frequency of extreme weather conditions are generally harmful [13].
Regardless, the boreal wildfire regime is necessary to maintain the spatial and temporal heterogeneity
typical of this biome [33,34], yet responses to increases in frequency and severity of wildfire are difficult
to predict, and may be negative even for boreal species that have evolved within this disturbance
regime [33]. In 2016, approximately 6000 km2 of boreal forests burned (Figure 1) near Fort McMurray,
Alberta, Canada [35], affecting a vast section of the boreal biome that could host cranberry blue
populations. Cranberry blue is considered one of the least mobile butterflies in Canada [23] and
depends on treed peatland habitats, which are particularly sensitive to wildfire disturbance [29].
Since insects generally suffer sharp population declines immediately after severe wildfires [36,37],
wildfires could severely impact populations of cranberry blue, with these negative effects aggravated
by cranberry blues’ limited mobility.
In 2015, while investigating the effects of in situ oil sands disturbances on butterflies [16],
we discovered a population of cranberry blues. Unlike most butterfly species found in this area,
cranberry blues were associated with undisturbed forests and avoided well pads and gravel roads.
Given the rarity and sensitivity of cranberry blues, and because they rely on treed peatlands that are
sensitive to both in situ oil sands developments and wildfires [28,29], we designed a series of follow-up
studies to better understand this species’ ecology.
Specifically, we asked the following three questions:
(1)
(2)
(3)

Which forest types do cranberry blues inhabit?
What are the optimal conditions for observing cranberry blues?
How do cranberry blues respond to anthropogenic (i.e., clearing associated with in situ oil sands
operations) and natural (i.e., wildfires) disturbance?

We hypothesized that cranberry blue prefers treed bogs and fens, i.e., “wet” peatland forests with
short canopy heights [25], and that the narrow seismic line disturbances do not pose a threat to this
species, while larger disturbances of well pads and severe wildfires negatively affect cranberry blue
abundance [16,26,36,37].
2. Materials and Methods
2.1. Study Area and Experimental Design
We conducted this research in the boreal forests of the Wood Buffalo region of northeast Alberta,
Canada (Figure 1). There, forests are (i) heterogeneous, transitioning over short distances from wet,
treed peatlands to drier, upland mixedwood forests; (ii) dissected by anthropogenic disturbances
associated with oil sands exploration [16]; and (iii) extensively burned (approximately 6000 km2 of
forests) during the 2016 Fort McMurray Horse River Wildfire [35]. We focused on treed peatlands
dominated by black spruce (Picea mariana) and eastern larch (Larix laricina) which were hypothesized
to provide suitable habitat for cranberry blues, but to further confirm this we also sampled a number of
aspen (Populus tremuloides) mixedwood forest stands to verify that cranberry blues were not present in
these forest types. We conducted two studies in the summers of 2016 and 2017 to identify which forests
were inhabited by cranberry blues, and how this species responded to in situ oil sands exploration
and wildfires. While the two studies differ in objectives and experimental design, in both studies we
assessed boreal forest suitability for cranberry blues by stratifying sampling sites across different forest
characteristics, using a Geographic Information System (GIS). We aimed to use indirect gradients to
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characterize the fundamental niche of cranberry blue in a “Grinnellian” fashion [38], creating a species
distribution model across ~40,000 km2 of the Alberta Wood Buffalo region where anthropogenic
disturbance associated with oil sands extraction is widespread (Figure 1).
2.2. Statistical Design and Sampling Conditions
Since traditional landcover data did not predict well the local abundance of cranberry blues,
we used forest wetness and canopy height measured with Light Detection and Ranging (“LiDAR”, [39])
to describe more local variation in these boreal forest environments. We chose wetness and canopy
height because they were potentially biologically meaningful (cranberry blues are found in bogs
and fens characterized by a short coniferous canopy [16,25]) and because in this area they represent
accurately the variation in forest characteristics [38]. Specifically, we used: (i) a distance-decay
transformation of the depth-to-water index [40,41] (e−α×Depth-to-Water , with α = 4) as a measure of
forest “wetness”, with wetness = 1 (depth-to-water = 0) indicating water at or near the surface in the
whole raster cell, and (ii) a canopy height index ranging from 0 to 1, with all forests on average shorter
than 5 m or taller than maximum tree height considered equal to 0 and 1 respectively. We transformed
the depth-to-water index to minimize the effect of greater depths to water with many forests in the
study area characterized by low depth-to-water, i.e., soils saturated in water for most of the year
(50% quantile of the dept-to-water raster in the area = 0.03). Cranberry blues were sensitive to even
subtle variation in forest wetness, and thus the distance-decay transformation better represented these
slight variations. We also assumed that the effect of canopy height did not change at heights lower
than 5 m. Statistical models included depth-to-water, canopy height, and their interaction. We did not
observe high collinearity between wetness and canopy height (Pearson’s r = −0.59), although these
relationships are known to occur [42]. Samples represented the number of cranberry blues observed
at a point-count location (notice that sampling area and design differed between the two studies),
and were modeled as counts assuming a Poisson distribution. All samples were conducted within
controlled conditions following standard protocols (i.e., between 10 a.m. and 5 p.m., at temperature
≥17 ◦ C, and wind speed <24 km/h (Beaufort scale ≤5)) to maximize detection rate [43,44]. While it
is commonly assumed that variation in butterfly activity (detection) within this ranges is negligible,
here we tested this assumption by quantifying how detection probability changes within these limits.
2.3. Responses to In Situ Oil Sands Disturbances
In 2016 (“oil sands study”) we focused on a ~30 km2 landscape in which we had previously
located a population of cranberry blues [16], assessing at a local scale how forest wetness and canopy
height determine the suitability of these forests for cranberry blues, and how different anthropogenic
disturbance types affect abundance of cranberry blue butterflies. We stratified 120 sample sites on
gradients of forest wetness and canopy height, and in four disturbance categories: control forests,
3-m wide (“low-impact”) seismic lines, 9-m wide (“conventional”) lines, and well pads, with 30
sample sites per category. Seismic lines and exploratory well pads had been cleared of trees and
shrubs approximately 15 years before the study, resulting in early seral forests (i.e., disturbances were
vegetated, but free of trees). No wildfires occurred in this area over the past 80 years, such that these
anthropogenic clearings provide the only early seral sites in the 2016 study area. At each site we
performed four point-counts (N = 480 samples) between 30th June and 16th July (supposed flight
window in Alberta: 1st–30th July [25]), for three minutes/point, counting cranberry blues for each
point-count in an area of 20 m2 . While the general locations (i.e., the raster cell) where we conducted
point-count samples were previously stratified in a GIS, point-counts were set in the field near
microhabitats that seemed ideal to observe cranberry blues (e.g., ephemeral pools) within that raster
cell. Therefore we chose a limited area of sampling to minimize the detection bias between forests
and disturbances (and thus assume that different treatments did not affect probability of detecting
cranberry blues), but increased the likelihood of observing cranberry blues by targeting micro-habitats
deemed attractive for this species [16].
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2.4. Responses to Wildfire and Distribution
Based on data collected in the 2016 study, we created a species distribution model for the Wood
Buffalo Region, and designed a follow-up study in 2017 that concentrated on the effects of wildfire
(“wildfire study”). We searched for unknown populations of cranberry blues across a larger landscape
of ~10,000 km2 , while assessing the response to severe wildfires, one year after disturbance. We visited
40 stratified sites each with a 250 m transect of five point-counts set every 50 m (200 total sample
locations). Sites were set in seismic lines at early stages of forest succession and at a minimum distance
of 1500 m apart to ensure independence among transects. We chose to set the point-counts in seismic
lines because in 2016 we documented positive responses of cranberry blues to these disturbances,
increasing our chances to detect new populations, and because it allowed us to access forests otherwise
unreachable. To assess the effects of fire, 18 sites were set in forests severely burned during the
2016 Fort McMurray Horse River Wildfire (average tree mortality >85%). The 40 sites were selected
in a GIS to represent a gradient of habitat suitability based on the results of part 1 (Supplementary
Material). Sites were sampled twice between 22nd June and 15th July (because our first study suggested
an earlier phenology then previously reported), for 15 min/transect, with two operators (FR and
assistant) independently recording the number of cranberry blues observed in an area of ~500 m2 per
point-count (N = 800 samples). Noticeably, while we sampled a larger area than in the oil sands study,
i.e., five 50 × 10 m patches of early seral forests on each seismic line, these samples did not specifically
target suitable microhabitat like those of the first study.
2.5. Statistical Analysis
We ran hierarchical Bayesian models using the package hSDM in R 3.4.3 [45]. We used
a N-mixture model to predict the abundance of cranberry blues at each point-count location
based on habitat suitability, spatial dependence between samples, and accounting for species
detectability [46,47]. While habitat suitability is usually the main focus in species distribution models,
ignoring spatial correlation and imperfect detection can lead to biased conclusions about ecological
relationships [48–51]. We used this model because detection of cranberry blues varied within the
sampling period, and point-count locations were closely spaced. Specifically, cranberry blue abundance
(number of butterflies Ni ; count response) is estimated as a function of habitat suitability, assuming a
Poisson distribution, employing a Gaussian intrinsic conditional autoregressive (iCAR) model to
capture spatial autocorrelation in the abundance of cranberry blues, while accounting for probability
of detection assuming a Binomial distribution:
Habitat suitability process:
Ni ~Poisson(λi )
log(λi ) = Xi * β + ρi
Ni : Population size; Xi : Covariates explaining habitat suitability; ρi : spatial random effect.
Spatial autocorrelation:
ρi ~Normal(µi , Vρ /ni )
µi : mean of ρi ’ in the neighborhood; Vρ : variance of the spatial random effects; ni : number of neighbors.
Detectability process:
yit ~Binomial(Ni , δit )
logit(δit ) = Wit * γ
yit : Individuals counted at a location; δit : detection probability, t visits; Wit : Covariates explaining
detection process.
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We assumed that population density at a point-count location Ni did not change during the
sampling period, with cranberry blues present either as eggs, larvae, pupae, or flying adults depending
on the sampling day and individual variation in phenology (i.e., pupal eclosion date). Since we counted
only cranberry blue adults (flying butterflies) in which abundance follows a unimodal distribution
during the flight season (depending on pupae eclosion rate and adults mortality [51]), detection
probability changed with time, and ordinal day was used as covariate in the detection process fitting
a quadratic term. Note that the model does not account for butterfly death and replacement by
newly-eclosed individuals over the sampling period, thus it underestimates the total abundance of
cranberry blues. Assuming that mortality and eclosion rate do not vary between treatments, we can still
use this model to compare relative abundance in different forest environments. Based on the preferred
flying conditions for butterflies [44], we also included temperature (◦ C) in the detection process,
hypothesizing a positive effect on detection probability, as well as a negative effect on detectability
with increasing wind speed (km/h, classified following the Beaufort scale: 0 = 0 km/h; 1 = <4 km/h;
2 = 4–7 km/h; 3 = 8–12 km/h; 4 = 13–18 km/h; 5 = 19–24 km/h). Hour of the day was recorded during
sampling but omitted from the final model due to poor fit, while an observer effect was included in
part 2 to account for a potential bias in detection ability between the two observers (FR and assistant)
in 2017.
Habitat suitability was estimated on the basis of: (i) forest wetness, canopy height, and their
interactive term; (ii) anthropogenic disturbance categories (i.e., presence of well pad, low-impact
line or conventional line vs. undisturbed forests); and (iii) wildfire disturbance (i.e., forests burned
during the 2016 Fort McMurray Horse River Wildfire vs. forests that did not burn for at least 30 years).
Posterior estimates of β coefficients refer to the average abundance of cranberry blues per point-count
λi (which is not, but is relevant to, the distribution of the maximum abundance Ni given that Ni
~Poisson(λi )). To assess the dependence between abundance of cranberry blues at neighbor sites we
chose 300 m as a neighborhood distance, based on the dispersal capacities of other similar lycaenidae,
and the low mobility of cranberry blues [23,37]. The intrinsic conditional autoregressive component of
the model controls for spatial autocorrelation in the oil sands study (120 sites at a minimum distance of
50 m within the same landscape), while we used it as a “site” effect in the wildfire study (40 independent
sites, i.e., 1.5 km or more from the other sites, composed by five “neighbor” point-count locations).
Sensitivity analysis at neighborhood distances of 100 m and 500 m returned analogous results.
Continuous covariates were standardized by subtracting the mean and dividing by the standard
deviation. Model parameters were estimated using a Gibbs sampler through an adaptive Metropolis
algorithm, and the parameters’ conditional posterior distributions were assessed after 150,000 iterations,
using a burn-in of 140,000 iterations and a thinning rate of 25 (400 posterior samples retained for
analysis). We presented each parameter posterior mean and the 95% Highest Posterior Density (HPD)
intervals (i.e., interval between 2.5% and 97.5% quantiles of posterior samples). Models were run using
uninformative priors for the oil sands study, and using the posterior estimates of the oil sands study as
priors for the wildfire study (only for covariates shared between the two, assuming equal mean and
standard deviation of covariates between the two field seasons; intercepts were set with uninformative
priors given different sampling efforts). Posterior estimates of parameters for the wildfire study were
similar with informative and uninformative priors, with no change in estimated direction of effects.
Given the normal distribution of the posterior samples (Supplementary Material), we calculated the
probability p that a model parameter was equal to zero or opposed in sign to the mean posterior
estimate by integrating the parameter normal distribution based on the posterior mean and standard
deviation of each parameter, and comparing the areas before/after zero. Similarly, the 95% credible
intervals of λi and δi (i.e., interval between 2.5% and 97.5% quantiles of predicted values) were obtained
by simulating 100,000 times the linear predictors (i.e., log(λi ) = Xi * β and logit(δit ) = Wit * γ) generating
random βs and γs from normal distributions described by the posterior estimates of each parameter
mean and standard deviation.
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Table 1. Summary of experimental design and summarized results for point-counts that estimate abundance of Cranberry blue butterflies.
Oil sands Study (2016)
Point-count area

20

m2

Wildfire Study (2017)
500 m2 (50 m × 10 m)

(5 m × 4 m)

Treatment

Forest

Low-impact
seismic line

Conventional
seismic line

Exploratory
well pads

Unburned
seismic line

Burned
seismic line

Number of point-count locations

30

30

30

30

5 per site, in 22 sites
(N = 110)

5 per site, in 18 sites
(N = 90)

Number of visits per point-count

4, with one
observer

4, with one
observer

4, with one
observer

4, with one
observer

2, with two
observers

2, with two
observers

Samples per treatment

120

120

120

120

440

360

Number of cranberry blues observed

16

12

33

3

115

9

Point-counts with cranberry blues

10/30 (33%)

7/30 (23%)

16/30 (53%)

2/30 (7%)

34/110 (31%)

6/90 (7%)

11/22 (50%)

3/18 (17%)

Sites with cranberry blues

n.a.
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3.1. Probability of Detection of Cranberry Blues
Posterior mean detection probability (p) for FR was 11.4% (C.I: 5.2%–23%) in the oil sands
study, and 46.7% (C.I: 34%–59.8%) in the wildfire study, while an unexperienced assistant had
30.5% (C.I: 17.6%–47.5%) mean probability of detection of cranberry blues in the wildfire study.
Cranberry blues are more-easily observed at higher temperatures, lower wind speeds, and during
the first two weeks of July (Figure 3). Around 5th July, at a temperature of 30 ◦ C and an absence
of wind, the estimated probability of detection reaches 34.9% (C.I: 3.7%–88%) in the oil sands study
and 79.8% (C.I: 56.9%–92.2%) in the wildfire study. At a temperature of 20 ◦ C and wind speed of
~20 km/h, probability of detection decreased to 8.1% (C.I: 1%–58.8%) in the oil sands study, and to
55.6% (C.I: 32.5%–76.5%) in the wildfire study.
3.2. Abundance of Cranberry Blues
Posterior mean abundance (λ) was 0.17 cranberry blues per point-count sample (C.I: 0.05–0.60)
in the oil sands study, and 0.31 cranberry blues per point-count sample (C.I: 0.19–0.50) in the
Diversity
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during standard sampling conditions, the posterior average probability of detection varied by ~20%
at the flight curve peak depending on temperature and wind conditions (Figure 3). These results

Diversity 2018, 10, 112

11 of 18

(C.I.: 0.10–4.60), 2.11 per point-count sample in conventional seismic lines (C.I.: 0.33–13.5), and 0.19
per point-count sample in well pads (C.I.: 0.02–1.17). With analogous forest conditions, the model
based on the wildfire study predicts 0.67 cranberry blues per point-count sample (C.I.: 0.33–1.35)
in unburned seismic lines vs. 0.07 (C.I.: 0.02–0.22) per point-count sample in burned seismic lines
(Figures 2 and 3). The 14 cranberry blues populations were observed in forests that, based on the results
of the oil sands study, have a predicted average abundance of cranberry blues per point-count sample
(λ) >0.4, in approximately 56% of the sites suitable based on our results (Supplementary Material).
Predicted average abundance of cranberry blues per point-count sample across the landscape based
Diversity
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11 of 18
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(iii) clarify the flight period of these populations.
Cranberry blues were uncommon, with only 188 cranberry blues recorded in 1280 surveys
across two field seasons. Yet, our results suggest that these butterflies are not as rare across the
landscape as previously hypothesized (more than 50% of suitable sites occupied). Among many
forms of rarity, therefore, it seems like cranberry blue belong to those species having a large
geographic range, but a narrow habitat specificity and small local populations [52]. While less than
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Cranberry blues were uncommon, with only 188 cranberry blues recorded in 1280 surveys across
two field seasons. Yet, our results suggest that these butterflies are not as rare across the landscape
as previously hypothesized (more than 50% of suitable sites occupied). Among many forms of rarity,
therefore, it seems like cranberry blue belong to those species having a large geographic range, but a
narrow habitat specificity and small local populations [52]. While less than 20 populations were
previously known in Alberta [25], we discovered 14 new populations from ~25 sites deemed suitable
based on a preliminary distribution model (Figure 5; Supplementary Material). Since an important
portion of the area represents suitable forests (Figure 5), i.e., treed peatland forests with short canopies,
cranberry blues could be relatively widely distributed in the Wood Buffalo Region. Indeed, 57% of the
raster is predicted to be suitable habitat for cranberry blues, most broadly defined as treed peatlands.
Still, cranberry blues were low in number in any occupied sites.
Further studies are necessary to estimate with more accuracy this species’ abundance in the
Wood Buffalo Region, particularly because we lack data on mortality and eclosion rates for these
populations [51]. Many factors hinder an estimation of the number of cranberry blues inhabiting the
Wood Buffalo Region. First, the model assumption of a closed population is broken by butterflies,
with individuals that died and were replaced by eclosing pupae during the sampling period. Then,
differences in sampling design between seasons are hard to interpret because, while there could be
differences between abundance of cranberry blues between 2016 and 2017, the two sampling designs
differ in quality and quantity of area sampled. It was surprising that, despite a 25-times smaller area
sampled, the estimated abundance of cranberry blues in seismic lines was slightly higher in the oil
sands study (Figure 3). Yet, in our first study the point-count location where set in areas deemed
optimal to observe cranberry blues, while in our second study the larger sampling area often included
less-suitable sites. Cranberry blues seemed to depend on highly localized conditions, and were
particularly stationary near small pools of water that we targeted in our first study (especially territorial
males). As well, the lower probability of detection in the oil sands study could also have affected
model estimates. Despite these limitations, the relationship between the abundance of cranberry blues
and forest wetness and canopy height was consistent between our studies, suggesting that most of the
peatland forests in the area are suitable for cranberry blues.
As previously reported [25], cranberry blues preferred boreal peatland forests (bogs and fens),
here identified using forest wetness and canopy height measured with LiDAR. The effects of wetness
and canopy height were consistent with expectations in both studies, while an interaction term between
forest wetness and canopy height had a stronger effect in the oil sands study (Figure 4). Even though
we assessed the effects of forest wetness and canopy height in both studies, to maximize our chances
of discovering new populations we sampled only seismic lines in the wildfire study, because in the
oil sands study cranberry blues were observed more frequently in these narrow early seral corridors.
Seismic lines affect hydrology and canopy height at local scales (higher wetness, canopy removed [31]),
and the 50 × 50 m raster cell used to describe habitat suitability diminished these effects. Therefore,
we believe that the most likely relationship between forest wetness, canopy height, and cranberry
blue abundance is that observed in the oil sands study, with cranberry blues mostly occurring in
short forests (canopy height <20 m) with soils saturated in water for most of the year (Wetness >0.7).
While any value of wetness >0.7 represents a wet environment, it appears that this species prefers
environments where the peat is saturated with water, if not submerged (Wetness ~1, i.e., depth-to-water
= 0). The canopy is low and open in these forests, usually with only a few, short, black spruce trees
(Picea mariana) able to establish.
Cranberry blue caterpillars are thought to feed on Vaccinium spp., but the Low Bilberry
(V. myrtillus) on which larvae are known to feed in North America are not present in Alberta’s
boreal forests [25]. Yet, other Vaccinium spp. are among the early seral species that increase when
the canopy is more open in boreal forests [53]. V. myrtilloides was observed in drier (unsuitable)
upland conditions, and is thus unlikely to be the larval host plant in these forests. Bog cranberry
or small bog cranberry (V. oxycoccos and V. vitis-idaea) are common in treed peatlands, yet we did
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not observe any correlation with these species and cranberry blues. Given that these plants were
fairly common, particularly V. vitis-idaea, other factors likely limit the distribution of cranberry blues
in these environments. We speculate that abiotic conditions (e.g., temperature, humidity) may play
an important role, but future studies at local scales will be necessary to reveal the mechanisms
underlying the differences in abundance of cranberry blues. One factor that potentially is increasing
local abundance of cranberry blues (or their behavior) was higher availability of nectar sources on
seismic lines. Seismic lines have higher plant diversity than adjacent forests [31] with noticeable lower
floral resources in typical undisturbed peatland forests. However, we rarely observed cranberry blue
nectaring during our study beyond a few individuals on small, white flowers such as chickweed
(Stellaria longifolia) or bog cranberry (V. oxycoccos) flowers. Ultimately, cranberry blues seemed more
related to the overall surrounding forest conditions than to the availability of larval host plants or nectar
sources. Some lycaenids are known to have territorial behaviors such as perching on locations deemed
attractive for mating [22]. Seismic lines might simply represent attractive sites for this behaviour, with
males often observed in proximity of superficial water pools.
Knowing when and at which conditions species are more-easily detected is important when
planning sampling designs and monitoring protocols [50]. We showed that cranberry blue populations
in northeast Alberta fly approximately between 20th June and 20th July, with the highest probability
of detection during the first ten days of July. Changes in detectability with all covariates were
similar between 2016 and 2017, despite different probabilities of detection between field seasons due
to different sampling designs (Figure 3; this is not surprising, since the area assessed in 2017 was
~25 times larger than the area assessed in 2016). Ordinal day was the most important covariate in
explaining probability of detection of cranberry blues, with a shorter and earlier flight period than
previously reported [25]. The effects of temperature (positive) and wind (negative) were consistent
with our expectations, while the effect of time of day was not included in the final model because it
was highly variable. Interestingly, despite conducting our point-counts during standard sampling
conditions, the posterior average probability of detection varied by ~20% at the flight curve peak
depending on temperature and wind conditions (Figure 3). These results suggest that the common
assumption of equal detectability within standard environmental conditions (i.e., between 10 a.m.
and 5 p.m., at temperature >17 ◦ C, winds at Beaufort scale <5 [43,44]) may not always be met.
Therefore, when possible, we recommend accounting for variation in detection probability due
to sampling conditions in analyzing butterfly data obtained from repeated surveys of the same
site (e.g., common monitoring protocols such as Pollard transects or point-counts [51]). Finally,
the only other lycaenids that inhabit these environments at the end of June and beginning of July
are dorcas coppers (Lycaena dorcas). Dorcas coppers are easily distinguishable from cranberry blues
given pronounced color differences (i.e., golden and purple colors vs. silver and blue, respectively).
In conclusion, we believe that our results represent the actual abundance of the target species, and not
our inability to detect it or the confusion with other lycaenids.
Responses to disturbance differed in the direction and magnitude of effects depending on the
disturbance type. Despite concerns regarding the density of seismic lines in the Wood Buffalo
Region [12,31,32], our study confirms preliminary findings that cranberry blues—like most other
butterflies—responded positively to seismic line corridors (4-times more cranberry blues than in
reference forests), with no effect of the narrower “low-impact” seismic lines [16]. Yet, differently from
the other butterfly species inhabiting these forests [16], we documented negative responses to
exploratory well pads, i.e., 60 × 60 m anthropogenic forest clearings associated with oil sands
exploration (less than half the cranberry blues were seen here in comparison to analogous forests).
Openings in the forest canopy, such as seismic lines, allow early seral plant species, on which butterflies
rely for nectar sources and larval host plants, to increase in abundance and diversity [53], and thus
seem to benefit the whole butterfly community [16]. On the other hand, both seismic lines and
well pads affect abiotic conditions by increasing illuminance and wind speeds [54]. While abiotic
conditions in seismic lines are more similar to those of undisturbed forests, the effects of well pads
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are more substantial, with 16-times higher average wind speed, 4-times higher maximum wind
speed, and 3-times higher illuminance [54]. These conditions may negatively affect cranberry
blues, particularly due to wind speed that may limit the movement of these small (~25 mm
wingspan) butterflies. Another study conducted in European boreal forests documented similar,
negative responses to large clear cuts [26]. Yet, given the positive relationship observed between
the abundance of cranberry blues and conventional (9-m wide) seismic line corridors, some types of
disturbance could provide the conditions necessary for this species to thrive. Indeed, while in situ oil
sands developments have only recently appeared in these forests, wildfires have long characterized the
boreal biome with most boreal species being adapted to this disturbance regime [33]. Here, we found
that recent wildfire had a substantial negative effect on cranberry blue abundance in the short term,
with our model predicting a loss of 90% of cranberry blues in burned forests one year after disturbance.
This type of response has been observed commonly in other butterfly and insect taxa [36,37]. However,
wildfires may be particularly threatening to cranberry blues because the frequency and severity of
wildfires are predicted to increase, and peatlands are one of the most sensitive habitats in the boreal
biome [29]. Limited adult dispersal between patches and specialization of larval habitats limit small
populations in disturbed landscapes [13], and while the genus Vaccinium is one of the most common
plant taxa in the Alberta boreal biome, dispersal of cranberry blue may be too slow to effectively
re-colonize burned peatlands, which may in turn require time to return to suitable conditions for
cranberry blues. Indeed, the common opinion that cranberry blue mobility is low [23] was confirmed
by our first study, where the spatial component of our model explained little variation in the predicted
abundance of cranberry blues (Supplementary Material). On the other hand, follow-up studies will be
necessary to reveal the number of years required post-fire before treed peatlands can support abundant
cranberry blue populations.
Finally, while preliminary analyses with landcover data did not successfully predict cranberry
blue abundance, forest wetness and canopy height did predict this species’ abundance, confirming
that LiDAR data can be a valuable resource for conservation purposes (e.g., [39]). Note that we did
not include climate variables and elevation in our analysis assuming secondary effects at this more
regional scale (Figure 1). Future studies aiming to assess the distribution of cranberry blues at larger
scales should account for potential effects on phenology and distribution of these factors.
5. Conclusions
This study was a first step toward documenting the ecology of cranberry blues in northeastern
Alberta and assessing their conservation status. We described the relationships between cranberry blue
abundance, forest characteristics, and natural and anthropogenic disturbances. Cranberry blues were
not abundant, and most common in wet forests with low canopies, and on seismic lines. In contrast,
cranberry blue abundance was substantially lower in well pads and burned forests. While our
results suggest that cranberry blues are more common than previously hypothesized in this region
(we doubled the number of known populations in Alberta), we stress that this species’ populations
are generally scarce, and that both anthropogenic and natural disturbance will increase in these
forests [12,29]. Not only will wildfires increase with climate change [29], but models also suggest
that they will mediate a change in vegetation toward less-suitable upland forests [55]. Therefore,
future studies should monitor the status of cranberry blues in northeastern Alberta to determine if
there are reasons for concern for this species. Based on our results, future studies should focus on the
period between 1st–10th July, and collecting data at temperatures >25 ◦ C with no wind.
Supplementary Materials: The following are available online at http://www.mdpi.com/1424-2818/10/4/112/s1,
s1: Riva et al., cranberry blues responses to disturbance and distribution in northeastern Alberta—zip file
containing data and R script for analysis.
Author Contributions: F.R., J.H.A. and S.E.N. conceived the study; F.R. designed the experiment, collected the
data and performed the analyses; F.R. wrote the manuscript with assistance from J.H.A. and S.E.N.

Diversity 2018, 10, 112

15 of 18

Funding: The project was supported by Xerces Society via the Joan Mosenthal DeWind Award
(RES0036460), COSIA (CRDPJ 498955), Alberta Innovates—Energy and Environmental Solutions (ABIEES 2070),
Alberta Agriculture and Forestry (15GRFFM12), NSERC-CRD and the LRIGS NSERC-CREATE programme
(CRD 498955-16, CREATE 397892), and Alberta Conservation Association via the ACA Grants in Biodiversity
(RES0034641).
Acknowledgments: We thank Shawn Eckert, Fionnuala Carrol and Marcel Schneider for assisting in field,
and Peter Blenis for support with ggplot2 and analysis.
Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design of the
study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, and in the decision to
publish the results.

Appendix
Table A1. Posterior mean, standard deviation, 2.5% quantile, and 97.5% quantile of the effects of model
covariates on cranberry blue detection (γ coefficients) and abundance (β coefficients), including a
conditional autoregressive component to account for spatial autocorrelation in abundance of cranberry
blues between sampling locations closer than 300 m (Variance ρ); p = probability that a posterior
estimate is equal to zero or opposite in sign to the posterior mean.
Case-Study

Coefficient

Mean

Standard Deviation

2.5% Quantile

97.5% Quantile

p

Oil sands
Oil sands
Oil sands
Oil sands
Oil sands
Oil sands
Oil sands
Oil sands
Oil sands
Oil sands
Oil sands
Oil sands
Oil sands

β (Intercept)
β well pad
β low-impact line
β conventional line
β Wetness
β Canopy height
β Wetness × Canopy height
γ (Intercept)
γ Date
γ Dateˆ2
γ Temperature
γ Wind
Variance ρ

−1.73
−1.05
0.25
1.37
2.12
−1.06
1.28
−2.05
3.23
−3.77
0.35
−0.16
<0.01

0.64
0.76
0.50
0.46
0.72
0.70
1.06
0.43
1.56
1.62
0.19
0.15
<0.01

−3.03
−2.58
−0.76
0.51
0.74
−2.40
−0.61
−2.88
0.16
−6.89
−0.01
−0.44
<0.01

−0.55
0.37
1.19
2.29
3.58
0.35
3.44
−1.17
6.26
−0.52
0.73
0.16
<0.01

<0.01
0.08
0.31
<0.01
<0.01
0.06
0.11
<0.01
0.02
0.01
0.04
0.14
0.04

Wildfire
Wildfire
Wildfire
Wildfire
Wildfire
Wildfire
Wildfire
Wildfire
Wildfire
Wildfire
Wildfire
Wildfire

β (Intercept)
β Wetness
β Canopy height
β Wetness × Canopy height
β Fire
γ (Intercept)
γ Date
γ Dateˆ2
γ Temperature
γ Wind
γ Observer
Variance ρ

−1.17
0.95
−1.02
0.77
−2.24
−0.13
3.80
−3.59
0.17
−0.17
−0.70
<0.01

0.26
0.30
0.37
0.44
0.45
0.27
0.57
0.54
0.17
0.18
0.26
<0.01

−1.70
0.39
−1.74
−0.07
−3.16
−0.68
2.67
−4.65
−0.17
−0.52
−1.20
<0.01

−0.70
1.54
−0.32
1.64
−1.38
0.37
4.86
−2.56
0.50
0.17
−0.20
<0.01

<0.01
<0.01
<0.01
0.04
<0.01
0.31
<0.01
<0.01
0.16
0.16
<0.01
<0.01
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