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Abstract
With climate change, species are shifting their distributions polewards and
upwards, and advancing their phenologies. However, there is substantial
interspecific variation in these responses and ecologists are having difficulty
explaining why. Understanding this variation is critical as it is likely to
lead to widespread consequences for trophic interactions and ecological communities. In this thesis, I test several hypotheses concerning the causes
and ecological consequences of interspecific and intertaxonomic variation in
climate-distribution and phenology-temperature relationships.
First, I tested and found support for the hypothesis that species from
different taxonomic groups vary in the strength of climate-distribution relationships, likely because of differences in their life history strategies. However, my results suggest that dispersal ability is unlikely to be the key trait
affecting species’ geographic distributions at broad scales.
Across broad-scales, I found that butterfly and plant phenologies were
strongly affected by temperature, suggesting that phenological shifts in response to future climate change are likely to be widespread. Flight season
timing of early-season butterfly species and those with lower dispersal ability was more sensitive to temperature than later-season species and those
with greater dispersal ability, suggesting that ecological traits can account
ii

for some of the interspecific variation in phenological sensitivity to temperature. Differences in phenological sensitivities of butterflies and plants to
temperature imply that shifts in phenological synchrony are likely and could
be substantial for interacting species, potentially resulting in important fitness consequences.
Finally, experimentally warming the egg masses and larvae of the western
tent caterpillar (Malacosoma californicum pluviale) placed on the branches
of its host plant, red alder (Alnus rubra), in the field led to opposing direct
and indirect effects on larval development. Warming significantly advanced
larval but not leaf emergence, which initially prolonged larval development.
However, once leaves were present, warming accelerated larval development,
resulting in no overall effects on larval development.
Taken together, this thesis demonstrates that to understand the full
implications of climate change for species and communities, accounting for
species’ life history strategies and interactions will be essential. However,
without more quantitative estimates of the fitness consequences of shifts in
phenological synchrony, this understanding will be limited.
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Chapter 1

Introduction
Ecological responses to climate change
Climatic changes are expected to have a major impact on global biodiversity (Bellard et al., 2012; Sala et al., 2000; Thomas et al., 2004). The
past century has seen a nearly 1◦ C rise in global average temperature, with
up to 7◦ C of average warming predicted by 2100 (IPCC, 2007). The biological impacts of climate change are likely to be multifaceted, involving behavioural change, evolutionary change, and local extinction. Consequently,
these changes are expected to accelerate the ongoing mass extinction (Carpenter et al., 2008; Maclean & Wilson, 2011; Thomas et al., 2004; Thuiller
et al., 2005). As a result, there is a need to translate our understanding
of ecology into predictions of the ecological consequences of these climatic
changes.
Climate change has already had substantial effects on biodiversity.
Since species’ distributions and phenologies are strongly linked to climate,
the two most commonly observed and reported responses to climate change
thus far are shifts in species’ ranges and phenologies (reviewed in Parmesan,
2006; Parmesan & Yohe, 2003; Walther et al., 2002). In general, species are
shifting their distributions to higher elevations and latitudes in response to
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warming temperatures (e.g. Chen et al., 2011; Hickling et al., 2006; Parmesan, 2006). However, some species have been unable to track the changing
climate and have experienced range contractions or local extinctions (e.g.
McLaughlin et al., 2002; Moritz et al., 2008; Sinervo et al., 2010) and others
have shifted their ranges counter to expectations (i.e. southward and lower
in elevation Hickling et al., 2006). The majority of species are also advancing their phenologies, the timing of life history events (e.g. Bradley et al.,
1999; Menzel et al., 2006; Parmesan, 2007; Roy & Sparks, 2000). However,
some species have not shifted or even delayed their phenology, in some
cases with negative fitness consequences (Lane et al., 2012; Willis et al.,
2008). Therefore, while species are generally shifting polewards and spring
is arriving earlier, there appears to be significant taxonomic, spatial and
temporal variability in the magnitude of this change (Diez et al., 2012; Fitter
& Fitter, 2002; Hickling et al., 2006; Primack et al., 2009) and it remains
difficult for ecologists to explain this variation (Buckley & Kingsolver, 2012).

Understanding variation in ecological responses to climate change
Interspecific variation in recent range shifts is likely partly a function of
the variation in the degree to which species’ distributions are determined by
climate. Indeed, the extent to which current climate predicts species’ distributions differs considerably (e.g. Elith et al., 2006, Chapter 2). Moreover,
which environmental factors are important at limiting species’ range limits
and by which mechanisms are still uncertain (Chuine, 2010). While climate
has long been considered the most important factor in determining species’
distribution limits at broad spatial scales (e.g. Gaston, 2003; Good, 1931;
2

Merriam, 1894), other factors may affect whether climate plays a primary
or secondary role. For example, other abiotic (e.g. soil properties) or biotic
factors (e.g. species interactions) may prevent a species from persisting even
where the climate is suitable (e.g. Hampe, 2004; Marsico & Hellmann, 2009;
Pearson & Dawson, 2003). Disentangling the direct and indirect effects of
climatic factors on species’ distributions still poses considerable challenges
(Sexton et al., 2009).
Similarly, variation in species’ recent phenological responses to climate
change is most likely related to the sensitivity of phenology to temperature.
Temperature is thought to be the most consistent and dominant controller
of spring insect and plant phenology (Bale et al., 2002; Hodgson et al., 2011;
Pau et al., 2011; Wolkovich et al., 2012). However, depending on the type
of study (e.g. genetic vs. physiological), species and region, other cues (e.g.
photoperiod, frost, precipitation) can have greater relative importance (Diez
et al., 2012; Hodgson et al., 2011; Pau et al., 2011). Recent studies have
documented substantial variation among species in phenological sensitivity
to temperature, even for single phenological phases (Diez et al., 2012; Hodgson et al., 2011; Primack et al., 2009; Wolkovich et al., 2012), yet little is
known about the causes of this variation.
A trait-based approach, the characterization of organisms in terms of
their multiple biological attributes such as physiological, morphological or
life history traits (Webb et al., 2010), has recently been applied to attempt
to explain the variation in distributional and phenological shifts due to
climate change, with some notable successes (Altermatt, 2010; Angert et al.,
2011; Buckley & Kingsolver, 2012; Diamond et al., 2011). Since traits can
3

often be related directly to the environmental conditions experienced by
an individual, they provide a bridge between processes at the community
level and global change predictions (Pau et al., 2011; Suding et al., 2008;
Webb et al., 2010). Despite theoretical support for the effects of species’
traits on variation in the rate of spatial spread of populations (Clark, 1998)
and species’ phenology (e.g. Bolmgren & Cowan, 2008; Bolmgren et al.,
2003), the full potential of traits to accurately predict variation in the rate
and extent of species’ responses to climate change remains unclear (Angert
et al., 2011; Buckley & Kingsolver, 2012).

Consequences of variation in ecological responses to climate change
Interspecific variation in climate change responses has widespread consequences for trophic interactions, ecological communities, and ecosystem
services (Diez et al., 2012; Pau et al., 2011). Species interact in complex
food webs and species within or between the different trophic levels can respond to climate change in different ways (e.g. Gilman et al., 2010; Schweiger
et al., 2008; Voigt et al., 2003). Differences in the magnitude and direction of
these responses can decouple species’ interactions, both spatially and temporally. Spatial mismatches, through differential shifting in the geographic
ranges of species, and temporal mismatches, through differential changes
in the phenology of interacting species, are likely. For example, terrestrial
plants might not track climate as fast as their insect herbivores: earlier
emergence and range shifts in some plants has occurred at a slower rate
than those of their insect herbivores (Gilman et al., 2010; Harrington et al.,
1999; Hellmann, 2002; Schweiger et al., 2008). Such mismatches could in
4

turn alter the dynamics, functioning and composition of many ecosystems
(e.g. Edwards & Richardson, 2004; Liu et al., 2011; Winder & Schindler,
2004). Therefore, some of the most profound effects of climate change are
predicted to be driven by changes in the timing of biotic interactions (Yang
& Rudolf, 2010).
Differences among species in distributional and phenological responses
to changing climates also have the potential to affect patterns of species
coexistence and community assembly (Lavergne et al., 2010; Wolkovich
& Cleland, 2010). For example, differences in flowering responses among
native and exotic species in a community can affect interspecific competition and play an important role in the success of invasive plant species
(Wolkovich & Cleland, 2010). The heterogeneity in species responses to
climate change is also likely to change the composition of local communities
by altering dominances of species and leading to the formation of non-analog
communities, where extant species co-occur in historically unprecedented
combinations (Hobbs et al., 2009; Walther, 2010; Webb III, 1986; Williams
& Jackson, 2007). For example, the present species’ composition of communities at higher altitudes on sub-Antarctic Marion Island is not simply
an analogue of past community composition of the native vascular flora at
lower altitudes but rather constitutes a new combination of extant species
(Roux & McGeoch, 2008). Consequently, in addition to the direct effects
on individuals and populations, climate change can also lead to changes in
other members of a community via species interactions (i.e. indirect effects).

Indirect vs. direct effects of climate change
5

Predicting the impacts of climate change routinely focuses on the direct
effects on individual species; yet increasing evidence suggests that species
interactions can strongly influence species’ responses to changing climates
(Barton et al., 2009; Davis et al., 1998; Harley, 2011; Harmon et al., 2009;
Pateman et al., 2012; Suttle et al., 2007). For example, spatial mismatches
between a butterfly and its host plant can limit the poleward movement of
butterfly populations (Hellmann et al., 2012; Pelini et al., 2009). The most
common proximate cause of local extinctions related to climate change, when
identified, is changes in species’ interactions rather than physiological limitations (Cahill et al., 2013). A review of >600 studies found that climate
change influenced virtually every type of species interaction (Tylianakis
et al., 2008), yet most studies focused on predicting the responses of species
to climate change ignore biotic interactions (Gilman et al., 2010; Harrington et al., 1999; Walther, 2010). Indirect effects can be stronger than the
direct effects of temperature and the two may interact, either amplifying
or countering one another (e.g. Barton et al., 2009; Boggs & Inouye, 2012;
Harley, 2011; Suttle et al., 2007). Understanding the full implications of
climate change for a focal species will thus depend on incorporating the direct effects of climate change on the species, as well as the sensitivity of the
interacting species and the strength of the interaction.
Insect herbivores and pollinators are especially likely to be affected by
climatic changes both directly, given their physiological and behavioral requirements, and also indirectly, through interactions with their host plants
(Bale et al., 2002; Forrest & Thomson, 2011). Insects are poikilothermic, so
their development, activity, reproductive physiology, population dynamics,
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and dispersal are heavily influenced by environmental conditions, such as
temperature and moisture (Bale et al., 2002). Host plants impact insect
herbivores directly through phenological and nutritional conditions (Feeny,
1970; Hunter & Price, 1992), and any variation in resources may influence the
dynamics and abundances of insect herbivores (Sanders & Gordon, 2003).
Climate change-driven shifts in fitness, abundance and geographic distributions of insect herbivores and pollinators will have implications for plantinsect interactions and host plant species. In particular, rates of herbivory
(DeLucia et al., 2012), insect pest and pathogen dynamics (Bentz et al.,
2010; Dukes et al., 2009) and pollination are likely to be affected (Hegland
et al., 2009; Memmott et al., 2007). Therefore, understanding how climate
change influences insect herbivores and pollinators is critical to comprehending some of the broader ecological consequences of climate change.

1.1

Structure of this thesis

The goal of my thesis is to test several hypotheses related to the causes
and ecological consequences of interspecific and intertaxonomic variation in
climate-distribution and phenology-temperature relationships. This thesis
focuses on the direct effects of temperature on insect and plant phenology,
rather than other abiotic effects (e.g. photoperiod), since temperature is
thought to be the most consistent and dominant controller of the phenology of these taxa (Bale et al., 2002; Hodgson et al., 2011; Pau et al., 2011;
Wolkovich et al., 2012). While the direct influence of climate on species’ distributions and phenologies has been well established, it remains uncertain as

7

to why there is so much variation in species’ distributional and phenological
shifts in response to recent climate change. Moreover, the consequences of
interspecific variation in phenological shifts for species interactions and the
fitness of focal species have rarely been considered.
To address these questions, I combine a broad-scale approach that uses
a meta-analysis and collection records, with a fine-scale approach that uses
manipulative experiments. These approaches have complementary strengths
and weaknesses, such that their combined use is valuable to advancing
climate-change research. Whereas broad-scale approaches allow for the detection of general patterns and trends, they are limited in elucidating the
mechanisms that drive these patterns, the main strength of experiments.
However, experiments are often imperfect simulations of the real world.0
In Chapter 2, I test the hypothesis that species from different taxonomic
groups vary in the strength of their climate-distribution relationships because of differences in life history strategies, in particular dispersal ability.
Previous studies suggest that species that produce many propagules that
travel long distances are more likely to be able to cross unsuitable habitat, and thus should be more likely to be found everywhere the climate is
suitable. Therefore, I predicted that taxonomic groups with lower dispersal ability would have weaker species’ climate-distribution relationships. I
used a meta-analysis approach and combined the discrimination ability metrics from species distribution models using only climatic variables. I first
determined whether species varied predictably in their climate-distribution
relationships based on taxonomic affinities. I then compiled dispersal distances for a subset of these species to determine whether dispersal ability
8

directly influenced the strength of species’ climate-distribution relationships.
In Chapter 3, I test the usefulness of museum butterfly collection
records, an under-utilized data source in the phenology literature, to detect broad-scale phenology-temperature relationships for butterfly species
across Canada. Since temperature has been shown to have different effects
on phenology in space (warm vs. cold sites) and time (warm vs. cold years),
I compare this relationship across both space and time. Finally, given that
species vary widely in their ecological and life history strategies, I test the
ability of ecological traits, such as dispersal ability, to predict interspecific
variation in the phenology-temperature relationship.
Following the finding that collection records can be used to detect
phenology-temperature relationships across broad-scales (Chapter 3), I compile herbarium records and compare the phenological sensitivity of butterflies
and their host plants to temperature across the province of British Columbia
in Chapter 4. Given discrepancies among studies in the magnitude of species’
recent phenological responses to climate change across taxonomic groups, it
is difficult to make general predictions about the magnitude and direction
of shifts in phenological synchrony (relative timing of life cycle events of
closely interacting species) under climate change. However, differences in
phenological sensitivity to temperature between plants and butterflies can
be used to quantify potential shifts in butterfly-plant phenological synchrony
over time. Since specialists are thought to be more sensitive to climate
change (Gilman et al., 2010), I then evaluate the influence of butterfly ecological specialization on butterfly phenological sensitivities to temperature
and butterfly-plant differences in sensitivity to determine whether shifts in
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synchrony are likely to differ between butterfly specialists and generalists.
In Chapter 5, I test the influence of warming on the fitness consequences
of altered timing of species interactions. Few studies have experimentally
tested the influence of warming on the timing of species interactions and in
particular, the potential for different direct and indirect (via phenological
change) effects of temperature on each species. As an experimental system,
I use an insect herbivore (the western tent caterpillar (Malacosoma californicum pluviale)) and its host plant (red alder (Alnus rubra)) subjected to
a field warming treatment. I compare the direct and indirect effects (i.e.
phenological mismatch) of warming on insect fitness proxies (larval development time, larval weight and family survival). A bioassay in a controlled
environment was also conducted to determine the effects of warming-driven
changes in leaf quality, the other primary indirect effect in this system, on
insect fitness.
Finally, in Chapter 6, I summarize conclusions from the previous chapters and make general conclusions that can be drawn from this study about
understanding species distributions and phenology in the context of climate
change. I also examine the limitations of this study and provide recommendations for future research priorities.
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Chapter 2

Do ecological differences
between taxonomic groups
influence the relationship
between species’
distributions and climate? A
global meta-analysis using
species distribution models
2.1

Synopsis

Understanding whether and how ecological traits affect species’ geographic
distributions is a fundamental issue that bridges ecology and biogeography.
While climate is thought to be the major determinant of species’ distri-
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butions, there is considerable variation in the strength of species’ climatedistribution relationships. One potential explanation is that species with
relatively low dispersal ability cannot reach all geographic areas where climatic conditions are suitable. We tested the hypothesis that species from
different taxonomic groups varied in their climate-distribution relationships
because of differences in life history strategies, in particular dispersal ability.
We conducted a meta-analysis by combining the discrimination ability (AUC
values) from 4317 species distribution models (SDMs) using fit as an indication of the strength of the species’ climate-distribution relationship. We
found significant differences in the strength of species’ climate-distribution
relationships across taxonomic groups, however we did not find support for
the dispersal hypothesis. Our results suggest that relevant ecological trait
variation among broad taxonomic groups may be related to differences in
species’ climate-distribution relationships but which ecological traits are important remains unclear.

2.2

Introduction

Understanding whether and how ecological traits affect species’ geographic
distributions is a fundamental issue that bridges ecology and biogeography
(Brown, 1995; Wiens, 2011). This issue has become even more relevant as
ecologists and biogeographers struggle to understand the variation in species
responses to climatic change. For example, recent studies have examined the
relationship between species’ ecological traits, such as dispersal ability and
ecological generalization, and changes in their distributions and phenology
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with recent climatic changes (Angert et al., 2011; Diamond et al., 2011).
Identifying characteristics of organisms that determine their sensitivity to
environmental change is crucial to ecological forecasting and conservation
planning.
Central to this work is the theory of the niche: the set of abiotic and
biotic conditions within which a species can persist (Hutchinson, 1957). A
species’ distribution is limited to geographic areas where all these conditions
meet the species niche requirements. At broad spatial scales, climate has
long been considered the most important factor in determining species’ distribution limits (e.g. Gaston, 2003; Good, 1931; Merriam, 1894). However,
there seems to be considerable variation in the degree to which species’ distributions are predicted by climate. There are three potential reasons for
this variation. First, other abiotic or biotic factors may prevent a species
from persisting even where the climate is suitable (Luoto et al., 2007). Alternatively, regions of suitable climate may be separated by areas that are
not suitable which the species does not have sufficient dispersal ability to
cross (Blach-Overgaard et al., 2010; Graham et al., 2010). Finally, if the
species is relatively new and/or the climate has only recently become suitable, the species may not have had enough time to reach all suitable areas
(Blach-Overgaard et al., 2010; Paul et al., 2009).
Dispersal ability is thought by some to determine how closely a species’
current distribution matches the geographic distribution where all abiotic
and biotic conditions meet its niche requirements. Species that produce
many propagules that travel long distances are more likely to be able to
cross any unsuitable habitat, and thus should be more likely to be found ev13

erywhere the climate is suitable. Therefore, dispersal ability may determine
the strength of the species’ climate-distribution relationship. Indeed, some
studies have found evidence that dispersal ability can strongly affect species’
distributions (e.g. Pöyry et al., 2008; Thuiller et al., 2004b). However, others suggest that the dispersal of individuals happens over such small time
scales relative to the formation of species’ geographic distributions that it
has little importance (Lester et al., 2007).
Many have hypothesized that species in different taxonomic groups
should vary in their climate-distribution relationship because of their different life history strategies, in particular dispersal ability (e.g. Araujo &
Pearson, 2005; Wisz et al., 2008). The fit of species distribution models
(SDMs) has often been used to test this hypothesis (e.g. Araujo & Pearson, 2005; Tsoar et al., 2007). SDMs use various statistical techniques to
describe the relationship between observed environmental variables, such
as mean annual temperature, and the recorded spatial occurrence (presence/absence) of a species (see e.g. Guisan & Zimmermann, 2000). The
ability of an SDM based only on climatic factors to predict the presence or
absence of a species can be considered an indication of the strength of the
species’ climate-distribution relationship: the greater the success of a SDM
at predicting the species’ presence/absence in a given location, the stronger
the correlation between climatic variables and the presence/absence of the
species. Some studies have found species’ climate-distribution relationship
differences between taxonomic groups (Araujo & Pearson, 2005; Tsoar et al.,
2007), whereas others have not (Pearce & Ferrier, 2000; Wisz et al., 2008).
It is unclear whether these varying results are due to the different geographic
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regions, groupings of species, or modeling techniques of each study. Despite
the availability of SDMs for thousands of species, a comprehensive comparison of the fit of SDMs between different taxonomic groups has not been
made.
Here, we tested the hypothesis that taxonomic groups varied in the
strength of their species’ climate-distribution relationships. We predicted
that taxonomic groups with lower dispersal ability would have weaker
species’ climate-distribution relationships. We used a meta-analysis approach and combined the discrimination ability metrics that were reported
from 4317 SDMs in twenty studies using only climatic variables to determine whether species varied predictably in their climate-distribution relationships based on taxonomic affinities. We also compiled dispersal distances
for a subset of these species to determine whether dispersal ability directly
influenced the strength of species’ climate-distribution relationships. To facilitate a quantitative comparison we used a standardized discrimination
ability measure and accounted statistically for methodological differences
among studies.

2.3
2.3.1

Methods
Data compilation

We conducted a literature search using Web of Science for studies (published
before March 2009) that reported statistical measures of goodness-of-fit for
SDMs constructed for individual species based on climatic variables only. We
searched for studies using the terms ”ecological niche model” and ”climat*”,
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”species distribution model” and ”climat*”, and ”climate envelope model”
and ”climat*”. Studies were excluded if: (1) one or more non-climatic
variables, such as soil fertility, land use or land cover, were included in
the SDM; (2) model fit was measured only qualitatively or not reported; or
(3) model fit was reported only as averages across species. In cases where
model fit was not reported for all individual species modeled, we requested
these data from the authors. Due to the small number of studies modeling
aquatic species, we limited our analysis to terrestrial species.
We needed a metric of model fit that was comparable across studies.
We found AUC (area under a receiver operating characteristic curve) to
be the most common metric (other metrics: Cohen’s kappa, sensitivity,
specificity, range filling rates), therefore our analysis was limited to studies that reported AUC. AUC measures the ability of a SDM to discriminate
sites where a species is present from sites where it is absent, rather than
goodness-of-fit per se. It considers the relationship between false-positives
and true-positives and ranges from zero to one, where perfect discrimination
gives a value of one (Fielding & Bell, 1997). Hereafter, we use the term SDM
’fit’ to indicate ’discrimination ability’ as measured by AUC. When studies
reported AUC for both training and test data, test AUC values were used.
Although this metric has been criticised (e.g. Lobo et al., 2008), it was the
only measure in common across most of the studies.
Some species’ distributions were modeled several times, either by the
same study (using multiple modeling techniques (n=9) or resolutions (n=1))
or by several studies (most such species were modeled by only two studies).
In all cases, we randomly selected one SDM per species and used the as16

sociated AUC value and methodology. This produced a dataset of 4317
species and their SDMs from twenty studies (See Appendix A,B). These
studies modeled species in Europe (10 studies, 2301 spp.), North America
(2 studies, 67 spp.), South America (2 studies, 32 species) and Africa (6
studies, 1917 spp.). We classified each species into one of five broad taxonomic groups: mammals (483 spp.), butterflies (116 spp.), herptiles (reptiles
and amphibians; 114 spp.), birds (2099 spp.), and plants (1505 spp.).
SDM fit can be affected by the type of model used (e.g. Elith et al.,
2006), the number of climatic variables used (e.g. Pearce & Ferrier, 2000),
the resolution or grain size used (e.g Guisan et al., 2007), the total extent
over which the species’ range was modeled (e.g. Luoto et al., 2005), and
latitude (Brown et al., 1996; Luoto et al., 2005). Therefore, for each SDM we
noted the modeling technique, number of distinct climatic variables used in
the model, resolution (km2 ), total spatial extent (km2 ) and average absolute
latitude and then included these as covariates in our statistical analysis.
Another factor which may lead to differences in SDM fit between species
is prevalence (McPherson et al., 2004; Santika, 2011), the number of grid
cells from which a species is recorded as present expressed as a proportion of
the total number of grid cells from which data are available. We were able
to obtain prevalence values for almost all of the SDMs (n=4089), allowing
us to explore any effects of prevalence on SDM fit.
Finally, we scanned the literature to find dispersal distances for as many
of our species as possible to assess whether there were significant differences
in measured dispersal ability among our taxonomic groups. True dispersal distances are very difficult to measure due to phenomena such as very
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rare long-distance dispersal events. Therefore, we used the directly measured ability of an organism or its propagules to move (i.e. its mobility) as
an estimate of a species’ dispersal distance. We considered both maximum
and mean measured dispersal distances but excluded migratory distances to
standardize measures of dispersal distances across taxonomic groups. Where
more than one distance was reported per species or study we used the mean
of mean distances, and the maximum of maximum distances. We found
mean dispersal distances for 241 species for which we also had AUC values
(birds=103, butterflies=22, mammals=22, plants=94). For maximum dispersal distance, we found 105 species that also had AUC values (birds=27,
butterflies=18, mammals=30, plants=18). For further details, see Appendix
C.

2.3.2

Statistical analysis

There were two parts to the analysis. The first was to determine whether
there were any significant differences in SDM fit between taxonomic groups
and whether those differences were robust to potential confounding factors
(covariates). The second was to explore the relationship between SDM
fit, taxonomic group and the other covariates. We used generalized linear
mixed-effects models (GLMM, glmmadmb function in the ”glmmADMB”
package (Skaug et al., 2012) in R (Team, 2012) with a Beta error distribution
with AUC as our response variable and ’study’ as a random factor. AUC
values of exactly one, which are not allowed with the beta distribution,
were converted to 0.99 instead (eight significant digits were used to ensure
a unique value and to match the maximum precision of the data, n=117).
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To allow for model estimation, we collapsed the six rarest modeling types
into one category to reduce the number of types (from 18 to 12; these six
techniques were used for only 0.35% of all SDMs). We took the logarithm
of spatial extent to improve normality (except in the collinearity test), but
all other covariates were used without transformation. Taxonomic group
and model type were categorical, and all other covariates were continuous.

Relationship between discrimination ability and taxonomic group
To test whether taxonomic group explained significantly more deviance
in AUC than expected at random, we compared a model with only an intercept to a model with only taxonomic group. We then tested whether
differences in discrimination ability across taxonomic groups explained significant additional deviance after accounting for the combined effect of the
differences in the methodological approach of studies (i.e. the covariates:
model type, resolution, number of climatic variables, spatial extent and latitude). For all model comparisons, we used a likelihood ratio test. We also
calculated AIC for all models to evaluate the relative effects of individual
covariates.
We first inspected bivariate plots of all continuous covariates before
constructing pairwise correlations to identify potential problems with
multi-collinearity among covariates (Appendix D). Latitude was highly
correlated with spatial extent and resolution (Spearman’s r = - 0.903,
-0.589 respectively, n = 4317, Appendix D) and explained less deviance
in AUC than spatial extent or resolution (Table 2.1), therefore the ’full
model’ included taxonomic group, model type, spatial extent and number
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of climatic variables. We considered the effect of ’study’ by including it
as a random factor and by testing the influence of individual studies that
contributed more than half of the total number of species in one taxonomic
group (”large studies”) by comparing results obtained with and without
each of these studies (Araujo & Pearson, 2005; Huntley et al., 2006; Luoto
et al., 2005).
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Table 2.1: Analysis of deviance table for the relationship between discrimination ability, covariates and taxonomic
group. Presented are the differences in degrees of freedom, AIC and deviance between full and reduced models as
well as the associated p value. Models are compared for all species (n=4317) and for the subset of species with
prevalence values (n=4089). Depending on the model comparison and term of interest, the full model includes all
other covariates (number of variables, log(spatial extent), model type, resolution and taxonomic group). ’α ’ means
that no solution was found and ’† ’ means a model solution could only be found if number of climatic variables was
not included.
Model for comparison

Data

Model terms

Just intercept

All species

Intercept
+ taxonomic group
+ model type
+ log(spatial extent)
+ resolution
+ number of climatic variables
+ latitude
Intercept
+ prevalence
Full model
+ taxonomic group
+ model type
+ log(spatial extent)
+ resolution
+ number of climatic variablesα
Full model
+ prevalence†

Subset
Full model

All species

Subset
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∆d.f.

∆AIC

∆Deviance

p

4
10
1
1
1
1

38.98
100.58
2.58
1.38
1.20
0.58

46.98
120.58
4.58
3.38
0.8
1.42

<0.0001
<0.0001
0.03235
0.0660
0.3711
0.2334

1

335.36

337.36

<0.0001

4
10
1
1
NA

38.64
101.52
1.12
-1.38
NA

46.64
120.14
3.12
0.62
NA

<0.0001
<0.0001
0.0773
0.431
NA

1

445.62

447.62

<0.0001

Relationship between SDM fit, covariates and taxonomic group
We tested whether individual covariates (including prevalence) explained
significantly more deviance in AUC than under random expectation and
after accounting for all other covariates (including taxonomic group) by
comparing each model to a reduced one. Finally, to test whether there
were significant differences in dispersal distance (both mean and maximum)
across taxonomic groups, we used a Kruskal-Wallis rank sum test. We then
tested whether dispersal distance explained significantly more deviance in
AUC by comparing a model with and without dispersal distance. Dispersal
distance was log-transformed to improve normality. Lastly, to test for the
possibility that an interaction between dispersal distance and taxonomic
group explained deviance in AUC, we compared a model with and without
this two-way interaction. All statistical analyses were performed using R
2.14.1 (Team, 2012).

2.4
2.4.1

Results
Relationship between discrimination ability and
taxonomic group

Mean AUC across all species was 0.941 (±0.00104 SE, n=4317). Birds had
the highest mean AUC (0.954 ±0.00145 SE, n=2099) and butterflies had the
lowest mean AUC (0.856 ±0.0114 SE, n=116; Figure 2.1a). However, the
ranking and pair-wise comparison of taxonomic groups changed depending
on which ”large study” was removed (Figure 2.1).
Taxonomic group explained significant deviance in AUC (LRT7,3 =46.98,
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Figure 2.1: Taxonomic differences in discrimination ability (AUC) across
all studies (based on 4317 species from twenty published studies (number
of species: birds n=2099; herptiles n=114; butterflies n=116; mammals
n=483; plants n=1505)) (a), without Huntley et al. 2006 (based on 2860
species from nineteen published studies (number of species: birds n=642;
herptiles n=114; butterflies n=116; mammals n=483; plants n=1505)) (b),
without Araujo et al. 2005 (based on 2539 species from nineteen published studies (number of species: birds n=1942; herptiles n=11; butterflies n=116; mammals n=331; plants n=139)) (c), and without Luoto et
al. 2005 (based on 4238 species from nineteen published studies (number of
species: birds n=2099; herptiles n=114; butterflies n=37; mammals n=483;
plants n=1505)) (d). Taxonomic groups represented are: ”BIRD”= birds,
”HER”= herptiles, ”INV”= butterflies, ”MAM”= mammals, ”P”= plants.
Taxonomic groups with different letters above them are significantly different according to pair-wise comparisons. Outliers were removed to improve
visual contrasts between taxonomic groups.
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p<0.0001;

Table

2.1),

even

after

accounting

for

all

covariates

(LRT20,16 =46.64, p<0.0001; Table 2.1). The effect of taxonomic group was
also robust to the exclusion of each of the ”large studies” (AppendixE).

2.4.2

Relationship between discrimination ability,
covariates and taxonomic group

SDM model type explained significant deviance in AUC (LRT3,13 =120.58,
p<0.0001; Table 2.1), even after accounting for all the other covariates
(LRT20,10 =120.14, p<0.0001; Table 2.1).

For the subset of species for

which we had prevalence data, prevalence also explained significant deviance
in AUC after accounting for all covariates (including taxonomic group;
LRT12,11 =447.62, p<0.0001; Table 2.1). SDMs with greater prevalence had
lower AUC (Spearman’s r= -0.4937).
In our subset of species with dispersal distances, mean dispersal distance
was greatest for mammals (175 km) while birds had the greatest maximum
dispersal distance (1305 km; Figure 2.2). Butterflies had the shortest mean
and maximum dispersal distance (0.441 km and 2.25 km, respectively; Figure 2.2). The ranking of groups closely matched the ranking of groups of
the entire dataset in terms of AUC for both dispersal measures (Figure
2.1a, Figure 2.2). There was also a significant difference between taxonomic groups in dispersal distance (mean: df=3, χ2 =181.006, p<0.0001;
max: df=4, χ2 =291.557, p<0.0001). Taxonomic group explained significant
deviance in AUC (mean: LRT6,3 =10.386, p=0.01555; max: LRT7,3 =13.022,
p=0.01117). However, dispersal distance did not explain significant deviance
in AUC (mean: LRT4,3 =2.068, p=0.1504; max: LRT4,3 =0.144, p=0.7043).
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There was no significant interaction between taxonomic group and dispersal distance (mean: LRT10,7 =4.508, p=0.2116; max: LRT12,8 =4.506,
p=0.3418).

2.5

Discussion

We found support for taxonomic differences in SDM fit suggesting a role
for ecological traits in affecting species’ geographic distributions at broad
scales. However, prevalence and methodological issues, such as model type,
also influenced SDM fit. Indeed, both factors have been shown previously
to influence SDM fit (e.g. Elith et al., 2006; Santika, 2011). We also found
that ”large studies” influenced the relationship among taxonomic groups and
AUC, for example the taxonomic group with the highest mean AUC varied
with the subset of species considered (Figure 2.1). Therefore, species’ taxonomic affinities, prevalence and methodological issues, such as the model
type, are all important in influencing species’ climate-distribution relationships as measured by SDMs.
There are a number of potential explanations for the difference in the
strength of species’ climate-distribution relationships between taxonomic
groups. First, taxonomic differences may reflect differences in dispersal ability among groups. Certainly, we found differences in measured dispersal
distances between broad taxonomic groups that were consistent with the
dispersal hypothesis (Figure 2.1a, 2.2). However, there were inconsistencies
in the ranking and pair-wise comparisons of taxonomic groups in SDM fit
depending on the subset of species considered (Figure 2.1). Moreover, there
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Figure 2.2: Taxonomic differences in log (base 10) maximum dispersal
distances (km) for 105 species (birds=27, butterflies=18, mammals=30,
plants=18).
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was no significant relationship between AUC and dispersal distance. Therefore, our results indicate that greater dispersal ability, at least in terms of
measurable differences in mobility, may not result in stronger overall species’
climate-distribution relationships at broad scales. However, dispersal distance is inherently difficult to measure and our estimate of dispersal ability
may not have been the most appropriate for all species. For example, we
did not take into account migratory or rare long-distance dispersal events.
Consequently, we may have underestimated the role of dispersal ability for
certain species.
Alternatively, dispersal may not be an important trait in determining
species’ climate-distribution relationships. The majority of species had low
prevalence (77% species had <0.1 prevalence) and species with lower prevalence were more likely to have higher AUC values. If these low prevalence species are mainly specialists (i.e. restricted range endemics) that
are adapted to uncommon climatic conditions found in small, contiguous
areas, they could have strong climate-distribution relationships regardless
of dispersal ability.
Third, other life history traits, for example, body size, generation time or
diet breadth, may influence the strength of species’ climate-distribution relationships between taxonomic groups. However, determining their relative
importance may be difficult across the broad taxonomic groups considered.
Lower-order taxonomic groups, or functional groups of species within or
across taxonomic groups, might be more effective in dividing species according to relevant traits. Nevertheless, while some recent studies dividing species into finer taxonomic or functional divisions have found signifi27

cant differences in species’ climate-distribution relationships (e.g. Syphard
& Franklin, 2010), others have not (e.g. Huntley et al., 2004).
On the other hand, taxonomic differences in SDM fit may be a function
of the sample unbalance (across studies and taxonomic groups; Appendix B)
and the high average discrimination ability. Both of these factors could reflect issues related to fitting, testing and publishing SDMs. SDMs have been
criticized for not using independent data to test their models (e.g. Hampe,
2004; Segurado et al., 2006). Without independent test occurrence points,
well-fitting models could reflect spatial autocorrelation between training and
testing points rather than relationships between species’ presence/absence
and climatic variables. Moreover, SDMs may be overfitted by fitting complex response curves and re-fitting models until a high AUC is achieved
(Araujo et al., 2005a; Guisan & Thuiller, 2005). We also suggest that there
could be a ”file-drawer” problem, whereby species that do not achieve a high
enough AUC value based on the literature standard (Swets, 1988) are not
published. In particular, when the objective of fitting the SDM is to predict
species’ potential distribution shifts under various climate change scenarios,
authors (rightly) do not use SDMs with very low discrimination ability. For
example, of the 453 species that Huntley et al. (2008) modeled, 13 native
species that did not yield ”useful” models (sensu Swets, 1988) were excluded
from the synthesis. Taken together, these issues could inflate AUC values
and reduce overall variation, making it difficult to detect the true relationship between taxonomic groups. While we acknowledge these limitations of
SDMs, to our knowledge, there are no other comparable published metrics to
evaluate individual species’ climate-distribution relationships at such large
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scales. Moreover, SDMs are still being used to better understand the relationship between species’ distributions and climate (e.g. Blach-Overgaard
et al., 2010; Graham et al., 2010).
Lastly, because SDMs are fitted to species’ current distributions they
reflect both direct and indirect influences of climate on those distributions.
Non-climatic factors that limit a species to certain broad areas (such as biotic
interactions or other abiotic factors) are generally modulated by climatic
conditions. For example, since its introduction to Hawaii, avian malaria
now restricts native bird species to higher elevations, where temperature
halts development of the malaria pathogen inside its mosquito vector (van
Riper III et al., 1986). Differences among taxonomic groups in the ability of
climate to directly limit species’ distributions thus cannot be revealed by our
data, given that the SDMs we used cannot differentiate direct from indirect
climatic effects. However, we have no a priori reason to expect cases where
climate acts principally indirectly to occur more frequently in one taxonomic
group than another. In addition, even if a species’ distribution is indirectly
limited by climate due to the climatic tolerances of a competitor, predator,
or disease, at broad scales, climate is still the ultimate determinant of the
species’ distribution.
There are a number of steps to be taken in the future to clarify how ecological traits influence species’ climate-distribution relationships. Firstly,
more SDMs are needed for some taxonomic groups, particularly invertebrates and herptiles. Secondly, we should strive to eliminate issues related
to species distribution modeling by using spatially/temporally independent
training and test datasets where possible (e.g.Beerling et al. 1995, Randin
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et al. 2006). Third, analyzing SDM prediction errors might help to shed
light on the mechanism driving the variation in species’ climate-distribution
relationships, especially in cases of poor fit (e.g. Hanspach et al., 2011). For
example, SDMs with more false negatives overall than false positives could
suggest that source-sink dynamics are important: even where conditions are
not favourable, individuals may still persist owing to a rescue effect, or temporal variation in conditions (Gaston, 2003; Pulliam, 2000). Alternatively,
models with greater rates of false positives might suggest that dispersal
limitation or interspecific interactions, such as competition, are limiting a
species’ distribution (Graham et al., 2010; Pulliam, 2000). Finally, exploring
spatial variation in model behaviour, for example testing model performance
in climatically heterogeneous regions or through patterns of spatial prediction errors (Hanspach et al., 2011), could also improve our understanding of
model performance and thus species’ climate-distribution relationships.

2.5.1

Conclusion

We found a statistically significant effect of membership in broad taxonomic
groups on SDM fit even after accounting for methodological issues, suggesting a role for ecological traits in determining the strength of species’
climate-distribution relationships. However, the study itself, the model type
used to build the SDM and species’ prevalence all had significant effects on
discrimination ability. Our results did not the support the hypothesis that
dispersal ability affects the strength of species’ climate-distribution relationships. However, more work is needed to determine which ecological traits
are important in determining the strength of this relationship, and at what
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spatial scale and taxonomic level they are manifested.
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Chapter 3

Predicting the sensitivity of
butterfly phenology to
temperature over the past
century using collection
records and ecological traits
3.1

Synopsis

Studies to date have documented substantial variation among species in the
degree to which phenology responds to temperature and changes over time,
but we have a limited understanding of the causes of such variation. Here,
we use a spatially and temporally extensive dataset to evaluate the usefulness of collection records in detecting broad-scale phenology-temperature
relationships and to test for systematic differences in the sensitivity of phenology to temperature (days/◦ C) of Canadian butterfly species according to
relevant ecological traits. We showed that the timing of flight season pre32

dictably responded to temperature both across space (variation in average
temperature from site to site in Canada) and across time (variation from
year to year within each individual site). This reveals that collection records,
a relatively unexploited resource, can be used to quantify broad-scale relationships between species’ phenology and temperature. The timing of the
flight season of earlier fliers and less mobile species was more sensitive to
temperature than later fliers and more mobile species, suggesting that ecological traits can account for some of the interspecific variation in species’
phenological sensitivity to temperature. Finally, we found that phenological
sensitivity to temperature differed across time and space implying that both
dimensions of temperature will be needed to translate species’ phenological
sensitivity to temperature into accurate predictions of species’ future phenological shifts. Given the widespread temperature sensitivity of flight season
timing, we can expect long-term temporal shifts with increased warming
(∼2.4 days/◦ C (0.18SE)) for many if not most butterfly species.

3.2

Introduction

The annual timing of vegetative and reproductive stages has been frequently
observed to shift in response to recent climate change (e.g. Menzel et al.,
2006; Parmesan, 2007; Thackeray et al., 2010). While many of these phenological events now occur earlier due to warmer temperatures, the direction and magnitude of these responses varies considerably (e.g. Both et al.,
2009; Primack et al., 2009; Thackeray et al., 2010). Several hypotheses may
explain interspecific variation in recent phenological shifts (Hodgson et al.
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2011;Diez et al. 2012). Most broadly, this variation could be a function of the
degree of temperature change experienced by the species and/or the strength
of the relationship between species phenology and temperature (i.e. their
sensitivity). Recent studies have documented substantial variation among
species in phenological sensitivity to temperature, even for single phenological phases (e.g. first flowering; Diez et al., 2012; Hodgson et al., 2011;
Wolkovich et al., 2012), yet little is known about the causes of this variation.
The sensitivity of a species’ phenology to temperature may be influenced
by the relative importance of other environmental cues (e.g. precipitation,
photoperiod, resource availability) and ecological traits linked to phenology.
Species vary widely in their ecological and life history strategies, although
little is known about the degree to which such traits might permit general predictions about the responsiveness of species’ phenology to changes
in temperature. For example, dispersal ability (ability of an organism or
its propagules to move among areas of suitable habitat) determines the potential to escape adverse consequences of temperature changes (Berg et al.,
2010; Watkinson & Gill, 2002), such that the phenology of species with
greater dispersal ability might be less sensitive to temperature. While ecological traits have recently been used to explore interspecific variation in
recent climate change-related shifts in phenology (e.g. Altermatt, 2010; Diamond et al., 2011), few have used ecological traits to predict the temperature
sensitivity of phenology (Huey et al., 2002; Hurlbert & Liang, 2012; Moussus et al., 2011). Here we test for systematic differences in the sensitivity
of butterfly species’ phenology (specifically the timing of their flight season)
to temperature across Canada in relation to relevant ecological strategies.
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Once quantified, phenological sensitivity to temperature can be used to
predict how species’ phenology will shift over time given continuing climate
change (Diez et al., 2012; Hodgson et al., 2011). This sensitivity to temperature can be quantified by relating phenology and temperature across
space (cold vs. warm sites) or across time at particular sites (cold vs. warm
years). In the context of climate change, species’ phenological shifts through
time are of particular interest, especially given potential impacts on species
interactions (e.g. Liu et al., 2011; Post et al., 2008; Tylianakis et al., 2008).
However, recent studies show that temperature can have different effects on
phenology across space vs. over time (e.g. Doi & Takahashi, 2008; Forkner
et al., 2008; Hodgson et al., 2011), likely because temperature and day length
(the two main cues of spring phenology) both vary geographically, but only
temperature varies from year to year. Moreover, the relative importance of
temperature is thought to vary with latitude, which may lead to variation
among populations in their phenological sensitivity to climate fluctuations
(Doi & Takahashi, 2008; Pau et al., 2011; Primack et al., 2009). Relatively
few studies have considered both components of temperature sensitivity in
phenology (Doi & Takahashi, 2008; Ellwood et al., 2012; Hodgson et al.,
2011; Rock et al., 1993). Isolating the temporal component of temperature
sensitivity from the spatial component should allow better predictions of
future phenological shifts.
Understanding interspecific variation in phenological sensitivity to temperature across both space and time requires long-term and broad-spatial
scale data, yet such data can be difficult to acquire. Detecting phenologytemperature relationships in short-term or local datasets can be challenging
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given inter-annual variations in weather or spatial variability in climate, respectively (Brown et al., 2011; Diez et al., 2012; Parmesan et al., 2011; Robbirt et al., 2011). An underutilized source of data with immense potential is
found in museum collections, where millions of dated and spatially referenced
specimens are available for species across the globe and over time periods
of decades to centuries. For plants, herbarium records have recently been
effectively used to document phenological changes over upwards of a century
in plant communities (e.g. Gallagher et al., 2009; Lavoie & Lachance, 2006;
Primack et al., 2004). However, relatively few studies have used collection
records to document similar phenological changes in animal taxa (but see
Bartomeus et al., 2011; Polgar et al., 2013) and none at a near-continental
scale. While collection records have their limitations (e.g. non-systematic
collecting, relatively less information in individual locations), they have the
potential to quantify species’ phenological responses to recent environmental
changes given their extensive coverage (Lavoie, 2013; Vellend et al., 2013).
In this study, we used the Canadian National Collection of Butterflies (Layberry et al., 1998), a spatially and temporally extensive dataset
(∼91,500 georeferenced records for 297 species for the past 139 years), to
pursue three main objectives: (i) to test whether phenological sensitivity
to temperature can be detected using collection records; and if so, (ii) to
compare this sensitivity across space (variation in average temperature from
site to site in Canada) and time (variation from year to year within each
individual site), and (iii) to test the ability of ecological traits, such as dispersal ability, to predict interspecific variation in the sensitivity of phenology
to temperature. We also evaluated whether the sensitivity of phenology to
36

temperature has led to detectable, directional trends in phenology over time.
We focused on the timing of the flight season as the phenophase of interest,
for which median collection date (for each species at each collection site) is
a rough proxy. First collection date was not used as its estimation is biased
by the intensity of collection efforts, which varied considerably across sites
and years.

3.3
3.3.1

Methods
Butterfly data

Our main data source was the Canadian National Collection of Butterflies
database (updated as of January 2011; Layberry et al., 1998), which includes ∼ 91,500 georeferenced (>80% of records to within 1 km) collection
records for 297 species dating from 1873 to present. Each collection record
includes a specimen preserved in one of 40 Canadian natural history collections: specimens were collected and identified initially by lepidopterists and
re-verified by Lepidopteran systematists (see Layberry et al., 1998). We supplemented the database with additional data for British Columbia, Alberta,
Yukon and Ontario from the Spencer Entomological Collection (University
of British Columbia) and the personal and professional collections of Canadian butterfly experts Syd Cannings, Cris Guppy, Ross Layberry, Norbert
Kondla and Jon Sheppard (all pers. comm.). Supplemental records without
associated geographic coordinates were georeferenced by R. Layberry using
their locality descriptions, GPS software (QuoVadis, http://www.quovadisgps.de), Google Earth and Google Maps. Only locations accurate to within
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2km were used. Nomenclature was standardized based on Pelham (2011).
Details on the combined database are presented in Appendix F.
To isolate the effect of spring temperature on the same years adult flight
season, we excluded all non-resident species in Canada (migratory, rare
strays etc.). We also restricted analyses to species for which there were
at least 10 records spread across a range of greater than 30 years. Therefore, our analysis included ∼48,000 georeferenced records for 204 species for
the past 139 years. Species varied in the total number of records (11-1475),
total number of years with data (4-113) and range of years (30-135) with
data.

3.3.2

Climate data

Daily

temperature

mate

Data

and

data

was

Information

extracted
Archive

from

the

National

(Environment

Cli-

Canada;

http://climate.weatheroffice.gc.ca) for weather stations across Canada
using only quality-controlled data (i.e. the most reliable data available).
For each butterfly collection record, weather data from the closest weather
station within 10km in any direction was taken. We used mean maximum
daily temperature for April 1 to June 30 as our estimate of temperature as
this was the time period that best predicted the timing of flight season (see
Appendix F for details on selection of seasonal block).

3.3.3

Analyses

The day of year of collection records was used to estimate the timing of
flight season for each species-site-year combination. We restricted analyses
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to the 204 species for which there were at least 10 records spread across a
range of ≥30 years. The analysis was divided into three sections. First,
we tested the sensitivity of species’ phenology (i.e. flight season timing)
to temporal and spatial dimensions of temperature. Next, we examined
whether ecological traits (Table F.2) could predict interspecific variation in
phenological sensitivity to spatial, temporal, and overall (based on actual
site-year temperature assigned to each specimen) temperature. Finally, we
tested for trends in flight season timing shifts over time. All statistical
analyses (see Appendix G for details) were performed using R 2.14.1 (Team,
2012).
As an estimate of flight season timing and to avoid pseudo-replication
within year, we calculated the median collection date for each species in
each location for each year.

We assumed that the specimens collected

represent unbiased samples from the adults flying in a given location and
year. While there are substantially more collection records in recent years
(since 1970; Figure F.1), this would only influence our estimate of shifts
in timing of flight seasons if people collected systematically earlier in
the year over the past forty years. However, there is no reason to think
that collectors would have systematically changed their sampling strategy,
especially across such broad scales.

If anything, we might expect an

underrepresentation of specimens collected during peak flight in especially
early or late years, thus making our tests conservative.

i) Testing phenological sensitivity to spatial and temporal temperature
Our objective was to quantify responses in the timing of flight season to
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spatial (variation in average temperature from site to site in Canada) and
temporal (variation from year to year within each individual site) dimensions
of temperature. To do so, we constructed a mixed-effects model for each
species with day of year as a function of two temperature variables (spatial
and temporal dimensions of temperature), and the year and weather station
associated with the specimen were included as random effects. The spatial
dimension of temperature was characterized by calculating the mean temperature across all years of data available for each weather station (i.e. site)
associated with a collection record. The temporal dimension of temperature
was characterized by calculating the difference between the temperature for
the site and year of a given specimen and the mean temperature for that site,
effectively estimating an inter-annual temperature differential at that site.
The two regression coefficients from this model were used to define phenological sensitivity to temperature with units of days/◦ C (hereafter referred
to as ’phenological sensitivity’); hereafter we use the terms ’phenological
sensitivity to spatial temperature’ and ’phenological sensitivity to temporal
temperature’ to refer to each coefficient. Therefore, we define sensitivity as
a measure of the potential of a species’ phenology to respond to temperature changes (a slope in days/◦ C) rather than as a measure of goodness of
fit (e.g., R2 ) or statistical significance of the relationship between phenology
and temperature. We tested for an interaction between the two temperature variables, potential nonlinear relationships in phenological sensitivity
and the presence of temporal autocorrelation in the mixed-effects model but
found no evidence of any of these potential issues for the majority of species
(>50%; see Appendix G for details).
40

We tested the prediction that average phenological sensitivity to temperature across species is negative (i.e. warmer temperatures leads to earlier
flight seasons) for most species using one-tailed one-sample t-tests, separately for spatial and temporal temperature. Where distributions of species’
phenological sensitivities did not meet assumptions of normality, we report
median values.
We then compared phenological sensitivity to spatial and temporal
temperature using two approaches. First, we tested whether there was a
significant difference in the mean slope of these two sensitivities using a
paired t-test. We then tested whether these sensitivities were correlated
across species using the Pearson correlation coefficient.

ii) Using ecological traits to predict phenological sensitivity to temperature
We tested the influence of individual ecological traits on phenological
sensitivity to spatial and temporal temperature. We first asked whether
traits could predict phenological sensitivity - regardless of direction (i.e.
warmer temperatures lead to earlier or later flight seasons) - by calculating
the absolute value of phenological sensitivity. Second, we restricted the
same analysis using only those species where warmer temperatures lead to
earlier flight seasons (i.e. negative sensitivity; 82-89% of species depending
on whether spatial or temporal temperature was considered). Since results
did not qualitatively change between these two approaches, results based
on all species are reported in the main text, and results for species with
negative sensitivities are in Table H.1. For each trait, we ran three separate
models predicting phenological sensitivity to spatial, temporal, and actual
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temperature (the actual site-year temperature assigned to each specimen;
hereafter referred to as ’overall’). For each model, the absolute value of
phenological sensitivity was calculated and then square root transformed
to meet the assumption of a normal error distribution. We recognize the
potential for committing a type I error with the large number of models
we tested. As such, our interpretations are based on the full set of results
rather than results from individual models.
We evaluated the predictive ability of eight ecological traits that described characteristics of species’ flight seasons, overwintering strategy, host
plant specialization, dispersal ability, and range size (Table F.2). These
traits were chosen because they may influence the sensitivity of the timing of flight season to temperature (Table F.2), and given data availability.
Specifically, we considered the following flight season attributes as ”traits”:
average number of generations across the species’ range, average length of
flight season across the species’ range and timing of flight season. Maximum
number of generations and maximum flight season length were not analyzed
as they were strongly correlated with average number of generations and
average flight season length (rho=0.9294, df=186; rho=0.9663, df=186, respectively). The number of generations and length of flight season were
compiled from Layberry et al. 1998. The timing of flight season initiation
was determined by taking the 5th quantile median collection date across all
records for each species. We also considered overwintering strategy as a
trait, with four categories: egg, larvae, chrysalis, adult (Klinkenberg, 2012;
Layberry et al., 1998; Opler et al., 2012).
Larval host plant breadth, mobility, wing length and range size were
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taken from Burke et al. (2011). Larval host plant breadth was classified as
monophagous (one host species), oligophagous (congeneric host species), or
polyphagous (host species in more than one genus). We used two estimates
of dispersal ability, mobility and wing length. Mobility estimates were based
on a survey of naturalists who ranked species from 0-10 (Burke et al., 2011).
Wing length is often used as a proxy for species-level dispersal rates in
biogeographic research. Average wingspan was measured as the distance
taken at the widest spread of forewings in mm. Range size (km2 ) was based
on species’ North American distributions. Where differences in traits were
given for subspecies, we took the average trait value (this only occurred for
3 species complexes: Anthocharis sara, Callophrys gryneus, Coenonympha
tullia).
Since traits of related taxa may be similar due to common ancestry
and therefore not statistically independent (Felsenstein, 1985; Harvey &
Pagel, 1991), we assessed whether a phylogenetic analysis was necessary by
comparing residuals from linear models to phylogenetically-adjusted linear
models (Revell, 2010, TableH.2,H.3,H.4). In order to account for potential
phylogenetic non-independence in our analyses, a molecular phylogenetic
tree of all species included in our study was constructed (Figure F.1; see
Appendix H for details). We report the results from the model (standard
linear or phylogenetically-corrected model) that best fit the data based on
AIC (Appendix H).

iii) Evaluating trends in phenology over time
To test for trends in flight season timing shifts over time, we evaluated
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two additional relationships for each species: (1) temperature as a function of
year for the set of locations and times at which there were collection records
for that species and (2) timing of flight season as a function of year (hereafter referred to as ’temporal phenological shift’ with units of days/year).
For both models, we included the identity of the closest weather station as
a random effect. We tested for nonlinear relationships and temporal autocorrelation, and then accounted for temporal autocorrelation appropriately
(see Appendix G for details). We tested the predictions that temperature
has increased and that the timing of flight season has advanced over time
using one tailed one sample t-tests. Where these distributions did not meet
assumptions of normality, we report median values.
In addition, using the regression coefficients from each analysis, we evaluated whether a species’ temporal phenological shift could be predicted by i)
the degree of temperature change for the set of locations and times at which
there were collection records for that species, ii) its phenological sensitivity
to spatial temperature and iii) its phenological sensitivity to temporal temperature. We used generalized least squares to test the significance of these
relationships (for details on analysis see Appendix G). Finally, to determine
whether the precision of our estimate of flight season timing influenced our
ability to detect phenological trends through time, we limited the analysis
of temporal phenological shifts to those species with relatively shorter flight
seasons (<2 months) and single generations each year (n=122 species).
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3.4
3.4.1

Results
Testing phenological sensitivity to spatial and
temporal temperature

The timing of Canadian butterfly species’ flight seasons responded predictably to temperature. On average, the timing of flight seasons was significantly earlier across species in warmer years (-2.38 days/◦ C (0.18SE),
t203 =-13.60, p<0.0001; Figure 3.1a) and warmer locations (-1.50 days/◦ C
(0.19SE), s203 =36, p<0.0001; Figure 3.1b). Negative slopes were found for
89% and 82% of species (n=204), and 58 % and 42% of all slopes were
significantly negative for phenological sensitivity to temporal and spatial
temperature, respectively (Figure 3.1ab).
Flight season timing responded differently to spatial and temporal
dimensions of temperature.

There was a significant difference between

phenological sensitivity to spatial and temporal temperature (t203 =3.37,
p=0.00092), where mean sensitivity to temporal temperature was greater
than mean sensitivity to spatial temperature by 0.84 days/◦ C (0.25SE).
Moreover, species’ phenological sensitivities to spatial and temporal temperature were not correlated (r=0.053, t202 =0.75, p=0.45; Figure 3.2). Therefore, a species’ flight season timing might have been strongly related to
temperature through space but not time, and vice versa (Figure 3.2).
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3.4.2

Using ecological traits to predict phenological
sensitivity to temperature

As predicted, earlier-season and less mobile species had stronger phenological sensitivity to temperature than later-season and more mobile species
(Table 3.1; Figure 3.3cd). However, these traits explained only a modest
amount of variation (Figure 3.3cd) and were only significant when phenological sensitivity was evaluated with spatial temperature (Table 3.1). None
of the other traits had any impact on the sensitivity of phenology to temperature (Table 3.1).

3.4.3

Evaluating trends in phenology over time

Temporal phenological shifts were much weaker than phenological sensitivity to temperature. For species with shorter flight seasons and a single
generation per year, we detected phenological trends through time: the
mean change across species in the timing of flight seasons through time
was marginally significantly less than zero (-0.19 days/decade (0.12SE),
t120 =-1.62, p=0.054). However, we detected a much weaker advancement
in the timing of flight season across all species over the past century (-0.048
days/decade (0.12SE), t203 =-0.40, p=0.35; Figure 3.1c).
While spring temperatures have increased on average for the sets of locations and times for which there were collection records (0.0090 ◦ C/year
(0.0012SE), t203 =7.69, p<0.0001), species have experienced widely different magnitudes and even directions of temperature change (Figure 3.1d).
Across species, greater temporal phenological shifts were associated with
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sites where temperature changes have been greatest (-3.55 days/◦ C (0.58SE),
LRT3,2 =34.66, p<0.0001). Temporal phenological shifts were not significantly related to phenological sensitivity to spatial (LRT3,2 =0.011, p=0.92)
or temporal (LRT3,2 =1.88, p=0.17) temperature.
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Table 3.1: The relationship between species’ ecological traits and phenological sensitivity to temperature.
Phenological sensitivity to overall, spatial and temporal temperature were analyzed separately. Shown is the
best model for each trait based on phylogenetic and non-phylogenetic models (see Table H.2,H.3,H.4 for model
comparison). ’Brownian’ and ’Pagel’ represent common branch length transformations in phylogenetic models
and ’GLS’ represents a non-phylogenetic model. The response variable is the square root of the absolute value
of phenological sensitivity to temperature as defined in the main text. Range size was square-root transformed,
and average flight season length and wingspan were log-transformed.’*’ means F value.
Trait

Dimension of phenological sensitivity

Best
model

Transformation Coefficient (SE)
parameter

df

LRT

Average number
of
generations
(residual df=202)

Overall

GLS

NA

-0.028 (0.044)

1

0.41* 0.52

Temporal
Spatial
Overall

Brownian NA
Pagel
λ=0.15
GLS
NA

0.061 (0.0097)
-0.087 (0.053)
-0.054 (0.066)

1
1
3,2

1.80* 0.18
2.72* 0.1
0.68 0.41

Temporal
Spatial
Overall

GLS
Pagel
Pagel

NA
λ=0.14
λ=0.102

-0.021 (0.070)
-0.034 (0.082)
-0.0037(0.0014)

3,2
4,3
5,4

0.093 0.76
0.18 0.67
6.72 0.0095

Temporal

Pagel

λ=-0.00024

-0.002 (0.0013)
5,4 2.18 0.14
Continued on next page

Average
length
of flight season
(residual df=202)

Timing of flight
season (residual
df=202)

p
value
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Trait

Mobility (residual
df=198)

Larval
host
breadth (residual
df=188)

Range size (residual df=166)

Wingspan (residual df=195)

Overwintering
(residual df=187)

Dimension of phenological sensitivity
Spatial
Overall

Best
model

Transformation Coefficient (SE)
parameter

df

LRT

p
value

Pagel
GLS

λ=0.17
NA

-0.0039 (0.0018)
-0.064 (0.025)

5,4
4,3

4.7
6.47

0.03
0.011

Temporal
Spatial
Overall

GLS
GLS
GLS

NA
NA
NA

-0.039 (0.028)
-0.073 (0.031)
0.040 (0.063)

4,3
4,3
4,3

1.95 0.16
5.48 0.019
0.405 0.53

Temporal
Spatial
Overall

GLS
GLS
GLS

NA
NA
NA

0.023 (0.062)
-0.079 (0.076)
-3.04e-5 (7.4e-5)

4,3
4,3
3,2

0.13
1.09
0.17

0.71
0.3
0.68

Temporal

GLS

NA

3,2

0.73

0.39

Spatial

GLS

NA

3,2

2.18

0.14

Overall

GLS

NA

-6.7e10-5
(7.89e10-5)
-1.33e10-4
(9.0e10-5)
-0.16 (0.101)

3,2

2.42

0.12

Temporal
Spatial
Overall

GLS
GLS
GLS

NA
NA
NA

-0.089 (0.11)
-0.14 (0.12)
-0.0019 (0.049)

3,2
3,2
3,2
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0.69 0.41
1.35 0.25
1.60E- 0.99
05
Continued on next page

Trait

Dimension of phenological sensitivity
Temporal
Spatial

Best
model

Transformation Coefficient (SE)
parameter

df

LRT

p
value

GLS
GLS

NA
NA

3,2
3,2

0.56
0.26

0.45
0.61

0.039 (0.052)
-0.030 (0.060)
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3.5

Discussion

Museum collections for animal taxa have rarely been used to test for
phenology-climate relationships (but see Bartomeus et al., 2011; Polgar
et al., 2013). Our analysis revealed that collection records for butterflies can
be used to detect broad-scale relationships between phenology and climate,
an important goal for global change biology given potential consequences
of phenological shifts for trophic interactions and ecosystem services (Pau
et al., 2011). We showed that the timing of flight season predictably responded to temporal and spatial dimensions of temperature across Canada
(Figure 3.1). The cross-species average degree of phenological sensitivity to
temporal temperature (-2.38 days/◦ C (0.18SE)) is within the range reported
for other butterfly species based on the dates of first appearance and peak
flight (-11.8 to 8.5 days/◦ C; Dell et al., 2005; Ellwood et al., 2012; Polgar
et al., 2013; Roy & Sparks, 2000; Sparks & Yates, 1997; Stefanescu et al.,
2003). Therefore, collection records can provide critical historical long-term
series and broad spatial coverage for detecting species’ phenological sensitivity to temperature.
Studies to date have documented considerable variation among species
in the degree to which phenology responds to temperature and changes
over time (e.g. Diez et al., 2012; Hodgson et al., 2011; Wolkovich et al.,
2012), but we have a limited understanding of the causes of such variation.
Here we show that ecological traits can explain significant variation among
species in their phenological sensitivity to temperature (also Hurlbert &
Liang, 2012; Moussus et al., 2011). Specifically, species with earlier flight
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Figure 3.1: Distribution of slope values across 204 butterfly species for phenological sensitivity to temporal (a) (-2.38 days/◦ C (0.18SE), t203 =-13.60,
p<0.0001) and spatial (b) (-1.50 days/◦ C (0.19SE), s203 =36, p<0.0001)
temperature, temporal phenological shifts (c) (-0.0048 days/year (0.012SE),
t203 =-0.40, p=0.35), and the degree of temperature change for the set of locations and times at which there were collection records (d) (0.0090 ◦ C/year
(0.0012SE), t203 =7.69, p<0.0001). The arrow represents the mean slope
across species and a slope of zero is represented by a solid line (superimposed in c).
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Figure 3.2: Relationship between phenological sensitivity to spatial and temporal temperature (days/◦ C) across species. The solid line represents the
Pearson correlation (r=0.053, t202 =0.75, p=0.45).
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Figure 3.3: The sensitivity of flight season timing (doy: day of year) to
spatial variation in temperature (◦ C) for (a)Erora laeta, a species with low
mobility (mean mobility index=2.5; lme: -6.82 days/◦ C (1.99SE), n=12), (b)
Vanessa annabella, a species with high mobility (mean mobility index=7.67;
lme: -0.15 days/◦ C (3.14.SE), n=73) and across species (days/◦ C) as a
function of (c) the timing of flight season (-0.0039 (0.0018SE), n=203; PGLS:
LRT5,4 =4.70, p=0.030) and (d) mobility index (-0.073 (0.031SE), n=199;
GLS: LRT5,4 =5.48, p=0.019). Shown is the predicted slope with a 95%
confidence interval.
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seasons and lower dispersal ability appear more sensitive to temperature
than species with later flight seasons and greater dispersal ability (Figure
3.3). Earlier fliers may be more sensitive to temperature (e.g. Anthocharis
sara) because spring temperature is generally more variable across years
than summer temperature and there is a greater likelihood of spring frost
in temperate regions than other areas (Cook et al., 2012; Inouye, 2000),
leading to potentially heavier fitness costs of mis-timing flight seasons than
it would be for later fliers (e.g. Hesperia leonardus) (Pau et al., 2011).
The timing of flight seasons for species with greater dispersal ability (e.g.
Vanessa annabella) are likely to be less sensitive to temperature than weak
dispersers (e.g. Erora laeta) because they are better able to track suitable
climatic conditions (e.g. finding microsites where food is available) and/or
have reduced local temperature adaptation, and are thus less responsive
to broad-scale climate (Figure 3.3; Diamond et al., 2011; Doligez & Pärt,
2008). These results are consistent with other studies that have found that
insect species that emerge earlier in the year have advanced their phenology
to a greater degree (e.g. Altermatt, 2010; Bartomeus et al., 2011; Diamond
et al., 2011; Hassall et al., 2007). However, other studies have not found that
mobility is predictive of phenological shifts through time (Diamond et al.,
2011; Sparks et al., 2006). These discrepancies could be a result of the
difficulties in measuring mobility or that previous studies related mobility
to temporal phenological shifts (Diamond et al., 2011) rather than directly
to temperature sensitivity as we have done here.
Most generally, our results reinforce the conclusions from recent studies
showing that traits can predict species’ responses to climate change (Al55

termatt 2010;Angert et al. 2011; Diamond et al. 2011) with two potential
provisos. First, traits in our analysis explained only a modest amount of
variation in phenological sensitivity to temperature (Figure 3.3) indicating
a limited ability of traits to predict species responses to climate change
(Angert et al., 2011; Buckley & Kingsolver, 2012). In some cases, evaluating the usefulness of traits will require better quantitative estimates of
inherently difficult traits to measure, such as dispersal ability and ecological
specialization. Second, these traits only influenced phenological sensitivity
to spatial temperature implying that these traits are likely mediating the
relationship between phenology, multiple cues, and local adaptation. It remains unclear whether the low predictive power of traits we observed here is
the result of poor knowledge of species life histories, drawbacks of the traits
themselves or a lack of understanding of the processes underlying these responses (Angert et al., 2011; Buckley & Kingsolver, 2012).
Interspecific variation in phenological sensitivity to temperature may
have important consequences for understanding and predicting variation in
future population trends. This sensitivity has recently been used as an indicator to predict species’ vulnerability to future climate change (Cleland
et al., 2012; Willis et al., 2008). For example, plant species in New England whose flowering-time was not responsive to temperature have greatly
decreased in abundance over the past 150 years (Willis et al., 2008). One
might also expect negative fitness consequences for those species that are
highly sensitive to temperature, regardless of direction (delayed or advanced
flight seasons with warming temperatures over time). A substantial advance
or delay in the timing of a flight season could shorten the length of an in56

dividual’s flight season, affecting their ability to acquire resources, lead to
potential phenological mismatches with their host plants, and increase exposure to stressful abiotic conditions (Lane et al., 2012; Miller-Rushing et al.,
2010).
Predicting these ecological consequences will require translating our understanding of phenological sensitivity to temperature into accurate forecasts of species’ phenological shifts through time. In this study, the sensitivity of butterfly phenology to temperature differed across time and space
(Figure 3.2). Therefore, a species’ flight season timing might have been
strongly related to temperature through time but not space, and vice versa.
This finding has two implications for predicting temporal phenological shifts.
First, accurately predicting species’ phenological shifts through time will require isolating temporal from spatial dimensions of temperature since they
have different effects on phenology. Therefore, space-for-time substitutions
are unlikely to work in predicting species’ phenological responses to climate
change (Illan et al., 2012) and thus historical data are required to make future predictions. Second, butterflies are likely not simply responding physiologically to temperature. Instead, the timing of flight seasons for many
butterfly species is also likely being influenced by local adaptation and/or
spatially fixed cues such as day length (Hodgson et al., 2011). These results
are consistent with recent studies that show a combination of cues may determine the flight periods of different species of Lepidoptera (Hodgson et al.,
2011; Valtonen et al., 2011). Therefore, quantifying the relative importance
of different cues and local adaptation on phenology, and taking into account
the sensitivity of phenology to spatio-temporal dimensions of temperature
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will be critical for making better predictions of phenological responses to
climate change.
The sensitivity of species’ flight season timing to temperature only translated into shifts in flight season phenology through time for a subset of
species: those with shorter flight seasons and a single generation (59% of
species). While most evidence suggests that species have been recently advancing their reproductive or vegetative phenologies (e.g. Parmesan, 2007),
such a signal was unlikely to be found here given the substantial noise common in collection records (Robbirt et al., 2011) and in this database (e.g.
single records as estimates of phenology, variation in the degree of temperature change and phenological sensitivity to temperature). Our estimate of
the timing of flight season was imprecise as we only had a single observation
in each year for the majority of species-site combinations, thus contributing
to inter-annual variation in phenology and making it difficult to detect a consistent advancement in phenology over time. Temporal phenological shifts
were greater not only in species for which the precision of the estimate of
the flight season timing was greatest (short flight season, single generation),
but also when the degree of temperature change across a species’ range was
greater. Therefore, on average, we suspect that past increases in temperature were not large or consistent enough, relative to inter-annual variation,
to allow detection of directional shifts in the timing of flight seasons for many
species, and that some species simply have not shifted the timing of their
flight seasons because this phenological phase is not responsive to temperature. However, the clear sensitivity of flight season timing to temperature
suggests that with increased warming, future temporal shifts are likely for
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many if not most species. Such shifts could lead to fitness consequences
(Lane et al., 2012; Willis et al., 2008) and to shifts in the relative timing of
life cycle events of closely interacting species (Both et al., 2006; Post et al.,
2008).

3.5.1

Conclusions

Museum collection records, an under-exploited source of phenological data,
can provide a critical resource to explore broad-scale relationships between
phenology and temperature. However, collection records are likely to be
less applicable to i) making precise estimates of species-specific phenologyclimate relationships, unless there is exceptionally good spatial-temporal
coverage for a given species, and ii) to detecting temporal trends in species’
phenology for species with extended flight seasons and multiple generations.
Our results suggest that ecological traits can help account for interspecific
variation in species’ phenological sensitivity to temperature. Finally, isolating the temporal-spatial dimensions of temperature sensitivity of phenology
will be critical in accurately predicting species’ phenological responses to
future climate change. It remains uncertain, however, to what degree local adaptation and day length, among other factors, interact to modify the
timing of butterfly flight seasons.
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Chapter 4

Evaluating differences in
phenological sensitivity to
temperature between
butterflies and their nectar
food plants using museum
and herbarium specimens
4.1

Synopsis

Variation among species in their phenological responses to climate change
suggests that shifts in the relative timing of interacting species are likely to
occur. However, the expected magnitude and direction of these shifts for
most interactions is unknown. Here, we use collection records of butterflies and their nectar food plants to compare their phenological sensitivity
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to temperature (days/◦ C) and estimate the magnitude of potential phenological shifts that could influence the synchrony between these groups of
organisms. We also evaluate whether butterfly ecological specialization affects the difference in phenological sensitivities between these plants and
butterflies to temperature. On average, the phenology of both butterflies
and plants advanced in response to warmer temperatures. For pair-wise
butterfly-nectar food plant interactions, we found that plant phenology was
more sensitive to temperature than butterfly phenology, suggesting that
shifts in phenological synchrony for plant-insect interactions with climate
warming are likely. Substantial interspecific variation in phenological sensitivity to temperature occurred for plants and for most plant species, this
sensitivity differed across space and time (i.e. species’ timing of flowering
might have been strongly related to temperature through space (cold vs.
warm sites) but not through time at particular sites (cold vs. warm years)).
This suggests the additional importance of non-temperature cues and/or
local adaptation for many species. Finally, we found no significant differences in phenological sensitivity to temperature between butterfly specialists
and generalists. Nevertheless, specialists are likely to be more vulnerable to
those shifts in synchrony than generalists since they are dependent on the
phenology of fewer plant species.

4.2

Introduction

Phenological shifts in response to recent climate change have been reported
from many different taxonomic groups (e.g. Menzel et al. 2006; Parmesan
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2007; Roy & Sparks 2000). While the most commonly reported phenological response has been advancement in seasonal timing, substantial variation
within and across taxonomic groups has occurred (Both et al., 2009; Parmesan, 2007; Thackeray et al., 2010). One of the potential consequences of
this variation is a shift in the relative timing of life cycle events of closely
interacting species (phenological synchrony). Altered timing of ecological
interactions could be disruptive given the potential for fitness consequences
(Both et al., 2006; Klapwijk et al., 2010; Liu et al., 2011; Post et al., 2008).
For example, changes to plant-insect interactions could influence pest outbreaks and mediate pollination services (Bentz et al., 2010; Burkle et al.,
2013; Dukes et al., 2009; Hegland et al., 2009). However, little is known
about the magnitude and direction of shifts in phenological synchrony under climate change and how sensitive ecological interactions are to these
shifts.
Here, we used ≥ 100 years of butterfly collection records and plant
herbarium specimens to compare the sensitivity of phenology to temperature of two interacting trophic groups across British Columbia, Canada,
a climatically heterogeneous region. Despite their limitations (e.g. nonsystematic collecting, relatively less information in individual locations), collection records have recently been used to document phenological responses
to climate change (e.g. Bartomeus et al., 2011; Gallagher et al., 2009; Polgar
et al., 2013; Primack et al., 2004, Chapter 3) and they facilitate a broadscale comparative approach to phenological research (Vellend et al., 2013).
Understanding whether interacting taxa have different sensitivities to the
same abiotic cue can help estimate the magnitude of potential shifts in phe62

nological synchrony in response to climate change for interacting species.
Therefore, we used differences in phenological sensitivity to temperature,
as indicated by the date of collection, between butterflies and plants used
as nectar food plants to quantify potential shifts in synchrony over time.
Since temperature can have different effects on phenology across space vs.
over time (e.g. Doi & Takahashi, 2008; Forkner et al., 2008; Hodgson et al.,
2011) and we are particularly interested in predicting species’ phenological
shifts through time to estimate shifts in phenological synchrony, we quantified temperature sensitivity by relating phenology and temperature across
both space (variation in average temperature from site to site in Canada)
and across time at particular sites (variation from year to year within each
individual site).
Temperature is thought to be the most consistent and dominant controller of spring plant and insect phenology (Bale et al., 2002; Hodgson
et al., 2011; Pau et al., 2011; Wolkovich et al., 2012). However, within taxonomic groups, there can be substantial interspecific variation in phenological
sensitivities to temperature (Chapter 3; Diez et al., 2012; Hodgson et al.,
2011; Primack et al., 2009; Wolkovich et al., 2012), suggesting there is likely
to be variation across taxonomic or trophic groups, thus increasing the potential for shifts in phenological synchrony. While a relatively small number
of studies have compared the temperature sensitivity of phenology for different trophic levels (Cook et al., 2008; Doi et al., 2008; Forrest & Thomson,
2011; Gordo & Sanz, 2005; Huey et al., 2002; Primack et al., 2009), to our
knowledge, no study has compared the sensitivity across many interacting
species.
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At present, it is difficult to make general predictions about the differences
in butterfly-plant phenological sensitivities to temperature, and thus, the
magnitude of shifts in phenological synchrony. Most studies have found that
plants have greater phenological sensitivity to temperature than animal taxa
(Cook et al. 2008; Doi et al. 2008; Forrest & Thomson 2011; Huey et al. 2002;
Primack et al. 2009, but see Gordo & Sanz 2005), suggesting that mobility
constraints might be an important mechanism. Plant phenology could be
more sensitive to temperature than animal phenology (for mobile life history
stages) because individual plants are sessile, such that they cannot modulate
the warming they experience by moving among microhabitats, thus increasing the adaptive advantage of phenological plasticity (Huey et al., 2002;
Thackeray et al., 2010). However, some studies have documented greater
phenological shifts over time for insects relative to plants (Parmesan, 2007;
Visser & Holleman, 2001) and others have found no difference (Bartomeus
et al., 2011; Polgar et al., 2013). While these studies did not measure temperature sensitivity of phenology directly, their results suggest that metabolic
constraints, rather than mobility, could be an important mechanism. As a
result of differences in metabolic complexes (respiration-limited metabolism
vs. photosynthesis-limited metabolism), the metabolism and abundance of
heterotrophs appears to be more sensitive to nonlethal temperature shifts
than autotrophs (Allen et al., 2005; O’Connor et al., 2011). Therefore, insect phenology could be more sensitive to temperature than plants due to
metabolic differences.
Interaction strength, the degree to which one species’ survival or reproduction is limited by the other species or factors involved in the interaction,
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should be a predictor of the extent to which a species’ fitness is affected by
a shift in phenological synchrony (EncinasViso et al., 2012; Miller-Rushing
et al., 2010). Since data on interaction strengths are quite rare, ecological
specialization can be used as a rough proxy. For example, Lepidopteran
species with a broader diet breadth are less dependent on individual host
plant species and are thus better able to spatially track suitable abiotic conditions and resource availability (Altermatt, 2010; Diamond et al., 2011).
As such, the phenology of generalists is likely to be less dependent on the
phenology of particular plant species, provided there is adequate variation
in the phenology of their nectar food plants and that abundances and geographic distributions of nectar food plants are similar among specialists and
generalists, and less sensitive to temperature (Miller-Rushing et al., 2010;
Visser & Both, 2005). Therefore, there should be a difference in phenological sensitivity to temperature between generalists and specialists, leading to
differences in potential shifts in phenological synchrony. Indeed, butterfly
generalists have recently experienced relatively smaller temporal advances in
phenology than species with a narrower larval diet breadth (Altermatt, 2010;
Diamond et al., 2011), suggesting this trait might be useful in identifying
species that are especially sensitive to shifts in phenological synchrony.
In this study of butterflies and plants in British Columbia, we focused
on the timing of the flowering season and the timing of the flight season as
the two phenological phases of interest given our use of collection records.
We had three main objectives: (i) to compare the phenological sensitivity to
temperature of adult butterflies and plants used as nectar food plants; ii) to
determine whether this sensitivity differed across space and time for these
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taxa; and (iii) to evaluate the influence of butterfly ecological specialization
on butterfly phenological sensitivities to temperature and butterfly-plant differences in sensitivity. We also evaluated whether the sensitivity of species’
phenology to temperature has been translated into detectable, directional
trends in phenology over time.

4.3
4.3.1

Methods
Butterfly data

Our main data source for butterflies was the Canadian National Collection
of Butterflies database (Layberry et al., 1998, updated as of January 2011),
which includes ∼16,000 georeferenced (>80% of records to within 1 km)
collection records for 187 species in British Columbia dating from the late
19th century to the present. Each collection record includes a specimen
preserved in one of 40 Canadian natural history collections: specimens were
collected and identified initially by lepidopterists and re-verified by Lepidopteran systematists (see Layberry et al., 1998). We supplemented the
database with additional data (∼59,500 records) from the Spencer Entomological Collection (University of British Columbia) and the personal and
professional collections of Canadian butterfly experts Syd Cannings, Cris
Guppy, Ross Layberry, Norbert Kondla and Jon Sheppard (all pers. comm.).
Supplemental records without associated geographic coordinates were georeferenced by R. Layberry using their locality descriptions, GPS software
(QuoVadis, http://www.quovadis-gps.de/), Google Earth and Google Maps.
Only locations accurate to within 2km were used. Nomenclature was stan66

dardized based on Pelham (2011).
To avoid pseudo-replication, duplicate records of a species on a particular day at a specific location (within ∼2km) were considered a single record.
We worked at the species level so records identified only to genus level or
hybrids were not used and sub-species were grouped to the species level.
Based on previous tests of sampling bias (Bedford et al., 2012), we removed
species suspected of having large geographical collection biases (large areas of severe undersampling): Plebejus glandon, Boloria chariclae, Boloria
frigga, Lycaena phlaeas, and Oeneis melissa. To avoid including erroneous
records, we eliminated records representing unique location-year combinations with recorded collection dates in December, January, or February on
days that had a daily maximum temperature less than 10◦ C (there were 12
such records). We assumed that these dates were incorrect as none of the
species in our database are known to be in flight during those months (Layberry et al., 1998). To isolate the effect of spring temperature on the same
year’s adult flight season, we excluded all non-resident species in British
Columbia (migratory, rare strays etc.). Only collection records with matching weather station data (see description below) were included. Finally,
we restricted analyses to species for which there were at least 10 collection
records spread across a range of ≥30 years. In total, there were 14,629 butterfly records specimens of 122 species that met our criteria. Sample size per
species ranged from 12 to 475 records (median 89.5) that covered a median
of 102.5 years.
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4.3.2

Plant data

For plants, we focused on species that are known to be or are potential
nectar sources for adult butterflies found in British Columbia. Plant species
were chosen by examining lists of adult nectar food plants in butterfly atlases
(Guppy & Shepard, 2001; Opler et al., 2012; Pyle, 2002, EH Strickland Entomological Collection: http://entomology.museums.ualberta.ca/index.html,
Insects of Alberta:

http://www.insectsofalberta.com).

genus or species assemblage (e.g.

Where only a

thistles) was specified, E-Flora BC

(http://www.geog.ubc.ca/biodiversity/eflora/) was consulted to determine
which species of the genus were present in British Columbia. Both exotic and
native species were included. We compiled an initial list of 578 plant species
in British Columbia that could be used by butterflies for nectar sources.
Herbarium records were compiled from the University of British
Columbia (UBC) herbarium, the largest collection of plant specimens in
Western Canada. We checked each specimen for the presence of flowers and
used only these specimens in our analyses. As for butterflies, specimens
identified only to genus level or hybrids were not used and sub-species were
grouped to the species level. For 330 of 578 species, we found at least one
specimen that was in flower at the time of collection. Specimens with no
date of collection or locality description were not included. To avoid pseudoreplication, duplicate records of a species on a particular day at a specific
location were considered a single record. About half of the specimens had
no geographic coordinates associated with them. Therefore, these records
were georeferenced based on locality descriptions associated with the speci-
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men using Biogeomancer (http://bg.berkeley.edu/latest/) and Google Maps.
We excluded records with >10km uncertainty (i.e. those coordinates only
accurate to a single decimal degree or where uncertainty was explicitly calculated based on the detail included in the locality description). This data
set included 4689 georeferenced records from 289 plant species. However,
we restricted records to only those with matching weather station data (see
section below) and analyses to species for which there were at least 10 collection records spread across a range of ≥30 years. In the final dataset, there
were 2100 records of 60 plant species with 11-58 records each (median=16)
covering an average of 75.3 years.
Of the plant species, 87% (52/60) were herbaceous and 13% were shrubs.
Twenty-four families were represented with the most common being Asteraceae, Fabaceae and Apiaceae (25%, 13%, 8%, respectively). Most of the
species were perennial (73%), 12% were annual and the duration of life cycle
for the rest reflects a combination of strategies (e.g. annual and biennial).

4.3.3

Climate data

Daily

temperature

mate

Data

and

data

was

Information

extracted
Archive

from

the

National

(Environment

Cli-

Canada;

http://climate.weatheroffice.gc.ca) for weather stations across British
Columbia using only data that was quality-controlled (i.e., the most
reliable data available). For each butterfly collection record and herbarium
specimen, weather data from the closest weather station within 10km in
any direction was taken. As our estimate of temperature for plants, we
used mean daily temperature for March 1 to May 31. For butterflies we
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used mean daily temperature for May 1 to July 31. These variables were
the best predictors of flowering season and flight season timing, respectively
(see Appendix I for details on selection of seasonal block).

4.3.4

Statistical analysis

The day of year of collection records was used to estimate the flowering and
flight season timing for each species-site-year combination. The analysis was
divided into three sections. First, we tested the sensitivity of phenology to
temporal and spatial dimensions of temperature. Next, we tested for trends
in phenology over time. Finally, we compared the phenological sensitivity
to temperature of butterflies and plants by taking two approaches: a broad
comparison between the two sets of species and one focusing on pair-wise
butterfly-plant interactions.
As an estimate of flowering and flight season timing and to avoid pseudoreplication within years, we calculated the median collection date for each
species in each location for each year. The majority of locations had a single specimen per year per species (71% of butterfly specimens and >97%
of herbarium specimens). We assumed that the specimens collected represent unbiased samples from the individuals flowering and flying in a given
location and year. While there are substantially more collection records in
recent years (since 1970), this would only influence our estimate of shifts
in the timing of flowering and flight seasons if people collected systematically earlier in the year over the past forty years. However, there is no
reason to think that collectors systematically changed their sampling strategy, especially across such broad scales. If anything, we might expect an
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underrepresentation of specimens collected during peak flowering or flight
in especially early or late years, thus making our tests conservative. Mean
overall day of flowering was 175.9 (25 June; 0.93SE) and mean overall day
of flight was 178.3 (27 June; 0.32SE).
We used linear mixed-effects models (’nlme’ package in R (Pinheiro et al.,
2012) and lmer; ’lme4’ package in R (Bates et al., 2011)) to test phenological
sensitivity to temperature, and the degree of temperature change and phenological shifts over time. All models were fitted using restricted maximum
likelihood (REML) which handles correlated error structures, unbalanced
designs and gives less biased variance estimates than the method of maximum likelihood (Pinheiro & Bates, 2000). Likelihood ratio tests were used
for model comparison and AIC was used for model selection following Burnham & Anderson (2002). If sample size was less than 40, AICc (AIC corrected for small sample size) was used. We judged significant improvement
in model fit when AIC or AICc improved by greater than two (Burnham &
Anderson, 2002).
We evaluated the assumptions of all parametric tests and used nonparametric tests where assumptions were not met. All statistical analyses
were performed using R 2.14.1 (Team, 2012).

i) Testing phenological sensitivity to spatial and temporal temperature
Our objective was to quantify responses in the timing of flowering and
flight seasons to spatial (cold vs. warm sites) and temporal (across time
at particular sites (cold vs. warm years)) dimensions of temperature. To
do so, we constructed a mixed-effects model for each species with day of
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year as a function of two temperature variables (spatial and temporal dimensions of temperature), and the year and weather station associated with
the specimen were included as random effects. The spatial dimension of
temperature was characterized by calculating the mean temperature across
all years of data available for each weather station (i.e., site). The temporal
dimension of temperature was characterized by calculating the difference
between the temperature for the site and year of a given specimen and the
mean temperature for that site, effectively estimating an inter-annual temperature differential at that site. The two regression coefficients from this
model were used to define phenological sensitivity to temperature with units
of days/◦ C (hereafter referred to as ’phenological sensitivity’); hereafter we
use the terms ’phenological sensitivity to spatial temperature’ and ’phenological sensitivity to temporal temperature’ to refer to each coefficient.
Therefore, we define sensitivity as a measure of the potential of a species’
phenology to respond to temperature changes (a slope in days/◦ C) rather
than as a measure of goodness of fit (e.g., R2 ) or statistical significance of
the relationship between phenology and temperature. We tested for potential nonlinear relationships and the presence of temporal autocorrelation but
found no evidence of either in the majority of species (>50%; see Appendix
I for details).
We tested the prediction that average phenological sensitivity to temperature across species is negative (i.e. warmer temperatures leads to earlier
flight seasons) for most species using one-tailed one-sample t-tests, separately for spatial and temporal temperature. Where distributions of species’
phenological sensitivities did not meet assumptions of normality, we report
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median values.
We then compared phenological sensitivity to spatial and temporal temperature using two approaches. First, we tested whether there was a significant difference in the mean slope of these two sensitivities using a paired
t-test. We then tested whether these sensitivities were correlated across
species using the Pearson correlation coefficient.
Finally, to evaluate the effect of butterfly ecological specialization on the
temperature sensitivity of the timing of flight season, we compared butterfly
specialists and generalists in their phenological sensitivity to both dimensions of temperature using a two-tailed two-sample t-test. Butterflies were
categorized as specialists if they use a single plant family for nectar as adults
(n=25) and generalists if they use more than one plant family for nectar
(n=56). Only families and genera found in British Columbia were counted.
Larval host plant preference was not considered because phenological information was not available at this scale for the larval stages of the butterfly or
for the plant (e.g. budburst). Nectar plant use was not known for all adult
butterflies in the database and some adult butterflies do not use nectar as a
food resource. Therefore, this analysis was restricted to 81 butterfly species.

ii) Evaluating phenological shifts over time
To test for trends in flowering and flight season timing shifts over time,
we evaluated two additional relationships for each species: (1) temperature
as a function of year for the set of locations and times at which there
were collection records for that species and (2) timing of flowering or flight
season as a function of year (hereafter referred to as ’temporal phenological
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shift’ with units of days/year). For both models, we included the identity
of the closest weather station as a random effect. We tested for potential
nonlinear relationships and the presence of temporal autocorrelation but
found no evidence of either in the majority of species (>50%; see Appendix
I for details). We tested the predictions that temperature has increased
and that the timing of flowering and flight season has advanced over time
using one tailed one sample t-tests. Where these distributions did not meet
assumptions of normality, we report median values.

iii) Butterfly-plant comparisons
To compare the phenological sensitivity to temperature of butterflies
vs. plants, we took two approaches. First, we compared the central tendency of both groups using a two-tailed two-sample t-test. All butterflies
were included in this comparison, regardless of whether their adult nectar
plant preference was identified. We also considered the effect of any outliers
given preliminary analyses, which suggested the presence and influence of
outlier species on butterfly-plant differences in phenological sensitivity to
temperature. Second, we evaluated the butterfly-plant difference in phenological sensitivity to temperature based on pair-wise species interactions.
Pairs (hereafter referred to as ’butterfly-plant interactions’) were identified
based on adult nectar food plants or food groups (e.g. thistles) listed for
each butterfly species in the butterfly atlases. Where only a genus or group
(e.g. thistles) was specified, we assumed any species of the genus present in
British Columbia could be a potential nectar source. Therefore, both known
and potential nectar sources for adult butterflies were included. We calcu74

lated the difference in butterfly and plant phenological sensitivity for each
species pair. In cases where a butterfly species was paired with multiple
plant species, we took the median sensitivity across the plant species. We
then tested whether the mean difference in sensitivity across butterfly-plant
interactions differed from zero using a paired t-test. In total, there were 58
butterfly-plant interactions.
To determine whether the butterfly-plant difference in phenological sensitivity to temperature differed for butterfly specialists and generalists, we
grouped the butterfly-plant interactions based on butterfly specialization
(specialists: 9 interactions; generalists: 42 interactions). For both groups,
we tested whether the mean difference in sensitivity across butterfly-plant interactions differed from zero using a paired t-test. To test whether butterflyplant differences in phenological sensitivity differed between specialists and
generalists, we used a two-sample two-tailed test. There were fewer specialists and generalists in these comparisons than the phenological sensitivity
analysis (previous section) because butterfly-plant interactions were constructed at the species level, rather than the family and genus level, thus
reducing the number of pair-wise interactions given the relatively small plant
dataset.
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4.4
4.4.1

Results
Testing phenological sensitivity to spatial and
temporal temperature

The timing of flowering and flight seasons predictably responded to spatial
and temporal dimensions of temperature. In warmer years and locations,
the timing of flowering and flight season occurred significantly earlier (Table
4.1; Figure 4.1).
Butterfly and plant phenology responded differently to spatial and temporal dimensions of temperature. For both taxa, mean phenological sensitivity to temporal temperature was significantly different from phenological
sensitivity to spatial temperature (plants: Sign test; s=22, p=0.052; butterflies: t121 =-3.21, p=0.0017, Table 4.1; Figure 4.1). On average, phenological
sensitivity to temporal temperature was greater than phenological sensitivity
to spatial temperature for plant and butterfly phenology by 1.70 days/◦ C
and 1.44 days/◦ C, respectively (Table 4.1; Figure 4.1). Butterfly species’
phenological sensitivity to spatial and temporal temperature was correlated
(r120 =0.27, p=0.0031) i.e. species’ flight season timing varied similarly with
temperature through space and time. There was no significant correlation
between phenological sensitivity to spatial and temporal temperature for
plants (r=0.17, p=0.20).
No significant difference in the phenological sensitivity to temperature
occurred between butterfly specialists and generalists (temporal: t79 =-0.49,
p=0.63; spatial: t79 =0.16, p=0.87).
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4.4.2

Evaluating phenological shifts over time

On average, neither butterflies nor plants showed significant shifts in phenology through time (Table 4.1). The mean change in phenology did not differ
significantly from zero for either group (Table 4.1). While mean daily maximum temperatures for May-July have increased on average for the sets of locations and times for which collection records were available for each species,
mean temperatures did not significantly increase for March-May (Table 4.1).
Moreover, species experienced widely different magnitudes and even directions of temperature change over time (range in temperature change: plants:
-0.080 to +0.16 ◦ C/year, butterflies: -0.14 to +0.082 ◦ C/year).

4.4.3

Butterfly-plant comparison

The difference in phenological sensitivity to temporal temperature between
butterflies and plants used as nectar sources was influenced by the subset
of species and approach used. When all species were considered, the mean
butterfly-plant difference in phenological sensitivity to temporal temperature was not significantly different from zero (Welch t-test: t64.75 =-0.47,
p=0.64; Table 4.2, Figure 4.1ac). However, interspecific variation in the
sensitivity of the timing of flowering season to temporal temperature was
more than twofold greater than the interspecific variation in the sensitivity
of the timing of flight season to temporal temperature, even with outliers
excluded (plant: n=59, sd=10.10, butterfly: n=121, sd=4.17; Figure 4.1ac).
When only those species with identified butterfly-plant interactions were included (i.e. this resulted in a non-random subset of the full dataset), the
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mean butterfly-plant difference in phenological sensitivity to temperature
increased from 0.77 to 2.57 days/◦ C (Welch t-test: t39.83 =1.088, p=0.28),
with plants demonstrating greater phenological sensitivity than butterflies
(Table 4.2). However, a single plant species outlier had a large effect on
this difference: removing this species increased the mean butterfly-plant
difference to 4.015 days/◦ C (t=20.93, p=0.043, Table4.2).
Taking into account pair-wise interactions between butterflies and their
nectar food plants further increased the mean butterfly-plant difference in
phenological sensitivity to temporal temperature. The difference between
the sensitivity of the timing of flowering season and flight season to temporal
temperature was significant across all butterfly-plant interactions (t57 =5.64,
p<0.0001; Table 4.2). The mean temperature sensitivity of the timing of
plant flowering season was greater than the mean sensitivity of the timing
of butterfly flight season by 6.87 days/◦ C(Figure 4.2) and in 77.6% of the
interactions, plant phenological sensitivity to temperature was greater than
butterfly sensitivity. Plant and butterfly species in 27.6% of the pair-wise
interactions had sensitivities that differed in sign (e.g. plant species had
negative sensitivity and butterfly species had positive sensitivity). Across
butterfly-plant interactions, there was no correlation in phenological sensitivity to temporal temperature (r=-0.13, t56 =-1.0, p=0.32; Figure 4.2b).
Grouping the butterfly-plant interactions based on the specialization of
butterflies did not substantially change mean butterfly-plant difference in
sensitivity (Table4.2). Nectar plant specialists and generalists did not significantly differ in mean butterfly-plant differences in phenological sensitivity
to temperature (Table4.2).
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There were no butterfly-plant differences in phenological sensitivity to
spatial temperature regardless of species grouping or approach (Table4.2).
However, interspecific variation in the sensitivity of the timing of flowering
season to spatial temperature was greater than the interspecific variation in
the spatial temperature sensitivity of the timing of flight season, even with
outliers excluded (plant: n=57, sd=5.57, butterfly: n=122, sd=3.18; Figure
4.1bd).
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Table 4.1: Differences in the phenological sensitivity of butterflies and plants, and butterfly specialists and
generalists, to spatial and temporal temperature. Also shown is the mean change across species in phenology
and temperature over time for the set of locations and times at which there were observations. Where a sign
test instead of a one-sample t-test was used, the s test statistic and median slope value is shown. Significant p
values are in bold.
Taxa

Temperature
variable or group
of species (number of species)

Model (units of coefficient)

Mean coefficient (SE)

T
test
statistic

P value

Plants

Mean for MarchMay (n=60)

Sensitivity to temporal temperature
(days/◦ C)
Sensitivity to spatial temperature
(days/◦ C)
Phenological change (days/year)
Temperature change (◦ C /year)

-3.69 (1.57)

-2.35

0.011

-1.82 (1.31)

S=22

0.026

0.13 (0.045)
0.0050
(0.0050)
-2.92 (0.43)

2.82
1.01

0.99
0.16

-6.84

<0.0001

-1.48 (0.29)

-5.14

<0.0001

Butterflies

Mean for MayJuly (n=122)

Sensitivity to temporal temperature
(days/◦ C)
Sensitivity to spatial temperature
(days/◦ C)
Phenological change (days/year)
Temperature change (◦ C /year)

0.0036 (0.016) S=65
0.79
0.0075
3.8
0.00012
(0.0020)
Continued on next page
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Taxa

Temperature
variable or group
of species (number of species)
Specialists
(n=25)

Generalists
(n=56)

Model (units of coefficient)

Mean coefficient (SE)

T
test
statistic

P value

Sensitivity to temporal temperature
(days/◦ C)
Sensitivity to spatial temperature
(days/◦ CC)
Phenological change (days/year)
Temperature change (◦ C /year)

-3.13 (0.60)

S=1

<0.0001

-1.24 (0.72)

-1.72

0.049

-0.0015
0.0081
(0.0035)
-2.90 (0.47)

-0.049
2.3

0.48
0.015

-6.2

<0.0001

-1.36 (0.36)

-3.81

0.00018

0.01
0.0064
(0.0021)

S=34
S=43

0.96
<0.0001

Sensitivity to temporal temperature
(days/◦ C)
Sensitivity to spatial temperature
(days/◦ C)
Phenological change (days/year)
Temperature change (◦ C/year)
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Table 4.2: Comparison between butterflies and plants in their phenological sensitivity to temporal and spatial temperature. Also shown is whether any outliers were removed in the analysis, the statistical approach
used, mean phenological sensitivity to temperature (days/◦ C) of each group and mean butterfly-plant differences in phenological sensitivity to temperature (days/◦ C). ’Interactions’ here refer to pair-wise butterfly-plant
interactions. Significant p values are in bold.
Group
species

of

All species

Temperature Sample size
variation
(butterflies,
plants)

Outliers
removed?

Statistical
approach

Mean
sensitivity
(days/◦ C)(SE)
(butterfly,
plant)

Difference Test
in sen- statistic,
p value
sitivity
(days/◦ C)

Temporal

122,60

No

-2.92 (0.43), 3.69 (1.57)

0.77

T=-0.47,
p=0.64

121,59

Yes

-3.12 (0.38), 4.57 (1.31)

1.45

122, 60

No

-1.48 (0.29), 0.83 (1.31)

0.65

T=1.062,
p=0.29
T=0.48,
p=0.63

122,58

Yes

Welch two
sample ttest
Welch two
sample ttest
Welch two
sample ttest
Two sample t-test

Spatial

-1.48 (0.29), - 0.17
T=0.26,
1.31 (0.73)
p=0.80
Continued on next page
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Group
species

of

Species
with identified
interactions

Temperature Sample size
variation
(butterflies,
plants)

Outliers
removed?

Statistical
approach

Temporal

58,38

No

Welch two
sample ttest

58,37

Yes

58,38

No

58,37

Yes

58 interactions
58 interactions
9 interactions

No

Welch two
sample ttest
Welch two
sample ttest
Welch two
sample ttest
Paired ttest
SIGN test

Spatial

Temporal
Spatial
Specialists

Temporal

No
No

Paired
test

t-

Mean
sensitivity
(days/◦ C)(SE)
(butterfly,
plant)
-2.38 (0.45), 4.95 (2.32)

Difference Test
in sen- statistic,
p value
sitivity
◦
(days/ C)
2.57

T=1.088,
p=0.28

-2.38 (0.45), 6.40 (1.86)

4.015

T=20.93,
p=0.043

-1.36
(0.34),
0.22 (1.84)

1.14

T=-0.84,
p=0.41

-1.36 (0.34), 1.32 (1.04)

0.04

T=0.031,
p=0.98
-2.38 (0.45), - 6.87
T=5.64,
9.25(1.07)
<0.0001
-1.36 (0.34), - -0.48
S=25,
0.83 (0.66)
p=0.36
-2.23 (1.24), - 6.7
T=1.47,
8.97 (3.90)
p=0.18
Continued on next page
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Group
species

of

Generalists

Temperature Sample size
variation
(butterflies,
plants)

Outliers
removed?

Statistical
approach

Spatial

9 interactions

No

Paired
test

Temporal

42 interactions
42 interactions

No

Paired ttest
SIGN test

Spatial

No

t-

Mean
sensitivity
(days/◦ C)(SE)
(butterfly,
plant)
-1.65
(0.43),
0.10 (1.71)
-2.43 (0.54), 9.52 (1.18)
-1.35 (0.46),0.87 (0.84)

Difference Test
in sen- statistic,
p value
sitivity
◦
(days/ C)
-1.75

7.091
0.028

T=1.011,
p=0.30
T=5.17,
<0.0001
S=21,0.99

84

Temporal

Spatial

Number of species

a)# 10

b)# 20

8

15

6
10
4
5

2
0

0
-40

-20

0

20

40

Number of species

c)# 40

-20

d)#

0

20

40

60

-20
0
20
40
Sensitivity (days/°C)

60

60

30
40
20
20

10
0

0
-40

-20
0
20
40
Sensitivity (days/°C)

Figure 4.1: Plant (a,b) and butterfly (c,d) phenological sensitivity to temporal (a,c) and spatial (b,d) temperature. Mean phenological sensitivity
is a:-3.69, b:-1.82, c:-2.92, d:-1.48 days/◦ C. Zero temperature sensitivity is
represented by a solid line
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Figure 4.2: Butterfly-plant differences in phenological sensitivity to temporal temperature taking into account
pair-wise interactions. (a) An example of the difference in the phenology-temperature relationship for a pair-wise
interaction between Glaucopsyche piasus (Arrowhead blue butterfly; circles) and Lupinus sericeus (silky lupine
(plant); triangles). Shown are best-fit lines from linear models (solid=G. piasus, -0.49 days/◦ C (2.56SE); t72 =0.49, p=0.85; dashed= L. sericeus, -3.62 days/◦ C (6.41SE); t 9 =-0.56, p=0.59). (b) Butterfly-plant differences in
phenological sensitivity (days/◦ C) for 58 species-pair interactions with a dotted line representing the 1:1 relationship, showing that mean plant phenological sensitivity is greater and more variable than butterfly phenological
sensitivity
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4.5

Discussion

While there are likely to be important ecological and evolutionary consequences of shifts in phenological synchrony due to climate change (Klapwijk
et al., 2010; Liu et al., 2011; Post et al., 2008), it is uncertain how extensive
these shifts are likely to be and which species are likely to be more sensitive to
these shifts. This study contributes three main findings about the likelihood
and magnitude of shifts in phenological synchrony for butterflies and plants.
First, while there was no general tendency for a butterfly-plant difference in
phenological sensitivity to temperature, incorporating pair-wise interactions
revealed significant butterfly-plant differences in sensitivity. Thus, focusing
on the central tendency of taxonomic groups, a common approach in the
phenology literature (e.g. Both et al., 2009; Parmesan, 2007), likely underestimates the differences between pairs of interacting species in phenological
sensitivity to temperature. This is to be expected given the substantial interspecific variation in sensitivity of both butterflies and their nectar plants
(Figure 4.1). Our results suggest that shifts in phenological synchrony are
likely to be widespread for interacting plant-insect species. However, synchrony could increase or decrease depending on which species’ phenology
is earliest in the year, and on the direction and magnitude of shift of each
species. For example, butterfly-nectar food plant synchrony could decrease
(timing between events widens) if the nectar plant’s peak flowering initially
occurs before the butterfly’s peak flight season, and subsequently advances
more with warming than the butterfly’s peak flight season.
Second, plants had greater overall phenological sensitivity to temporal
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temperature than butterflies based on pair-wise interactions (Figure 4.2).
These results are consistent with studies that have compared plant phenological sensitivity to temperature to animal taxa (Cook et al. 2008; Doi et al.
2008; Forrest & Thomson 2011; Huey et al. 2002; Primack et al. 2009,but see
Gordo & Sanz 2005), and with some trends in phenological advances due to
recent climate change (Huey et al., 2002; Thackeray et al., 2010). However,
other studies have found that butterflies have experienced greater phenological shifts over time than plants (Both et al., 2009; Gordo & Sanz, 2005;
Parmesan, 2007). Discrepancies here are likely as a result of not directly relating phenology to temperature as we have done here. Phenological trends
over time do not necessarily indicate responsiveness of phenology to temperature as they are dependent on the degree and pattern of temperature
change (Chapter 3; Cook et al., 2008), timeframe of available data (Badeck
et al., 2004; Diez et al., 2012; Iler et al., 2013) and can be influenced by
changing population sizes (Miller-Rushing et al., 2008). The greater sensitivity of plant phenology to temperature than adult butterfly phenology
suggests that mobility is an important trait that can influence the ability
of individuals to modulate the local temperatures they experience (Chapter
3; Huey et al., 2002; Thackeray et al., 2010). Given these butterfly-plant
differences in phenological sensitivity to temperature, shifts in phenological
synchrony are likely to be driven by more pronounced responses of plants
than butterflies to climate warming.
Third, substantial interspecific variation in the sensitivity of the timing
of flowering season to temperature, and the lack of spatio-temporal correlation across plant species in phenological sensitivity to temperature, suggests
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that making general predictions for shifts in phenological synchrony (e.g.
direction of shifts) based on plants could be more challenging than for butterflies. Our results suggest that the phenology of some plant species may
be more influenced by cues other than temperature (e.g. precipitation, frost;
Crimmins et al., 2010; Inouye, 2008) and that spatially fixed cues such as
day length and local adaptation are also influencing the timing of flowering
(Doi & Takahashi, 2008; Hodgson et al., 2011). Therefore, quantifying the
relative importance of different cues and local adaptation on plant phenology, and taking into account the sensitivity of plant phenology to spatial and
temporal dimensions of temperature will be critical for making general predictions about shifts in phenological synchrony between insects and plants
in response to climate change.
Butterfly ecological specialization did not influence the direct effect of
temperature on the timing of flight season nor the butterfly-plant differences
in phenological sensitivity to temperature. These results suggest that diet
breadth does not influence phenological sensitivity to temperature, which is
supported by results based on larval diet breadth from Chapter 3. Although
recent studies have found that Lepidopteran specialists have advanced their
phenologies to a greater degree in response to recent climate change than
generalists (Altermatt, 2010; Diamond et al., 2011), it is unknown how well
this trait directly predicted phenological sensitivity to temperature for those
species. Our results suggest that the likelihood and magnitude of shifts
in phenological synchrony is unlikely to differ among butterfly specialists
and generalists but given our rough classification of specialization (using
plant families rather than genera or species) and relatively small sample
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size, further studies are required. Nevertheless, provided the nectar plants
used by both groups have similar abundances and geographic distributions,
butterfly specialists are likely to be more vulnerable to shifts in phenological
synchrony than generalists since they are dependent on the phenology of
fewer plant species.
The sensitivity of species’ phenology to temperature did not translate into shifts in phenology through time. While most evidence suggests
that species have been recently advancing their phenologies (e.g. Parmesan,
2007), a strong signal was unlikely here given the substantial noise in the
data (e.g. single records as estimates of phenology, variation in the degree
of phenological sensitivity to temperature; Chapter 3). Indeed, results from
Chapter 3 suggest that the strength of temporal phenological shifts increases
i) with the degree of temperature change across a species’ range and ii) the
precision of the estimate of timing. Therefore, on average, we suspect that
past increases in temperature were not large or consistent enough, relative to
inter-annual variation, to allow detection of directional shifts in phenology,
and that some species simply have not shifted the timing of their seasons because these phenological phases are not responsive to temperature (Chapter
3). Also, estimates of butterfly-plant phenology were imprecise as we only
had a single observation each year for the majority of species-site combinations, thus contributing to inter-annual variation in phenology and making
it difficult to detect a consistent advancement in phenology over time (Chapter 3). Nevertheless, the clear temperature sensitivity of phenology of both
trophic groups suggests that with increased warming future temporal shifts
are likely for many if not most species.
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4.5.1

Conclusions

For pair-wise butterfly-plant interactions, we found that plant phenology
was more sensitive to temperature than butterfly phenology, suggesting that
substantial shifts in phenological synchrony for plant-insect interactions with
climate warming are likely already occurring and likely to continue. Our results also suggest that the consideration and identification of ecological interactions will be critical for making accurate predictions about the effects of
future climate change for ecological communities. While phenological shifts
in response to future climate change are likely to be widespread for plants
and insects, accurately predicting the direction and magnitude of shifts in
phenological synchrony with plants will require a better understanding of
the relative importance of different abiotic cues influencing plant phenology.
Finally, whereas butterfly specialists may not necessarily experience larger
shifts in phenological synchrony than generalists, their fitness is likely to
be more vulnerable to these shifts. Without direct estimates of the fitness
consequences of these shifts, it remains uncertain as to whether the shifts in
phenological synchrony of the magnitude estimated here would be biologically important for the interacting species. As such, there is a clear need
for studies that consider the ecological and evolutionary consequences of
warming-driven shifts in phenological synchrony (e.g. Chapter 5).
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Chapter 5

Direct and indirect effects of
experimental warming on the
phenology and interaction
between an insect herbivore
and its host plant
5.1

Synopsis

The phenology of many species is shifting in response to climatic changes at
varying rates across different species, thereby potentially affecting species’
interactions and individual fitness. However, few studies have experimentally tested the influence of warming on the timing of species interactions and
in particular, the potential for different direct and indirect (via phenological change) effects of temperature on each species. Here, we experimentally
warmed egg masses and larvae of the western tent caterpillar (Malacosoma
californicum pluviale) placed on the branches of its host plant, red alder
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(Alnus rubra), in the field to test the influence of warming on the phenology of the two species. Warming advanced the timing of larval but not
leaf emergence, leading to a range in phenological mismatch, with larvae
emerging as much as 25 days before to 10 days after the appearance of
leaves. However, even the earliest-emerging larvae had high survival in the
absence of food for up to three weeks prior to leaf emergence. Therefore,
early-emerging larvae are surprisingly resistant to starvation. In addition,
warming had no net effect on insect fitness, likely driven by opposing direct
and indirect effects. For example, warming directly accelerated development
whereas temperature-driven changes in phenological mismatch decelerated
development. Our results demonstrate that the indirect effects of warming
are as important to consider as the direct effects on insect fitness and that
some species could be resistant to future climatic warming.

5.2

Introduction

Climate change is causing phenological shifts at highly variable rates across
species in different functional groups and trophic levels (e.g. Both et al.,
2009; Parmesan, 2007; Thackeray et al., 2010). Such species-specific variation in response to climate has often led to changes in the relative timing of key activities (phenological synchrony) among strongly interacting
species (e.g. Edwards & Richardson, 2004; Post et al., 2008; Visser & Holleman, 2001) but not always (Bartomeus et al., 2011; Charmantier et al.,
2008). Altered timing of ecological interactions, such as plant-herbivore, or
predator-prey, can influence species’ abundances, food-web structure and
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ecosystem-level properties such as primary productivity (e.g. Edwards &
Richardson, 2004; Liu et al., 2011; Tylianakis et al., 2008).
Determining the implications of disruptions in phenological synchrony
is critical for predicting how ecological communities will respond to climate
change. In seasonal environments, phenology is thought to be under strong
selection, with important consequences for synchrony between species (Futuyma, 1998). Initiating growth or reproduction too early or too late in
the season can reduce fitness via stressful abiotic conditions, reduced resource availability or quality, or from increases in top-down pressures (e.g.
herbivory or predation). For example, premature larval emergence of earlyspring feeding insect herbivores might increase the risk of mortality due to
severe weather or from lack of food (Hunter, 1990), whereas late emergence
could reduce fecundity via reduced foliage quality (Feeny, 1970). While there
is some experimental evidence of phenological shifts altering the timing of
interactions between insect herbivores and their host plants (e.g. Hunter,
1990; Martel et al., 2001), such shifts do not always have important fitness
consequences (e.g. Durant et al., 2005; Kerslake & Hartley, 1997). Our understanding of the issue remains rudimentary, however, given few direct,
experimental tests of warming-driven shifts in phenological mismatch on fitness or demography (Klapwijk et al., 2010; Liu et al., 2011; Yang & Rudolf,
2010).
Temperature may influence fitness not only through direct effects (e.g.,
temperature-dependent physiological processes), but also indirect effects via
phenological mismatch and altered interactions with other species (e.g. Barton et al., 2009; Harmon et al., 2009; Suttle et al., 2007). Indirect effects
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can, in fact, be stronger than the direct effects of temperature and the two
may interact, either amplifying or countering one another (e.g. Barton et al.,
2009; Suttle et al., 2007). For example, the net effect of warming on plant
productivity can be due largely to a warming-induced increase in herbivory
rather than direct effects on plant growth (Barton et al., 2009; O’Connor,
2009). To our knowledge, no study has compared the direct effects of warming on consumer fitness to indirect effects via warming-driven phenological
shifts, even though this is essential to predicting the net impact of climate
change on ecological communities.
Here, we experimentally manipulated spring temperature around egg
masses and larvae of the western tent caterpillar (Malacosoma californicum
pluviale Dyar (Lepidoptera: Lasiocampidae)), an early-spring feeding insect
herbivore, placed on the branches of its host plant, red alder (Alnus rubra
Bongard (Betulaceae)), in the field. Our aim was to test the influence of
warming on the phenology of the two species. In this system, warming
could lead to two primary indirect effects: changes in resource availability
via phenological mismatch, and changes in resource quality (Figure 5.1).
Other indirect effects could include changes in top-down pressures (e.g.
predators, pathogens) but we do not measure those effects here.

To

determine the effects of warming-driven changes in leaf quality on insect
fitness, we conducted a bioassay in a controlled environment where larvae
were fed leaves from either warmed or control treatments. For proxies of
insect fitness, we used larval development time, larval weight, and family
survival (western tent caterpillar females lay 100- 250 eggs in a single egg
mass (referred to henceforth as a ’family’)).
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Predictive framework
We tested a series of predictions concerning the direct and indirect (via
phenological mismatch and leaf quality) effects of warming on insect fitness
proxies (Figure 5.1). First, based on the temperature-body size rule, warming should directly reduce development time and decrease final body size
(Atkinson, 1994), while having little or no effect on survival based on the
weight of previous evidence, provided the temperature remains below the
species’ upper threshold for viability (Amarasekare & Sifuentes, 2012). Second, the indirect effect of warming via leaf quality on insect fitness should
be negative, given that warming is expected to accelerate leaf maturation
(Buse et al., 1998; Dury et al., 1998). Finally, the effect of mismatch should
depend on how warming changes the relative timing of larval and leaf emergence and on the fitness proxy. In this system, there are likely to be two
possibilities: warming could cause larvae to emerge in advance of leaf emergence (negative mismatch) or it could cause larvae to emerge closer to the
time of optimal food quality (reduced positive mismatch, i.e. fewer days
between leaf and larval emergence than in control treatments). If warming
leads to a negative mismatch, then development time should increase, as
larvae will not have food available upon emergence, countering the direct
effect of warming. Alternatively, if warming reduces positive mismatch, development time should decrease as food will be available to larvae sooner,
thereby amplifying the direct effects of warming by shortening development
time. Opposite effects of the two mismatch scenarios are predicted for larval weight and family survival (i.e. both should decrease with a negative
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mismatch and increase with a reduced positive mismatch).

5.3
5.3.1

Methods
Study system

Western tent caterpillars occur in the Pacific Northwest of North America
(our study region) where they feed on a variety of plant species including red
alder, hawthorn (Crataegus monogyna Jacq), crab apple (Malus diversifolia
L) and wild rose (Rosa nutka) (Myers, 2000). They are univoltine and larvae
emerge from eggs in the early spring at roughly the same time as budburst,
generally in late March or early April. Five instars of gregarious larvae feed
for 6-8 weeks and form conspicuous silken tents on which they congregate
between bouts of feeding. Pupation occurs in June and adults emerge after
two weeks and mate. Adults do not feed and only survive for 1-4 days. Once
mated, females deposit a single egg mass. A few weeks later, embryogenesis
begins and larvae develop and remain within the eggs until the following
spring.
Red alder is a native deciduous tree and is widely distributed in lowlands
throughout the Coastal Douglas fir and Coastal Western Hemlock regions
of the Pacific Northwest (Harrington et al., 1994). Budburst occurs in early
spring and in congenerics, phenophases have been shown to occur earlier in
years with warmer temperatures (Miller-Rushing & Primack, 2008; Sparks
et al., 2011).
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5.3.2

Study design overview

Experiments were carried out at two sites on the University of British
Columbia (UBC, Vancouver, British Columbia; 49◦ 15’ 42.72N, 123◦ 14’
56.78W) campus: Totem Field (a mowed field research site) and UBC Farm
(an experimental farm and forest research site). At both sites, we used the
south-facing side of fifteen trees adjacent to open fields. In 2010 we conducted a pilot experiment at Totem Field to (i) test the influence of our
proposed warming method (polyethylene bags as ’greenhouses’) on branchlevel temperature, (ii) provide an initial assessment of warming effects on
early phenology of both species (but not the full life cycle), and (iii) verify the presence of sufficient variation in temperature and mismatch among
branches within treatments to permit statistical tests of direct vs. indirect
effects of temperature on fitness. On March 10, 2010, single egg masses were
placed on two branches of each of 15 trees with one branch serving as a control and the other warmed. For the warmed treatment, clear polyethylene
bags (35x55cm) with 8-10 holes (5x5cm) for ventilation and water drainage
were attached over the egg masses near the tips of the branches and fastened
with a tie.
A criticism of our experimental warming approach is that the entire
physiological unit (i.e. whole tree) has not been exposed to the warming
treatment. However, warming only branches has advanced vegetative phenology in other tree species (Barton & Jarvis, 1999) and other studies have
found temperature-related shifts in budburst using severed branches in controlled environments (Jepsen et al., 2011; Pop et al., 2000). Nevertheless,
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to test for potential differences between warming the entire tree and only
the terminal end (∼50 cm) of a branch, in 2011, we compared the date of
budburst on branches that were cut (i.e. physiologically separated from the
tree) to ones that remained attached. Our prediction was that if the control
of budburst on branches were independent from the tree, buds on cut and
uncut branches would burst at the same time. For this experiment, we used
a 2x2 factorial systematic block design where we had four treatments (cut
and attached, warming and control) per tree on 15 trees at Totem Field. Cut
and attached branches were paired and placed as close together as possible
on the tree to minimize microclimate variation. Branches were cut after
bags were added and then attached back to the same branch with zip ties.
To maintain a water supply to the cut branches, we attached water spikes
to the end of the cut branches that were refilled with water semi-daily and a
thin slice was cut from the branches once a week to optimize water uptake.
The experiment was started in conjunction with the main experiment and
budburst was observed daily.
The main experiment began on January 27-28 2011, when single egg
masses were deployed to warmed and control branches of each of 15 trees in
each of the two sites (i.e. 30 pairs). At Totem Field, a second warming replicate per tree was added. Therefore, in total across the two sites there were
30 control and 45 warmed branches. Warming treatments were identical to
those used in the pilot experiment.
To determine whether warming indirectly affects insect fitness proxies
through changes in leaf quality, we conducted a bioassay in a controlled
environment in 2011 in which larvae were either fed leaves from warmed
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or control treatments from Totem Field. Larvae for this experiment came
from 20 egg masses placed on trees at Totem Field at the same time the
main experiment was started (4 egg masses on each of 5 trees). Ten bags
were added to branches (without egg masses) on each of the five trees to
provide a ’warmed’ food supply for the experiment.

5.3.3

Warming experiments

Branches varied in the amount of direct sunlight they received given their
position and height from the ground. While the terminal ends of branches
were used, some branches were less exposed than others (e.g. found midway to the main trunk or under other branches). Branch height ranged from
ground level to around 12 feet. Egg masses were randomly assigned to each
branch. Egg masses in 2010 were taken from an apple orchard on Saturna
Island (approximately 50 km from UBC, across the Strait of Georgia) on
February 17, 2010 and kept outdoors until they were attached to branches.
Egg masses used at Totem Field in 2011 were from moths reared from the
2010 pilot study (Appendix J). Egg masses used at UBC Farm in 2011
were collected along Trueworthy Road on Saturna Island on January 11,
2011 and kept outdoors until they were attached to branches. In 2011, egg
masses were split by site to avoid potential viral contamination from the
Saturna Island population, where a nucleopolyhedrovirus (Myers, 2000) was
thought to potentially be prevalent that particular year.
Small temperature loggers (iButtons R , Maxim Integrated Products Inc.,
USA) were placed next to all egg masses to record the temperature every
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hour for the duration of the main experiment. Additionally, two ibuttons
at each location recorded relative humidity (one on a control branch, one
on a warming branch). Only minor differences in relative humidity existed
between treatments over the span of the whole experiment (mean and maximum daily maximum relative humidity of the warming treatments was 2.34
(%RH) and 1.26 (%RH) greater than ambient conditions, respectively).
Branches were checked every 1-2 days for budburst, leaf appearance,
larval emergence and larval instars. For all phenological events, the first
observation per branch or family was used for analysis. Budburst was defined
when the bud scale was broken and leaf tissue visible. Leaf emergence
was defined as a leaf fully separated from the bud (but not yet expanded).
Phenological mismatch was the number of days between larval emergence
and first leaf appearance (negative values indicate larvae emerged before
leaves, and vice versa). Starting at third instar, ten different randomly
chosen larvae from each family were weighed every four days (or sooner
if they had reached another instar). The field experiment was terminated
beyond early fourth instar because warmed families had to be moved to
other branches to replenish the leaf supply, thereby changing leaf quality.
However, until that point (after leaf emergence) larvae were never foliagelimited (i.e. we ensured that bags initially included enough buds). The
complete disappearance of larvae precluded some developmental and weight
measurements on 16 (out of 75) families.
We used three proxies for fitness for each family: development time
(from larval emergence to fourth instar), final larval weight (based on the
first weight measurement after molting to fourth instar) and family survival
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(number of larvae still living when we terminated the experiment). Faster
development is beneficial for insects as it reduces the time that larvae are
vulnerable to disease and natural enemies (e.g. predators, pathogens) (Benrey & Denno, 1997) and larval weight is strongly correlated with fecundity
in insects (Honěk 1993, but see Leather 1988). The latter relationship is
expected to be strong for the western tent caterpillar because they do not
consume food during the adult stage. Given the gregarious behaviour of
larvae and large family size, we could not measure the survival of individual
larvae; however, we were still able to estimate family survival.
To better characterize how the growth period differed between treatments, we also measured growth rate for each family. Growth rate was
estimated as the slope of the function relating log-transformed weight
and time. We included third instar larval weights and the first weight
measurement after molting to fourth instar.

5.3.4

Leaf quality experiment

Larvae raised for the leaf quality experiment were kept on the trees under
natural conditions until they reached late second instar, when they were
brought into the lab and maintained in a controlled environmental chamber
(day: 22◦ C, night: 18◦ C). The first two families (egg masses) to reach late
second instar on each tree were used. In the lab, families were initially
kept together because young larvae depend on their siblings. They were
fed control leaves from their host tree until they reached the late third
instar. Twenty-five larvae were then randomly chosen from each family,
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individually weighed (day 0) and placed randomly into plastic cups (one
larva per cup) with mature leaves (>5cm) from either warming or control
treatments. Leaves were replaced every 24 hours (i.e. larvae were never foodlimited) in approximately the same amount between treatments. Larvae
were weighed every 5 days. For fitness proxies, we used survival (from third
instar onwards), female pupal weight and time to reach pupation. We also
estimated growth rate as the slope of the function relating log-transformed
weight (including larval and pupal weight) and time.

5.3.5

Statistical analyses

The analysis was divided into four sections (see Appendix K for statistical
details). First, to test the effect of warming a branch on budburst, rather
than a tree, we compared differences in budburst between cut and attached
treatments. We also tested for the sensitivity of budburst to temperature
within treatments. Second, to determine whether warming affected the
early phenology of the two species, we examined treatment differences in
phenology from 2010 and 2011. We also tested for treatment differences in
insect fitness proxies from 2011. Third, we tested the effects of temperature
vs. indirect effects via phenological mismatch on insect fitness proxies,
using data on within-treatment variation in branch-level temperature and
mismatch. However, because the control larvae were not contained in bags,
we lost more larvae from the control families than the warmed families
and only have survival counts for five control families at Totem Field.
Therefore, we could not test for treatment differences in family survival
or within-treatment relationships for that treatment-site combination.
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Finally, to test the indirect effects of warming via leaf quality on insect
fitness proxies, we compared insect fitness proxies between treatments in
the leaf quality experiment. As both environmental conditions and the
source of egg masses differed between Totem Field and UBC Farm, we
treated these sites as two experiments rather than two treatments of an
experimental factor. Consequently, all analyses were conducted separately
for Totem Field and UBC Farm and performed using R 2.14.1 (Team, 2012).

Within-treatment relationships
To test for the direct and indirect effects (via phenological mismatch)
of temperature on our proxies of fitness, we explored within-treatment relationships between each proxy of fitness and mismatch and temperature (Appendix K). We used within-treatment variation rather than across-treatment
variation as preliminary analyses showed different relationships of fitness
proxies with temperature and mismatch in the two treatments. For family
survival, we accounted for the number of eggs laid the previous year and
the number of larvae that emerged. To assess the relative effects of direct
and indirect effects of temperature on our proxies of fitness, we compared
standardized regression coefficients. As the main temperature variable we
used mean daily maximum temperature calculated up to May 25 (the average date across all families to reach the fourth instar), which was found to
be the best predictor of larval fitness (Appendix K, Table K.1).
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5.4
5.4.1

Results
Treatment temperature effects

Over the duration of the pilot warming experiment in 2010, warming treatments were 2.93◦ C (0.18SE) warmer than ambient conditions based on mean
daytime temperature.

In 2011, mean daytime temperature in warming

treatments over the duration of the main experiment was 2.97◦ C (0.22SE)
and 1.97◦ C (0.23SE) warmer than ambient conditions at Totem Field and
UBC Farm, respectively. Overall, Totem Field was warmer than UBC Farm
with mean daytime temperatures being 1.45◦ C (0.36SE) higher for warmed
branches and 0.45◦ C (0.14SE) higher for controls.

5.4.2

Testing the effect of branch-level warming on
budburst

Control and warmed branches showed the same patterns in budburst timing
regardless of whether they were attached to the tree, showing that budburst
on branches can respond independently to warming. Buds of branches cut
from trees did not differ in the date of budburst compared to attached
branches (χ2 3,2 =0.0007, p=0.98), nor was there any difference between only
control (χ2 3,2 =0.0008, p=0.98) or warming (χ2 3,2 =0.0053, p=0.94) branches
(Figure 5.2).

Though not significant, budburst was earlier on warmed

branches by 1.3 (0.89SE) days on average (χ2 4,3 =2.17, p=0.14) than control
branches (Figure 5.2).
Analysis of the relationship of budburst to the measured withintreatment temperature variation (among both cut and attached branches)
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showed that budburst was earlier on warmer replicates for the Totem Field
warming treatment (-3.45 days/◦ C (1.38SE), LRT4,3 =5.24, p=0.022) but no
relationship existed for any other within treatment-site combination (Totem
control: LRT3,2 =0.50, p=0.48; Farm control: LRT3,2 =1.62, p=0.20; Farm
warming: LRT4,3 =1.66, p=0.20). This suggests that short-term changes in
temperature at the branch-level can elicit a response in phenology.

5.4.3

Treatment differences in phenology and fitness proxies

In both years, warming treatments led to substantial shifts in larval but not
leaf phenology (Table 5.1, Figure 5.3). In 2010, larval emergence was significantly advanced in warming treatments compared to control treatments
by an average of 18.1 days (1.19SE) (LRT4,3 =65.44, p<0.0001). However,
there was no treatment difference in budburst (LRT4,3 =0.54, p=0.46). As
a result, a significant difference in the degree of mismatch between treatments occurred; on average warmed larvae emerged 17.75 days (1.19SE)
after budburst (LRT4,3 =67.72, p<0.0001).
In 2011, larval emergence was significantly advanced in warming treatments compared to controls by an average of 24.0 days (2.39SE) at Totem
Field (LRT4,3 =50.62, p<0.0001) and 22.5 days (1.72SE) at UBC Farm
(LRT4,3 =58.78, p<0.0001; Figure 5.3). Warming treatments had no significant effect on the timing of budburst or leaf emergence at either site
(Table 5.1). Consequently, there was a significant treatment effect on the
degree of mismatch at both sites (Totem: LRT4,3 =44.33, p<0.0001, Farm:
LRT4,3 =49.03, p<0.0001). At Totem Field, warming treatments caused a
substantial negative mismatch: larval emergence preceded the appearance
106

of leaves in warmed families by as much as 25 days (Figure 5.4a). While
warming treatments also had a substantial effect on mismatch at UBC Farm,
almost all larvae emerged after leaf emergence (i.e., there was no negative
mismatch, Figure 5.4b).
Experimental warming had no net influence on insect development. Neither development time (Table 5.1), final larval weight (Table 5.1) nor growth
rate (Totem: LRT13,12 =2.10, p=0.15; Farm: LRT14,13 =0.03, p=0.86) differed significantly between treatments at either site. In other words, warmed
families significantly advanced their entire larval phase (all having gotten to
the fourth instar by May 30 vs June 10; Totem: LRT4,3 =34.31, p<0.0001;
Farm: LRT4,3 =43.16, p<0.0001; Table 5.1) but they required the same number of days as control families to develop (Table 5.1, Figure 5.3).

5.4.4

Within-treatment relationships

Mean daily maximum spring temperature and mismatch had varying effects
on development time (Table 5.2, Figure 5.4). For both treatments at both
sites, the slope of development time on temperature was negative (Table
5.2; Figure 5.4c,d), although only significantly so for warmed families at
Totem Field (-2.92 days/◦ C (0.39SE), LRT5,4 =16.37, p<0.0001). This was
the treatment-site combination with the widest temperature range (8.19◦ C
compared to 1.66-5.38◦ C for the other three treatment-site combinations;
Figure 5.4c,d).
Temperature-driven shifts in phenological mismatch influenced development time. The first families to emerge within each treatment took longest
to develop, with stronger development-mismatch relationships for warm107

ing than control treatments (Table 5.2; Figure 5.4a,b). Mismatch had a
larger effect on development time than temperature for all treatment-site
combinations (standardized coefficients; Table 5.2). Families in the warming treatment had shorter development times than one would have predicted by extrapolating from the development-mismatch relationship for
control families (i.e. warmed families fall below the control-group regression line; Figure 5.4a,b). This suggests that the direct effect of warming
opposes that of mismatch, resulting in no overall treatment differences in
development time (Table 5.1). Indeed, development time was significantly
shorter for the warmed families compared to the controls at Totem Field once
leaves were present (8.32 days (2.44SE), LRT4,3 =9.21; p=0.0024). The effect of mismatch on development time remained significant after accounting
for temperature (Totem warming: LRT5,4 =5.46; p=0.020; Farm warming:
LRT4,3 =3.54, p=0.06). Therefore, at Totem Field, families took the least
amount of time to develop if they emerged simultaneously with leaves and
experienced relatively warm temperatures over their larval phase (Figure
5.4a,c).
Temperature and mismatch had weaker effects on fourth instar larval
weight and family survival (Table 5.2). The only clearly significant trend
was that in control treatments at UBC Farm, the later larvae emerged after
leaf emergence, the greater the number of larvae survived to the end of the
experiment (6.13 larvae (2.36SE), LRT5,4 =7.24, p=0.0071), suggesting that
later emergence improved larval survival.
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5.4.5

Leaf quality experiment

The sources of leaves (warmed vs. control treatments) had varying effects
on insect fitness. Pupal weight of females fed warmed leaves was significantly lower than those fed control leaves (-0.035g (0.014SE), LRT5,4 =4.44,
p=0.035), although growth rate did not differ for either sex (females:
LRT11,10 =0.053, p=0.82; males: LRT11,10 =0.24, p=0.62). Finally, neither
survival (LRT4,3 =0.28, p=0.095), nor the amount of time taken to reach pupation (LRT5,4 =3.44, p=0.064) varied between treatments under these laboratory conditions. However, larvae fed warmed leaves took slightly longer
to reach pupation than larvae fed control leaves (2.28 days (1.21SE)).
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Table 5.1: Differences in phenology and insect fitness proxies between warming and control treatments at Totem Field and UBC Farm. ”Difference” is
the mean difference between warming and control treatments, where a negative difference indicates that warmed families were earlier, faster or smaller
than control families, and vice versa. Model fit was based on likelihood ratio
tests (LRT). Significant P values (<0.05) are in bold.
Response
Date of larval emergence (days)
Date of fourth instar
(days)
Larval development
time (days)
Larval weight (g)
Date of
(days)

budburst

Date of leaf emergence (days)
Degree of mismatch
(days)

Site

Difference (SE)

DF

LRT

P value

Totem

-24.00 (2.39)

4,3

50.62

<0.0001

Farm
Totem

-22.47 (1.72)
-24.15 (2.88)

4,3
4,3

58.78
34.31

<0.0001
<0.0001

Farm
Totem

-25.07 (2.33)
-0.68 (2.63)

4,3
4,3

43.16
0.07

<0.0001
0.79

Farm
Totem
Farm
Totem

-2.60 (2.91)
-0.20 (0.11)
0.0680 (0.043)
2.70 (1.45)

4,3
5,4
5,4
4,3

0.84
3.17
2.44
3.4

0.36
0.075
0.12
0.065

Farm
Totem

-1.27 (1.71)
-0.50 (0.65)

4,3
4,3

0.58
0.61

0.45
0.44

Farm
Totem

-1.93 (1.035)
-23.50 (2.67)

4,3
4,3

3.34
44.33

0.068
<0.0001

Farm

-20.53 (1.70)

4,3

49.03

<0.0001
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Table 5.2: Within-treatment relationships of insect fitness proxies with mean daily maximum temperature and
degree of mismatch (indirect effect of temperature) at both sites. Larval weight was log-transformed for all
treatments and family survival was square-root transformed for the Totem Field warming treatment. Model fit
was based on likelihood ratio tests (LRT). Significant and marginally significant P values (<0.06) are in bold.
Fitness proxy

Predictor
variable

Development
time (days)

Temperature Totem Warming
(◦ C)
Control
Farm Warming
Control
Mismatch
Totem Warming
Control
Farm Warming
Control
Temperature Totem Warming
(◦ C)
Control
Farm Warming
Control
Mismatch
Totem Warming

Larval weight
(g)

Site

Treatment

Control
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Coefficient
(SE)

Standardized DF
coefficient

LRT

P value

-2.92 (0.39)

-0.42

5,4

16.37

<0.0001

-1.14 (2.60)
-1.56 (1.65)
-0.66 (3.12)
-1.10 (0.21)
-0.13 (0.14)
-0.86 (0.44)
-0.36 (0.22)
0.018 (0.028)

-0.15
-0.27
-0.059
-0.81
-0.28
-0.47
-0.37
0.078

3,2
3,2
3,2
5,4
4,3
3,2
4,3
5,4

0.22
1.04
0.052
13.44
0.96
3.76
2.9
0.42

0.64
0.31
0.82
<0.0001
0.33
0.053
0.089
0.52

0.72 (0.35)
-0.041 (0.025)
-0.10 (0.069)
0.0066
(0.0058)
-0.0070 (0.014)

0.48
-0.23
-0.26
0.13

4,3
4,3
4,3
5,4

3.6
2.48
2.13
1.26

0.058
0.12
0.14
0.26

-0.14

4,3
0.25
0.62
Continued on next page

Fitness proxy

Predictor
variable

Site

Treatment

Farm

Warming
Control

Family
survival
(number
larvae)

Temperature Totem Warming
(◦ C)

Coefficient
(SE)
-0.0037
(0.0086)
0.0045
(0.0089)
0.80 (0.42)

Standardized DF
coefficient
-0.065
4,3

LRT

P value

0.19

0.6

0.094

4,3

0.26

0.61

0.35

6,5

3.66

0.056

NA
9.43 (11.41)
-27.56 (23.44)
1.21 (1.39)
NA
1.30 (3.67)
6.13 (2.36)

NA
0.33
-0.3
0.33
NA
0.13
0.49

NA
5,4
5,4
6,5
NA
5,4
5,4

NA
0.98
1.81
0.92
NA
0.19
7.24

NA
0.32
0.18
0.34
NA
0.67
0.0071

of

Mismatch

Control
Farm Warming
Control
Totem Warming
Control
Farm Warming
Control
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Figure 5.1: A conceptual diagram of the predicted direct (solid lines) and primary indirect effects (dashed lines)
of warming, through shifts in phenological mismatch and changes in leaf quality, on insect fitness proxies. Fitness
proxies are described in the main text.
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5.5

Discussion

Recent climatic change has led to shifts in phenological synchrony for many
interacting species (e.g. Edwards & Richardson, 2004; Post et al., 2008;
Visser & Holleman, 2001), but surprisingly few studies have quantified the
fitness or demographic consequences of such shifts (e.g. Both et al., 2006;
Post et al., 2008). Our study contributes three main findings. First, experimental warming advanced the timing of larval emergence and the entire life
cycle of the western tent caterpillar but it did not influence the early vegetative phenophases of red alder. This led to a range in phenological mismatch
from -20 to +10 days, with larvae emerging before and after the appearance
of leaves, creating a negative mismatch and reducing positive mismatch compared to control families (Figure 5.4c,d). Greater temperature sensitivity of
consumer phenology relative to that of its resource is consistent with some
studies (e.g. Parmesan, 2007; Visser & Holleman, 2001) but not others (e.g.
Both et al., 2009; Thackeray et al., 2010). Therefore, it remains difficult to
predict trophic differences in phenological sensitivity to temperature.
Second, we found that experimental warming had no net effect on the
proxies of insect fitness we used. This was likely as a result of opposing
direct and indirect effects of warming. Temperature-driven shifts in phenological mismatch increased insect development time by prolonging the first
instar (Figure 5.4a,b) while warming shortened development times (Figure
5.4c,d), especially once leaves were present (Figure 5.3). Therefore, larvae
that emerged with leaf emergence and higher temperatures were able to develop the fastest (Figure 5.4). We also found that warming-driven changes
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Figure 5.2: Comparison of the timing of budburst (doy: day of year) on
branches that were cut (i.e. physiologically separated from the tree) to ones
that remained attached for both control and warmed treatments.
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Figure 5.3: Development of western tent caterpillar larvae at Totem Field
(a,c) and UBC Farm (b,d) represented by the cumulative appearance of each
instar across trees for families from warmed (a,b) and control treatments
(c,d). Each cumulative curve represents a different instar, denoted by a
different line type, from left to right: larval emergence, second, third, and
fourth instars. Vertical dashed lines represent the mean date of budburst
and mean date of leaf emergence (from left to right) of each treatment

116

Figure 5.4: Bivariate relationships of development time (larval emergence
to fourth instar) with mismatch (a,b) and mean daily maximum temperature (c,d) for Totem Field (a,c) and UBC Farm (b,d). Triangles represent
warming treatments and circles represent control treatments. Negative (<0)
and positive (>0) mismatch indicates that larvae emerged before and after
leaf emergence, respectively. Dashed (warming) and solid (control) lines
represent a best-fit line from simple linear regression models.
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in leaf quality reduced pupal weight of females, and therefore most likely
fecundity, whereas warming increased final larval weight, albeit weakly. Together, these results suggest that the indirect effects of warming in this
system countered the direct effects resulting in no net influence of warming
on insect fitness. This finding reinforces the importance of considering the
indirect effects of climate change on species’ responses through interspecific
interactions (e.g. Gilman et al., 2010; Harmon et al., 2009; Suttle et al.,
2007) and demonstrates that the net effects of climate change may be difficult to predict given the uncertainty of predicting the nature of indirect
effects (McCann, 2007).
Third, we found that early-emerging larvae were surprisingly resistant to
starvation. Larvae from some warmed families at Totem Field were without
food for three weeks and while we could not estimate individual larval survival, the degree of mismatch did not influence final family size for warming
treatments. This suggests that emerging early did not lead to mass mortality. The observed starvation tolerance is substantially greater than what has
been measured in controlled environments for most other early-spring feeding Lepidoptera larvae (forest tent caterpillar (Malacosoma disstria):Smith
& Raske 1968; gypsy moth (Lymantria dispar ):Hunter 1993; winter moth
(Opterophtera brumata):Wint 1983; but see Hunter 1990). This particularly
high degree of starvation resistance has been interpreted as an adaptation
to variable budburst across years (Parry et al., 1998) where the strategy of
neonate larvae is to manage absent or poor quality foliage by ”persisting”
rather than ”escaping” (e.g. wind-assisted dispersal). These results suggest
that the western tent caterpillar is likely to be quite resistant to warming118

driven shifts in phenological mismatch. Furthermore, these findings imply
that starvation tolerance is an important trait to consider when predicting
the severity of fitness consequences of warming-driven phenological shifts for
spring-feeding insects.
The early vegetative phenophases of red alder were insensitive to our
warming treatments. Temperature is thought to be the primary cue that
triggers budburst in most plant species, especially for early-developing
species such as red alder (Pau et al., 2011). Given our own qualitative
observations of inter-annual variation in budburst, other work showing that
phenophases of sister taxa were sensitive to temporal variation in temperature (Miller-Rushing & Primack, 2008; Sparks et al., 2011), and that we
found advancement in budburst with warmer temperatures within one of
our treatments, early phenology of red alder is likely to be sensitive to temperature. While red alder populations can have high dormancy stability
(i.e. prevention of premature budburst) and suffer delayed budburst due to
a chilling deficit (having not experienced a threshold period of low temperatures; Hamann et al., 2001), chilling requirements for other tree species are
normally met by the end of December in this region (R. Guy pers. comm.).
Therefore, it is unlikely that we interfered with its chilling requirements. Instead, we suspect that alder is simply not as sensitive to spring temperature
as the western tent caterpillar, suggesting that our results are indicative of
the mismatch - qualitative if not quantitative - likely to be created by climate change in this system. The passive warming of the bags during the
first weeks of the experiment was rather modest - enough to accelerate larval emergence but not enough to significantly advance budburst (mean tem119

perature treatment difference up to the beginning of budburst was 0.92◦ C
(0.023SE) at Totem and 0.43◦ C (0.18SE) at the Farm). While further work
is needed to understand how warming will affect alder phenology, our results
illustrate a worst-case scenario for the western tent caterpillar, one in which
there is no shift in early vegetative phenology of its main host plant but a
marked shift in the timing of larval emergence.
As for virtually all field-warming experiments (e.g. open-top chambers
which passively warm ground-level temperatures (Marion et al., 1997)), our
warming treatments likely altered environmental variables besides temperature (Wolkovich et al., 2012), including CO2 concentrations and UV-B
radiation, possibly confounding the effects of temperature on insect fitness.
However, several lines of reasoning suggest minimal non-temperature related effects of our treatments. Our bags likely reduced CO2 to some extent
when the leaves were fully developed and air flow was more limited (during
late third and fourth instars), which potentially affected larval performance
(Buse et al., 1998; Lincoln et al., 1993; Robinson et al., 2012) and leaf quality (Robinson et al., 2012). However, given regular wind blowing through
the bags it is unlikely that CO2 differed significantly among treatments and
since leaves grew faster in the warming treatments than control treatments
(Appendix J), it is unlikely the bags limited photosynthetic rates. Later in
the season when overall UV-B exposure was greater, some aspects, but not
all, of larval performance and leaf quality may have been affected by reduced
UV-B (Buck & Callaghan, 1999; Rousseaux et al., 2004; Zavala et al., 2001).
Therefore, it remains unclear what the net effect of reduced UV-B on insect fitness might have been. Despite the potential effects of abiotic factors
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such as CO2 and UV-B on insect performance, they are thought to be less
important overall than temperature (Scriber & Slansky, 1981). Moreover,
leaf quality is likely to have the greatest effect on early instars (Scriber &
Slansky, 1981) when changes in CO2 and UV-B were likely to be minimal.
Finally, before the appearance of leaves, the treatment difference in temperature is likely the only factor that could have influenced the emergence of
larvae from their egg mass.

5.5.1

Conclusions

To our knowledge, this is the first study to demonstrate that warming-driven
shifts in phenological mismatch are as important to consider as the direct
effects of warming on consumer fitness. Our results revealed that experimental warming, of a magnitude consistent with predicted climate change effects
for the study region over the next century, led to significant shifts in phenological mismatch between the western tent caterpillar and red alder, and
advanced the insect’s life cycle. While warming-driven phenological shifts
may also influence other factors such as exposure to natural enemies (important determinants of fitness in natural populations, Fitzgerald, 1995; Myers,
2000), we see clear evidence of opposing direct and indirect effects (through
shifts in phenological mismatch and leaf quality) on proxies of insect fitness.
By not explicitly accounting for the indirect effects of warming, especially
when they counter the direct effects, predictions about the consequences of
climate change for a particular species could be misleading. Combined with
their high starvation tolerance, these results suggest that the western tent
caterpillar may be surprisingly resistant to the effects of climate change.
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Chapter 6

Conclusions
This thesis tested several hypotheses related to the causes and consequences of interspecific and intertaxonomic differences in the sensitivity of
species’ distributions and phenologies to climate and variation in temperature. Chapter 2 focused on characterizing variation among major taxonomic groups in the climate-distribution relationship. Chapter 3 focused on
understanding interspecific variation in the relationship between butterfly
phenology and temperature, while Chapter 4 focused on describing potential
implications of differences between butterflies and plants in the temperature
sensitivity of phenology. Lastly, Chapter 5 experimentally evaluated the fitness consequences of differences in phenological sensitivity to temperature
for one plant-insect interaction. In this concluding chapter, I review the
key findings of each chapter, make some general conclusions, briefly address
the main limitations of the thesis, and finish with some reflections on future
directions in this field.
In Chapter 2, I tested the hypothesis that species from different taxonomic groups (plants, birds, mammals, herptiles and insects) vary in their
climate-distribution relationships because of differences in life history strategies, in particular dispersal ability. Overall, there was a strong climate-
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distribution relationship across species; reinforcing the idea that climate is
an important determinant of species’ distributions at broad scales. However, in support of the hypothesis tested, there was a significant difference
in the strength of species climate-distribution relationship across taxonomic
groups. In contrast, I did not find support for the hypothesis that dispersal ability affects the strength of this relationship. Within and between
taxonomic differences in the strength of species’ climate-distribution relationships suggest a role for ecological traits but it is unclear which trait(s)
is important in determining the strength of this relationship.
In Chapter 3, I quantified and characterized butterfly phenologytemperature relationships across Canada, testing for earlier flight seasons
under warmer conditions over space and time. Since flight season timing
predictably advanced in response to warmer temperatures on average, I
concluded that collection records - seldom used in climate change research
to date - can be used to detect broad- scale relationships between phenology
and climate. I found that the flight season timing in early-season species
and species with lower dispersal ability was more sensitive to temperature
than later-season species and those with greater dispersal ability, suggesting that ecological traits can explain interspecific variation in phenological
sensitivity to temperature. Finally, phenological sensitivity to temperature
differed across space vs. time suggesting that accounting for both of these
dimensions of temperature will be critical for making better predictions of
phenological responses to climate change.
In Chapter 4, I compared the sensitivity of flowering and flight season
timing to temperature across British Columbia over space and time to es123

timate potential shifts in phenological synchrony between butterflies and
their adult nectar food plants. As predicted, butterfly and plant phenology
advanced in warmer years and locations; however, the timing of flowering
season was more sensitive and more variable in response to temperature
than flight season timing. Moreover, the effects of temperature differed
across space vs. time for flowering season timing, suggesting the importance
of other cues for many plant species. Pair-wise interactions revealed significant butterfly-plant differences in sensitivity suggesting that substantial
shifts in phenological synchrony for plant-insect interactions with climate
warming are likely. Finally, the likelihood and magnitude of these shifts
does not appear to differ among butterfly specialists and generalists.
Lastly, in Chapter 5, I experimentally tested the effects of warming on
the phenology of an insect herbivore and its main host plant and evaluated the consequences of warming-driven phenological shifts on the fitness
of the insect herbivore. My results revealed that experimental warming, of
a magnitude consistent with predicted climate change effects for the study
region over the next century, led to significant shifts in phenological mismatch between the western tent caterpillar and red alder, and advanced the
insect’s life cycle. I also found evidence of opposing direct and indirect effects (through shifts in phenological mismatch and leaf quality) on proxies
of insect fitness, revealing that warming-driven shifts in phenological mismatch (i.e. indirect effects) are as important to consider as the direct effects
of warming on consumer fitness.
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6.0.2

General conclusions

First, this thesis has shown that collection records can be used to detect
broad-scale phenology-temperature relationships (Chapters 3 and 4). Given
that collection records are taxonomically, spatially and temporally extensive, they represent an invaluable source of data, especially in areas where
other data may be sparse (e.g. tropical ecosystems), for addressing global
change biology issues (Lavoie, 2013; Vellend et al., 2013). Thus far, they have
been underutilized in the global change literature but should be particularly
useful as they can broaden the temporal extent of phenological studies to
a century or more and, as I have revealed through this work (Chapter 3
and 4), temporal data will be necessary to make accurate predictions about
phenological shifts over time. Long-term time series are especially useful
given inter-annual variations in weather that can make detecting phenologyclimate relationships difficult. Finally, this work reinforces the value of museum collections and the efforts to archive and appreciate our natural history
(Vellend et al., 2013, http://naturalhistoriesproject.org).
Second, this work has illustrated that ecological traits can be used to
predict the sensitivity of species’ phenology and geographic distributions to
climatic conditions (Chapters 2 and 3). As such, a trait-based approach
will be useful in predicting species responses to future climate change (Altermatt, 2010; Angert et al., 2011; Diamond et al., 2011). This approach
will be particularly valuable for species where detailed phenology or occurrence data are not available. Intrinsic differences among species in life
history, physiology and other traits already form a central part of the de-
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veloping framework for vulnerability assessments (Williams et al., 2008).
Therefore, a trait-based approach will improve our understanding of the biological mechanisms underlying vulnerability and will ultimately result in a
greater predictive capacity to prioritize vulnerable species to multiple global
changes.
Species’ phenological sensitivities to temperature (Chapter 3,4,5) suggest
that phenological shifts in response to future climate change are likely to be
widespread. Changes in species’ phenology are already the most observed
and documented response to climate change (Parmesan, 2006; Parmesan
& Yohe, 2003; Walther et al., 2002) and this work suggests these shifts will
continue. Since temperature change is predicted to be much greater over the
next century than the last (IPCC, 2007), and that the magnitude of phenological shifts is dependent on the degree of temperature change (Chapter 3),
future phenological shifts should be even greater than what we have already
observed. Given the relationship between phenology and other life history
traits (e.g. seed size, Bolmgren & Cowan, 2008), demography (e.g. MillerRushing et al., 2010), species’ range limits (e.g. Chuine, 2010), ecosystem
function (e.g. Edwards & Richardson, 2004), and species’ interactions (e.g.
Yang & Rudolf, 2010), these phenological shifts are likely to have major
ecological and evolutionary consequences.
Differences across taxa in phenological sensitivities to temperature
(Chapters 4 and 5) imply that shifts in phenological synchrony could be substantial for interacting species and lead to important fitness consequences
(Chapter 5). Differential changes in phenologies could disrupt the temporal
coordination of longstanding and potentially coevolved species interactions
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(Post et al., 2008; Stenseth & Mysterud, 2002; Winder & Schindler, 2004;
Yang & Rudolf, 2010). Indeed, climate change-driven shifts in phenological
synchrony have already been linked to population declines of a long-distance
migratory bird (Both et al., 2006) and demographic consequences for a large
herbivore (Post et al., 2008). Where timing gaps become too large for interacting populations or species, persistence may depend on evolutionary
adaptation, though the rate of adaptation may still not be sufficient (Visser,
2008; Visser & Both, 2005). Given that species interactions can strongly
determine the structure and dynamics of many ecological communities (e.g.
Bascompte et al., 2006; Ives & Carpenter, 2007), the effect of these changes
are likely to be profound (Tylianakis et al., 2008; Yang & Rudolf, 2010).
Finally, the finding that the indirect effects of warming (e.g. phenological mismatch) can oppose and be greater than the direct effects of warming
(Chapter 5) reinforces the idea that the indirect effects of climate change are
as important to consider as the direct effects. By not explicitly accounting
for the indirect effects of warming, especially when they counter the direct
effects, predictions about the consequences of climate change for a particular
species could be misleading (Gilman et al., 2010; Tylianakis et al., 2008).
More broadly, this finding argues that incorporating the underlying mechanistic basis of climatic drivers, and thus specific biological knowledge, will
be important to achieving a more complete understanding of the effects of
climate change (Boggs & Inouye, 2012).
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6.0.3

Limitations and future directions

As with all methods, the ones I used have some limitations. Briefly, species
distribution models are only estimates of species’ distributions and are not
direct observations of species’ presence or population viability. Therefore,
my results in Chapter 2 provide only rough estimates of species’ climatedistribution relationships. Since collection records are an unconventional
data source, in that they were not collected for the purposes of long-term
ecological studies, there are challenges with using them (Vellend et al., 2013).
In particular, imprecision in the estimation of a phenological phase and
inaccuracies in the location of older and/or non-georeferenced records are
likely to decrease the signal:noise ratio and contribute to greater uncertainty
around the estimate of the phenology-temperature relationship. Additionally, geographic and temporal collection patterns have the potential to bias
patterns of species’ range shifts (e.g. Bedford et al., 2012). Finally, field
experiments represent imperfect simulations of the real world; however, as
field-warming experiments commonly alter environmental variables besides
temperature (Wolkovich et al., 2012), the warming experiments from Chapter 5 are likely to be as realistic as most.
The key findings and limitations of this thesis suggest potential avenues
for future work. First, while collection records have the potential to quantify species’ phenological responses to recent environmental changes given
their extensive coverage, they also have their limitations. To maximize the
potential of collection records in global change studies, adopting a hierarchical Bayesian approach in future studies should allow more explicit ac-
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counting for the uncertainties inherent in collection records, thus improving
inferences and ability to make accurate predictions (Clark, 2005). Bayesian
approaches have yet to become widely used in many branches of ecology
(Stephens et al., 2007) but have clear potential, especially with data presenting multiple sources of uncertainty.
Due to the variation in ecological and life history strategies across species,
ecological traits have obvious potential in understanding species’ recent responses to climate change. However, this potential may be limited in some
cases, with relatively small proportions of interspecific variation in climate
sensitivity explained by trait differences (Chapter 2 and 3; Angert et al.,
2011). It remains unclear whether these limitations are a result of poor
knowledge of species’ life histories, drawbacks of the traits themselves or a
lack of understanding of the processes underlying these responses (Angert
et al., 2011; Buckley & Kingsolver, 2012). For example, while dispersal
ability is likely to be a key strategy for dealing with climate change, we
currently lack reliable data on dispersal rates, either active or passive, of
many species (Berg et al., 2010). Therefore, our current estimates of dispersal ability clearly need improvement. Where feasible, estimation of dispersal
rates for interacting species would be particularly informative. Additionally,
a better understanding of rare long-distance dispersal events (Clark, 1998;
Gillespie et al., 2012) or prioritizing trait measurements within leading-edge
populations, provided populations exhibit local adaptation and genetic differentiation (Angert et al., 2011), would provide information especially pertinent to predicting range expansion.
While the phenology of most species included in this work were sensi129

tive to temperature, there was substantial interspecific variation across both
insects and plants (Chapter 3,4,5), even to the same treatment (Chapter
5), and the effects of temperature differed across space and time for many
species (Chapter 3 and 4). These findings suggest the importance of other
abiotic cues in determining phenology for many species. Most phenology
work thus far has focused on the effects of temperature but it is clear that
phenological cues involve more than temperature. In particular, assessing
the interaction between phenological cues (e.g. temperature vs. day length)
may be key to predicting biological responses to climate change (Pau et al.,
2011). While single-factor studies are common in the climate change literature (Brown et al., 2011), testing alternative factors concurrently should
be a priority in future studies. Most of the phenological studies have been
primarily from mesic, temperature seasonal systems in the mid-latitudes
(Cook et al., 2012; Crimmins et al., 2010); therefore, comparing phenological sensitivities across diverse regions would increase the generalizability
of our conclusions about the effects of climate change on phenology (Cook
et al., 2012; Diez et al., 2012).
While shifts in phenological synchrony are likely to have substantial impacts on ecological communities (Yang & Rudolf, 2010), there are relatively
few examples in which the fitness consequences of these shifts have been
measured (Both et al., 2006; Klapwijk et al., 2010; Liu et al., 2011; Post
et al., 2008). As such, this represents an area where future research in
this field should be focused. With the goal of being able to make general
predictions about the sensitivity of species to these shifts, I suggest four
potential avenues of particular importance. First, most studies have exam130

ined the effects of climate change on the timing of single life-history events,
such as flowering time or peak resource demand (Yang & Rudolf, 2010).
However, quantifying entire temporal distributions of phenological parameters would allow estimation of the phenological overlap between interacting
species. This in turn would permit meaningful assessments of the likelihood
that a biologically relevant shift in phenological synchrony will occur for an
interacting pair of species. For example, a species will be more strongly
influenced by shifts in synchrony if the resource it interacts with is available only during a narrow temporal window (Durant et al., 2005). Second,
since many interactions extend and change over the lifetime of an organism
and are strongly affected by the ontogenetic stages of the interacting species
(Yang & Rudolf, 2010), considering the implications of shifts in phenological
synchrony over multiple life stages is needed. Third, quantifying interaction
strength (the degree to which one species’ survival or reproduction is limited by the other species or factors involved in the interaction) for large
assemblages of species is not feasible; therefore, comparing the sensitivity
of species that differ in their degree of ecological specialization to shifts in
phenological synchrony would be a good start. Lastly, evaluating the potential for novel species interactions would help determine the sensitivity of
a species’ fitness to climate change-driven shifts in phenological synchrony
(Gilman et al., 2010; Miller-Rushing et al., 2010). For example, switching to
a new or less-preferred host with different phenology (Alarcón et al., 2008;
Hellmann, 2002; Singer, 1972) or novel interactions among native and exotic species could compensate for shifts in synchrony (Gilman et al., 2010;
Schweiger et al., 2010).
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Finally, phenology has been identified as an especially important trait
shaping species’ distributions given that it determines the ability to capture variable resources and defines the season and duration of growth and
reproduction (Chuine, 2010). For example, beyond northern range limits,
growth and reproduction may not be completed because the time period with
favourable conditions is shorter and the conditions are less favourable overall than at lower latitudes. While there are clear links between phenology
and geographic distributions, there has been little attempt to consider the
relationship among recent responses to climate change (Chuine, 2010). Are
those species that are shifting their phenologies also shifting their ranges?
Has there been any feedback between these two responses? For example,
terrestrial plants might not track climate as fast as their insect herbivores
(e.g. Schweiger et al., 2008) given that they are less mobile than insects. The
lower mobility of plants could result in their phenology being more sensitive
to temperature and thus shifting more through time than insects, while at
the same time restricting the rate of their range shift. Therefore, determining the links between species’ recent responses to climate change would
reveal more about the long-term and overall consequences of climate change
for the persistence of species and those with differing life history strategies,
than considering each response independently.
As a result of substantial effort over the past two decades, we now have
a solid understanding of how species’ phenologies and distributions are responding to climate change. Moreover, the direct influence of climate, in
particular temperature, on species’ distributions and phenologies has been
well established. However, our understanding of these responses remains
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limited given uncertainty about the relative importance of direct and indirect effects of climate change, reasons for interspecific variation in species’
responses to recent climate change, and the consequences of such variation
for species’ interactions and ecological communities.
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potential causes of range limits of birds of the Colombian andes. Journal
of Biogeography, 37(10), 1863–1875.
146

Guisan, A., Graham, C. H., Elith, J., Huettmann, F., Dudik, M., Ferrier, S.,
Hijmans, R., Lehmann, A., Li, J., Lohmann, L. G., Loiselle, B., Manion,
G., Moritz, C., Nakamura, M., Nakazawa, Y., Overton, J. M., Peterson,
A. T., Phillips, S. J., Richardson, K., Scachetti-Pereira, R., Schapire,
R. E. W., Wisz, M. S., & Zimmermann, N. E. (2007). Sensitivity of
predictive species distribution models to change in grain size sensitivity
of predictive species distribution models to change in grain size. Diversity
and Distributions, 13, 332–340.
Guisan, A. & Hofer, U. (2003).

Predicting reptile distributions at the

mesoscale: relation to climate and topography. Journal of Biogeography,
30(8), 1233–1243.
Guisan, A. & Thuiller, W. (2005). Predicting species distribution: offering
more than simple habitat models. Ecology Letters, 8(9), 993–1009.
Guisan, A. & Zimmermann, N. E. (2000). Predictive habitat distribution
models in ecology. Ecological Modelling, 135(2-3), 147–186.
Guppy, C. S. & Shepard, J. H. (2001). Butterflies of British Columbia.
Vancouver, BC: University of British Columbia Press.
Hamann, A., Namkoong, G., & Koshy, M. (2001). Multiple population
breeding for uncertain climatic futures with alnus rubra: ecological genetics and selection experiments. Forestry Sciences, 70, 321–330.
Hampe, A. (2004). Bioclimate envelope models: what they detect and what
they hide. Global Ecology and Biogeography, 13(5), 469–471.

147
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Schweiger, O., Settele, J., Kudrna, O., Klotz, S., & Kühn, I. (2008). Climate change can cause spatial mismatch of trophically interacting species.
Ecology, 89(12), 3472–3479.
Scriber, J. & Slansky, F. (1981). The nutritional ecology of immature insects.
Annual Review of Entomology, 26(1), 183–211.
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Table A.1: Methodological attributes used to build SDMs for each study used in the analysis. Presented are
the model types, number of climatic variables used in the model, resolution (km2 ) of the model, total spatial
extent over which the model was built (km2 ) and average absolute latitude of the region for which the model
was built.
Study

Model type (s)

Variables Resolution
(km2 )

Spatial extent
(km2 )

Latitude
(o )

Araujo et al. 2005b
Huntley et al. 2006

GAM
GAM, locally weighted regression
locally weighted regression
locally weighted regression
ANN
GAM
autologistic regression

7
4

2500
12227

1.105x107
2.40x107

47
0

3
3
3
6
1-28

2500
2500
2500
256
2975

1.105x107
1.105x107
6.04x106
3.02x107
8.27x106

47
47
47
0
47

Huntley et al. 2008
Huntley et al. 2004
Beale et al. 2008
Thuiller et al. 2006
McPherson & Jetz
2007
Elith et al. 2006

Heikkinen et al. 2007
Luoto et al. 2005
Parra & Monahan
2008
Phillips et al. 2006
Thuiller 2003
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Mars, gdm, maxent, brt, domain,
bruito, GAM, GARP, GLM, bioclim, lives
GAM
GAM
maxent

11

1

1.465 x107

14

3
3
19

100,1600
100
16

3.381 x105
3.381 x105
4.240 x105

64
47
15

GARP, maxent
GLM, CART

13
7

30.25
2500

19621904
15
5222500
15
Continued on next page

Study

Model type (s)
maxent
GLM
logistic regression
ANN, GARP, GAM, CGM
logistic regression, discriminant

Variables Resolution
(km2 )
7
1
12
1
10
25
5
2.56
61
648

Spatial extent
(km2 )
475442
4.10 x104
8.0 x105
1.22 x106
2.77 x106

Latitude
(o )
6
47
15
15
15

Freedman et al. 2009
Guisan & Hofer 2003
Venier et al. 2004
Pearson et al. 2006
McPherson et al.
2004
Thuiller et al. 2004a
Thuiller et al. 2003

GAM
GLM

4
7

6.525 x106
1.105x107

15
15

2500
2500
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Table B.1: Taxonomic attributes of studies used in the analysis. Presented are the total number of unique species
used, the number of birds, herptiles, butterflies, mammals, and plants.
Study

Total number of species

Birds

Herptiles

Butterflies

Mammals

Plants

Araujo et al. 2005b
Huntley et al. 2006
Huntley et al. 2008
Huntley et al. 2004
Beale et al. 2008
Thuiller et al. 2006
McPherson & Jetz 2007
Elith et al. 2006
Heikkinen et al. 2007
Luoto et al. 2005
Parra & Monahan 2008
Phillips et al. 2006
Thuiller 2003
Freedman et al. 2009
Guisan & Hofer 2003
Venier et al. 2004
Pearson et al. 2006
McPherson et al. 2004
Thuiller et al. 2004a
Thuiller et al. 2003

1778
1457
214
173
42
272
176
30
2
79
57
2
2
3
8
10
4
5
1
2

157
1457
214
36
42
0
176
0
2
0
0
0
0
0
0
10
0
5
0
0

103
0
0
0
0
0
0
0
0
0
0
0
0
3
8
0
0
0
0
0

0
0
0
37
0
0
0
0
0
79
0
0
0
0
0
0
0
0
0
0

152
0
0
0
0
272
0
0
0
0
57
2
0
0
0
0
0
0
0
0

1366
0
0
100
0
0
0
30
0
0
0
0
2
0
0
0
4
0
1
2
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Table C.1: Attributes of studies that contained dispersal distances for species in our dataset
Study

Taxonomic Group

Details

Bowman et al. 2002

mammals

Cain et al. 1998

plants

Paradis et al. 1998

birds

Schneider 2003

butterflies

Smith & Green 2005

amphibians

Sutherland et al. 2000

mammals and birds

Conducted a literature review to find maximum distance
moved by adult mammals after translocation.
Measured dispersal distance for Asarum canadense via direct observations of seed movement by ants; searched the
literature for measured dispersal distances for other woodland herbs. Some of these were directly observed and others
were based on measured fall rates of seeds combined with
typical wind speeds.
Used survey data from the ringing scheme of the British
Trust for Ornithology 1909-1994. Included only birds ringed
and recovered during the breeding season (i.e. excluded migration distances). Estimated both natal and breeding dispersal distances.
Compiled mean distances reported in mark-releaserecapture studies.
Compiled a list of the longest distances moved in both markrecapture and displacement studies.
Compiled data on natal dispersal distances from a literature
search. Most data were based on incidental observations.
Did not accept data from ”likely migrants”.
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Appendix D

Collinearity correlations
Table D.1: Collinearity (Spearman r coefficients) between all continuous
covariates (n=4317).

area
resolution
variables

latitude

area

resolution

-0.903
-0.589
0.277

0.503
-0.29

-0.479
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Table E.1: Analysis of deviance table for the relationship between model accuracy, covariates and taxonomic group
when studies that contributed more than half of the total number of species in one taxonomic group were removed.
Presented are the differences in AIC and deviance between full and reduced models as well as the associated p
value. The difference in degrees of freedom between full and reduced models was four for all comparisons and
subsets. The full model includes number of variables, log(spatial extent), resolution and model type. When
Huntley et al. 2006 is removed there are 2860 species from nineteen published studies, without Araujo et al. 2005
there are 2539 species from nineteen published studies and without Luoto et al. 2005 there are 4238 species from
nineteen published studies.
Studies subset

Model for comparison

Without Huntley et al. 2006

Just intercept
Full model
Just intercept
Full model*
Just intercept
Full model

Without Araujo et al. 2005
Without Luoto et al. 2005

Model terms
+Taxonomic
+Taxonomic
+Taxonomic
+Taxonomic
+Taxonomic
+Taxonomic

group
group
group
group
group
group

∆AIC

∆Deviance

p

33.46
31.88
14.96
15.18
41.6
41.76

41.46
39.88
22.96
23.18
49.6
49.76

<0.0001
<0.0001
0.000129
0.000117
<0.0001
<0.0001

* Only includes spatial extent and resolution, none of the other covariates in the model led to estimation
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Appendix F

Description of data
preparation
Butterfly dataset
Our main data source was the National Collection of Butterflies database
(updated as of January 2011, Layberry et al., 1998). Each collection record
includes a specimen preserved in one of 40 Canadian natural history collections: specimens were collected and identified initially by lepidopterists
and re-verified recently by Lepidopteran systematists (see Layberry et al.,
1998). We supplemented the database with additional data for British
Columbia, Alberta, Yukon and Ontario from the Spencer Entomological Collection (UBC; Papilionidae) and the personal and professional collections
of Canadian butterfly experts. However, not all observations in the noninstitutional databases are associated with a specimen i.e. not all individuals
were collected after identification. Nevertheless, expert Lepidopterists identified these individuals so data quality should not be greatly affected. Data
from the main database can be found online (http://www.cbif.gc.ca/spp pages/butterflies/index e.php) and effort is underway to make the supplemental database available as well, conditional on the approval of the collectors. Before data management, the total database included 250,950 georeferenced records.
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To avoid pseudo-replication, duplicate records of a species on a particular day at a specific location (within ∼2km) were considered a single record.
We worked at the species level so records identified only to genus level or hybrids were not used and sub-species were grouped to the species level. Based
on known geographic ranges (Bedford et al., 2012), we removed species suspected of having large geographical collection biases (large areas of severe
undersampling): Plebejus glandon, Boloria chariclae, Boloria frigga, Lycaena phlaeas, and Oeneis melissa. Finally, to avoid including erroneous
records, single records (per location and year) that occurred in December,
January, or February on days that had a daily maximum temperature less
than 10◦ C were eliminated. We assumed that these dates were incorrect as
none of the species in our database are known to be in flight during those
months (Layberry et al., 1998).
To isolate the effect of spring temperature on the same year’s adult
flight season, we excluded all non-resident species in Canada (migratory,
rare strays etc.). In summary, the analysis included ∼48,000 georeferenced
records for 204 species from 1873 to 2010. There were 1792 weather stations
and 6172 unique butterfly sites included that spanned the entire country
(9,984,670 km2 ; Figure F.1). Species varied in the total number of records
(11-1475), total number of years with data (4-113) and range of years
(30-135) with data.

Overall statistical approach
Unless otherwise specified, we used linear mixed-effects models (’nlme’
package in R (Pinheiro et al., 2012) and lmer; ’lme4’ package in R (Bates
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et al. 2011). All models were fitted using restricted maximum likelihood
(REML), which deals appropriately with correlated structures, unbalanced
designs and gives less biased variance estimates than the method of
maximum likelihood (Pinheiro & Bates, 2000).

Likelihood ratio tests

were used for model comparison and AIC was used for model selection
following Burnham & Anderson (2002). If sample size was less than 40,
AICc (AIC corrected for small sample size) was used. We judged significant
improvement in model fit when AIC or AICc improved by greater than two
(Burnham & Anderson, 2002).

Estimating temperature
Based on studies conducted in similar climates, the best predictors of
butterfly phenology are temperatures from late winter to the end of summer, depending on the region (Dell et al., 2005; Pollard, 1988; Roy & Sparks,
2000; Sparks & Yates, 1997). Therefore, we first determined which three
month block from January to July best predicted the timing of flight season
on average for species by comparing the relationship between temperature
and timing of flight season across all 205 non-migratory species for each
seasonal block (Table F.1). Weather station and year were included as random effects. To estimate temperature for each block, we used mean daily
maximum temperature (for all 24 hours). Daily maximum temperatures
were used rather than mean temperatures because they provide a more relevant characterization of conditions when butterflies are developing during
the day (Dell et al., 2005). If more than 10% of the days were missing data
for a given three-month block, the temperature value for that year was con184

sidered missing. Of the four seasonal blocks we tested, no block was the
clear best model (i.e. all ∆AIC<2). However, late spring (April 1 to June
30) was ranked the best model most often across species (Table F.1), so we
proceeded with late spring temperature.
Cumulative degree-days have also been shown to be an important predictor of insect phenology (Bryant et al., 2002; Hodgson et al., 2011; Romo
& Eddleman, 1995). However, since calculating cumulative degree-days for
all records across Canada is prohibitively computationally intensive, we
first wanted to determine whether degree-day was a significantly better
predictor of the timing of flight season than late spring temperature across
a subset of sites. Therefore, we calculated cumulative degree-days above
5◦ C from April 1 to June 30 for the province of British Columbia, which
is especially climatically heterogeneous.

For each species we compared

a model with day of year as a function of temperature calculated based
on mean daily maximum spring temperature to one based on degree-day
temperature (number of species = 130). Based on the average median AIC
difference across all species, the model with late spring temperature was a
better fit than the model with degree-day temperature (mean ∆AIC= 7.63
(0.24SE)). Therefore, we proceeded with mean daily maximum temperature
for April 1 to June 30.
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Table F.1: Relationship between seasonal temperature and timing of flight season across species (n=205). Shown
is the mean temperature sensitivity of flight season timing (days/◦ C), the number of species with that seasonal
block as the best fit, median ∆AIC between models across species.
Season

Months

Winter
Early spring
Late spring
Summer

January-March
March- May
April-June
May- July

Mean temperature sensitivity
(SE) (days/◦ C)

Number of species with
model ranked as best

-0.46
-1.49
-1.85
-1.56

22
43
80
60

(0.08)
(0.11)
(0.13)
(0.13)

Median ∆AIC
1.28
0.54
0.98
0
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Table F.2: Predicted relationships between relevant ecological traits and the sensitivity of flight season timing to
temperature.
Trait

Prediction

Rationale

Overwintering
stage
(egg, larvae, chrysalis,
adult)

More advanced stages will be
more sensitive

Adults are more mobile than other developmental
stages and can readily respond without further development (Dennis, 1993; Diamond et al., 2011)

Flight season length

Species with shorter flight seasons will be more sensitive

Species with shorter flight seasons should have
heavier fitness costs of mis-timing their season

Voltinism

Species with fewer generations
will be more sensitive

Species with more generations are more dependent
on photoperiod as a cue for diapause (Tobin et al.,
2008)

Timing of flight season

Early season species will be
more sensitive

Early season species will have heavier fitness costs
of mis-timing because of increased likelihood of
frost and more variable weather and they are likely
to be more attuned to abiotic cues (Pau et al., 2011)

Dispersal ability

Species with lower dispersal
ability will be more sensitive

Species with greater dispersal ability are better able
to track suitable climatic conditions and are less
dependent on tracking the phenology of their host
plants (Diamond et al., 2011)
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Trait
Larval host breadth
(monophagous,
oligophagous
or
polyphagous)

Prediction
Species with a broader diet
will be more sensitive

Rationale
Species with a broader diet will be less dependent
on their host plants and better able to track suitable temperature (Altermatt, 2010; Diamond et al.,
2011)

Range size

Species with a smaller range
will be more sensitive

Populations of species that occur over a wide geographic range are adapted to a wide range of climates and are better able to track suitable climatic
conditions (Altermatt, 2010; Diamond et al., 2011)
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a)#

b)#
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Figure F.1: Pattern of butterfly collecting efforts in the Canadian National Collection of Butterflies database
(Layberry et al., 1998) and supplemental database used in the analysis, from each decade over the past 130 years
(a) and across Canada (b).

Appendix G

Description of main
statistical analyses
Overall statistical approach
See Appendix F for details on overall statistical approach.

Testing for interactions, non-linearity and temporal autocorrelation
To test for a potential interaction between spatial and temporal dimensions of temperature in predicting the timing of flight season, we evaluated
the contribution of an interaction term to each species’ model. However,
on average, the interaction term did not improve model fit (∆AIC= 0.265;
n=204) so no interaction term was included.
To test for potential nonlinear relationships in each species’ model (i.e.
day of year as a function of temporal and spatial dimensions of temperature,
temperature as a function of year and day of year as a function of year), we
conducted generalized additive mixed-effects models (gamm: ”mgcv” package in R (Wood, 2011)) with a smooth function. We used the estimated
degrees of freedom of the smooth term (which allows for the best fit) to
determine the degree of nonlinearity. This dimension equaled 1, which indi-
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cates linearity, for the majority of species and models (68-80%, number of
species=207, number of models=3), so we continued with lme models.
To test for the presence of temporal autocorrelation in each species’
model (i.e. day of year as a function of temporal and spatial dimensions of
temperature, temperature as a function of year, and day of year as a function
of year), we specified the correlated within-group error structure with the
lme function in R using an autoregressive order of one, which allows the
correlation function to decrease in absolute value exponentially with lag. We
also experimented with different correlation structures, (a moving average
parameter, increasing the order of the autoregressive parameter) but they
resulted in problems with model convergence. For each species, a model
with an autoregressive correlated error structure was compared to a model
with no specified correlation term.
The model fit for spring temperature as a function of year for the
majority of species was significantly improved by accounting for temporal
autocorrelation (median ∆AIC= 2.88 (1.72SE), 111/207 of species had
∆AIC>2). Therefore, we specified a serial correlation structure for spring
temperature as a function of year for all species.

Since models with

a temporal error structure did not improve model fit for the majority
of species for day of year as a function of spring temperature nor as a
function of year (median ∆AIC=-0.40 (1.03SE), 78/207 of species had
∆AIC>2; median ∆AIC=-0.35 (0.66SE), 76/207 of species had ∆AIC>2,
respectively), we concluded that temporal autocorrelation was not present
in the majority of cases and proceeded with lme models for these two models.

191

Evaluating trends in phenology over time
Using the regression coefficients from each analysis, we evaluated
whether a species’ temporal phenological shift could be predicted by i) the
degree of temperature change for the set of locations and times at which
there were collection records for that species, ii) its phenological sensitivity
to spatial temperature and iii) its phenological sensitivity to temporal
temperature. We used generalized least squares with maximum likelihood
to test the significance of these relationships. For all models, an outlier
was removed to meet the assumption of a normal error distribution. The
removal of the outlier did not affect the results so the results are presented
without the outlier.
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Appendix H

Phylogenetic data and
analyses
Phylogenetic tree
In order to account for potential phylogenetic non-independence in our
analyses, a phylogenetic tree of all species included in our study was reconstructed (Figure H.1). Sequences from the mitochondrial cytochrome
oxydase I gene (COI; the ’barcoding’ gene) were obtained from Genbank.
Complete sequences (∼1475 base pairs) were selected when available, but
partial sequences were also used. For each taxon, sequences from two different sources were obtained when possible. All genera were represented in the
final dataset, which included 284 sequences. Sequences were retrieved from
Genbank and aligned in GENEIOUS v 5.6 (Drummond et al., 2012). Alignment was performed with the MAFFT (Katoh & Toh, 2008) plugin using
default settings and was visually inspected. The final trimmed alignment
included 1473 sites.
The program MODELGENERATOR (Keane et al., 2006) was employed
to determine the best substitution model to use for tree reconstruction.
The Akaike information criterion (AIC) and the hierarchical likelihood ratio
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tests implemented in the software both selected the GTR + I + Γ model
as the best one (general time reversible model with a proportion of invariable sites and a gamma-distributed rate variation).This model was used for
phylogenetic inference using the software MRBAYES v 3.2 (Ronquist et al.,
2012). The dataset was partitioned in three subsets according to codon
position. All model parameters were unlinked for analysis, i.e. each partition had distinct parameters (nucleotide frequencies, rates of transitions and
transversions, shape of gamma distribution, proportion of invariable sites).
Preliminary runs without topological constraints were performed to evaluate
if constraints were required, as homoplasy and saturation in COI may hinder the reconstruction of very deep nodes in phylogenies (Hillis et al., 1996),
which has been found to occur in Lepidoptera (Wilson, 2011). These preliminary results revealed that our COI dataset failed to recover the monophyly
of Papilionoidea, placing Papilionoidae as a sister taxon to a clade comprising Hedylidae + Hesperiidae + other papilionoid families (Lycaenidae +
Pieridae + Nymphalidae). However, this result was replicated recently in a
thorough investigation of butterfly phylogenetics that included 191 morphological characters and 7 nuclear genes in addition to COI (Heikkilä et al.,
2012). We also obtained paraphyly of the hesperiid subfamily Pyrginae,
which is consistent with current knowledge of butterfly phylogenetics (Warren et al., 2008, 2009). No additional discrepancy from recognized higher
taxa in butterfly systematics was noted. Since our results were congruent
with other studies, we decided not to enforce any topological constraint. Final computations were performed with four simultaneous independent runs,
each comprising four chains, for 2 million generations, discarding the first
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25% as burn-in. The average standard deviation of split frequencies across
runs was 0.017 and the effective sample size (ESS) of all model parameters
was above 100 (range: 132-2772). Two genera (Cupido and Erora), which
are included here, to the best of our knowledge, for the first time as ingroup taxa in a phylogenetic analysis, did not cluster with their respective
subfamily.
A matrix of cophenetic distances (distances between pairs of tips on
a tree) was calculated from the final tree (with branch lengths) with the
R package APE v 3.0 (Paradis et al., 2004). Species included in the phylogenetic analysis that were missing from our trait dataset were removed.
For species in the trait dataset but missing from the final tree, species
from the same genus were used instead to obtain inter-generic distances.
Intra-generic distances for missing species were considered to be the mean
pairwise distances among species from the same genus. If only a single
species from that genus was included (i.e. it was impossible to calculate
a mean intra-generic distance for that genus), intra-generic distances were
instead approximated as the mean intra-generic distances from all genera in
the tree (excluding the few genera that were revealed to be paraphyletic).
These operations were performed with custom R scripts written by the
authors and applied on the cophenetic matrix. The final matrix of pairwise
cophenetic distances was used to calculate a new tree with the UPGMA
function implemented in the R package PHANGORN (Schliep, 2011). This
tree is shown in Figure H.1 and was used for subsequent statistical analyses.

Phylogenetic analyses
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Following Revell (2010), we first assessed whether a phylogenetic analysis
was necessary by comparing residuals from linear models to phylogeneticallyadjusted linear models. To do so, we used a phylogenetic generalized leastsquares model framework (pgls, (Freckleton et al., 2002); gls function in
the ”nlme” package (Pinheiro et al., 2012) in R) to account for potential
phylogenetic non-independence across species. This method uses the phylogenetic variance/covariance matrix estimated from the phylogeny to adjust
for correlated error structure. For each trait, we conducted a standard gls
model (not accounting for phylogenetic relationships) and then applied several common branch length transformations including a Brownian motion
model (no transformation), Ornstein-Uhlenbeck, and Pagel’s lambda. All
gls and pgls models were fit with maximum likelihood. To confirm that a
pgls model was the most appropriate (rather than a standard gls model), we
compared standard gls and pgls models with AIC (Table H.2, H.3, H.4) and
then reported the results from the model that best fits the data (∆AIC>2).
If there was no clear best model (i.e. ∆AIC<2), the results from the gls
model were reported. Using pgls models instead of standard regressions
when the residual error is non-phylogenetic can increase type I error (Revell, 2010). In any case, results were similar between gls and pgls models
for these traits. If the pgls model fitted the data better than the standard
gls model, then the residual variation in the dependent variable exhibited
phylogenetic signal (Blomberg et al., 2003; Freckleton et al., 2002).
For each trait, the absolute value of species’ phenological sensitivity to
temperature was the response variable. To meet assumptions of normality
and homoscedasticity, we square-root transformed species’ phenological sen196

sitivity to temperature and range size, as well as log-transformed average
flight season length and wingspan. To improve homoscedasticity between
species’ phenological sensitivity to temperature and timing of flight season
and mobility, we used an exponential variance structure and for larval host
breadth, we used a power variance structure. Larval host plant breadth and
overwintering strategy were defined as integers.
Since the variance increased with the mean for the trait ’average number
of generations’ and standard variance transformations (Pinheiro & Bates,
2000) did not improve heteroscedasticity, generalized estimating equations
(GEE; Paradis & Claude, 2002) with a Gamma error structure were used
(compar.gee function in the ”ape” package (Paradis et al., 2004) in R). This
method incorporates species relatedness as a correlation matrix and uses a
generalised linear model approach, allowing data to be analysed using nonnormal response variables. GEE models assume a Brownian motion model
of evolution so to incorporate other models of evolution, we transformed
the tree branch-length using the estimated from the pgls model (fitted by
maximum likelihood) and used the transformed tree in a GEE model. We
compared the GEE models to one without phylogeny by setting λ to 0 (no
phylogenetic signal) and re-running the GEE model. We compared models
using QIC, a quasi-information criterion. Finally, an F test was used to
determine the significance of overall model fit (between a full and reduced
model).
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Table H.1: Model comparison between phylogenetic and non-phylogenetic gls models for the relationship between
species’ traits and phenological sensitivity to overall, spatial and temporal temperature for only those species with
negative sensitivities (warmer temperatures lead to earlier flight season timing). Only traits found to be significant
in the main analysis (Table 3.1) are shown here. Models in bold represent the best model. The response variable
is the square root of the absolute value of phenological sensitivity to temperature as defined in the main text.
Trait

Temperature Model
sensitivity
(residual
df)

∆AIC

Transformation Coefficient
parameter
(SE)

Timing
of flight
season

Overall
(181)

No phylogenetic
correction

21.18

NA

Brownian
OrnsteinUhlenbeck
Pagel

179.35 NA
5.93
1562.03
0

0.16

No phylogenetic
correction
Brownian
OrnsteinUhlenbeck
Pagel

16.18

NA

Spatial
(166)

217.36 NA
NA
NA
0

0.15

LRT

df

p
value

6.49

5,4

0.011

7.56

5,4

0.006

-0.0029
(0.0013)
-0.014 (0.0026)
-0.0030
(0.0013)
-0.0038
(0.0015)
-0.0051
(0.0018)
-0.019 (0.0055)
NA
-0.0054
(0.0019)
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Trait

Mobility

Temperature Model
sensitivity
(residual
df)
Temporal
No phylogenetic
(180)
correction
Brownian

Overall
(178)

Spatial
(163)

∆AIC

Transformation Coefficient
parameter
(SE)

15.26

NA

177.46 NA

OrnsteinUhlenbeck
Pagel

0

277.46

0.68

0.026

No
phylogenetic
correction
Brownian
OrnsteinUhlenbeck
Pagel
No
phylogenetic
correction
Brownian
OrnsteinUhlenbeck

0

NA

-0.00048
(0.0013)
-0.0037
(0.0012)
-0.00082
(0.0013)
-0.00038
(0.0014)
-0.073
(0.025)

247.83 NA
1.38
1566.95

-0.37 (0.062)
-0.073 (0.025)

1.3
0.42

-0.068 (0.027)
-0.068
(0.035)

0.043
NA

204.87 NA
NA
NA

LRT

df

p
value

0.38

5,4

0.54

8.33

4,3

0.0039

3.75

4,3

0.053

-0.52 (0.12)
NA
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Trait

Temperature Model
sensitivity
(residual
df)
Pagel
Temporal
No
phy(177)
logenetic
correction
Brownian
OrnsteinUhlenbeck
Pagel

∆AIC

Transformation Coefficient
parameter
(SE)

0
0

0.14
NA

-0.062 (0.041)
-0.033
(0.026)

198.78 NA
1.73
703.05

-0.035 (0.048)
-0.033 (0.026)

1.99

-0.032 (0.026)

0.0072

LRT

df

p
value

1.64

4,3

0.2
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Table H.2: Model comparison between phylogenetic and non-phylogenetic gls models for phenological sensitivity
to overall temperature with each species’ traits. Models in bold represent the best model that is reported in
the main text. Range size was square-root transformed, and average flight season length and wingspan were
log-transformed. ’*’ means QIC rather than AIC.
Trait

Model

∆AIC

Transformation Coefficient (SE)
parameter

Average number of
generations
(residual
df=203)

No phylogenetic correction

0

NA

-0.028 (0.044)

Brownian
Pagel
No phylogenetic correction

1.18*
1.93*
0.18

NA
λ=0.063
NA

0.12 (0.020)
-0.028 (0.044)
-0.054 (0.066)

Brownian
Ornstein-Uhlenbeck
Pagel
No phylogenetic correction

358.07
1.79
0
19.41

NA
α=2055.95
λ=0.059
NA

-0.098 (0.066)
-0.054 (0.066)
-0.036 (0.068)
-0.0031 (0.0013)

Brownian
Ornstein-Uhlenbeck
Pagel

221.82 NA
4.44
α=1875.14
0
λ=0.102

Average
length
of
flight season (residual
df=203)

Timing of flight season
(residual df=203)

-0.0019 (0.0030)
-0.0032 (0.0013)
-0.0037
(0.0014)
Continued on next page
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Trait
Mobility
df=199)

Model

∆AIC

No phylogenetic correction

0

Transformation Coefficient (SE)
parameter
NA
-0.064 (0.025)

Brownian
Ornstein-Uhlenbeck
Pagel
No phylogenetic correction

348.27
1.69
0.97
0.12

NA
α=2466.46
λ=0.046
NA

0.041 (0.093)
-0.063 (0.025)
-0.057 (0.027)
0.040 (0.063)

(residual

Brownian
Ornstein-Uhlenbeck
Pagel
No phylogenetic correction

342.45
1.49
0
0

NA
α=1844.67
λ=0.061
NA

(residual

Brownian
Ornstein-Uhlenbeck
Pagel
No phylogenetic correction

191.51
NA
0.079
0

NA
NA
λ=0.074
NA

0.032 (0.13)
0.043 (0.063)
0.042 (0.064)
-3.04e-5 (7.4e5)
3.72e-4 (5.81e-5)
NA
-6.5e-6 (7.36e-5)
-0.16 (0.101)

Brownian
Ornstein-Uhlenbeck
Pagel
No phylogenetic correction

319.95
1.42
1.13
0

NA
α=1781.32
λ=0.048
NA

1.065 (0.31)
-0.16 (0.10)
-0.096 (0.12)
-0.0019 (0.049)

Brownian

342.89 NA

(residual

Larval host breadth
(residual df=189)

Range size
df=167)

Wingspan
df=196)

Overwintering (residual
df=188)
202

0.15 (0.14)
Continued on next page

Trait

Model

∆AIC

Ornstein-Uhlenbeck
Pagel

1.64
0.83

Transformation Coefficient (SE)
parameter
2053.41
0.0020 (0.049)
λ=0.041
0.0043 (0.052)
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Table H.3: Model comparison between phylogenetic and non-phylogenetic gls models for phenological sensitivity
to temporal temperature with each species’ traits. Models in bold represent the best model that is reported
in the main text. Range size was square-root transformed, and average flight season length and wingspan were
log-transformed. ’*’ means QIC rather than AIC.
Trait

Model

∆AIC

Transformation Coefficient (SE)
parameter

Average number of
generations
(residual
df=202)

No phylogenetic correction

14.27

NA

Brownian
Pagel
No phylogenetic correction

0
NA
14.05* 0.0063
0
NA

0.061 (0.0097)
0.047 (0.35)
-0.021 (0.070)

Brownian
Ornstein-Uhlenbeck
Pagel
No phylogenetic correction

410.31
NA
2
14.18

0.31 (0.079)
NA
-0.021 (0.070)
-0.0030 (0.0014)

Brownian
Ornstein-Uhlenbeck
Pagel

321.24 NA
NA
NA
0
-0.00024

Average
length
of
flight season (residual
df=202)

Timing of flight season
(residual df=202)

NA
NA
0.0022
NA

0.047 (0.035)

0.0086 (0.0048)
NA
-0.0020
(0.0014)
Continued on next page
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Trait
Mobility
df=198)

(residual

Larval host breadth
(residual df=188)

Range size
df=166)

Wingspan
df=195)

(residual

(residual

205

Overwintering (residual
df=187)

Model

∆AIC

No phylogenetic correction

0

Transformation Coefficient (SE)
parameter
NA
-0.039 (0.028)

Brownian
Ornstein-Uhlenbeck
Pagel
No phylogenetic correction

396.8
1.99
1.77
0

NA
7229.49
-0.024
NA

-0.57 (0.13)
-0.039 (0.028)
-0.043 (0.026)
0.023 (0.062)

Brownian
Ornstein-Uhlenbeck
Pagel
No phylogenetic correction

412.07
NA
1.86
0

NA
NA
-0.016
NA

Brownian

312.59 NA

Ornstein-Uhlenbeck
Pagel

NA
1.98

NA
-0.0094

No phylogenetic correction

0

NA

0.17 (0.078)
NA
0.018 (0.061)
-6.7e10-5
(7.89e10-5)
8.61e10-4
(8.84e10-5)
NA
6.94e10-5
(7.88e10-5)
-0.089 (0.11)

Brownian
Ornstein-Uhlenbeck
Pagel
No phylogenetic correction

409.39
NA
1.72
0

NA
NA
-0.023
NA

1.603 (0.41)
NA
-0.109 (0.094)
0.039 (0.052)
Continued on next page

Trait

Model
Brownian
Ornstein-Uhlenbeck
Pagel

∆AIC

Transformation
parameter
400.85 NA
NA
NA
1.99
0.0012

Coefficient (SE)
0.032 (0.18)
NA
0.039 (0.052)

206

Table H.4: Model comparison between phylogenetic and non-phylogenetic gls models for phenological sensitivity
to spatial temperature with each species’ traits. Models in bold represent the best model that is reported in
the main text. Range size was square-root transformed, and average flight season length and wingspan were
log-transformed. ’*’ means QIC rather than AIC
Trait

Model

∆AIC

Transformation Coefficient (SE)
parameter

Average number of
generations
(residual
df=202)

No phylogenetic correction

3.30*

NA

Brownian
Pagel
No phylogenetic correction

11.74* NA
0
0.148
2.45
NA

-0.18 (0.040)
-0.087 (0.053)
-0.061 (0.079)

Brownian
Ornstein-Uhlenbeck
Pagel
No phylogenetic correction

329.78
NA
0
18.29

0.33 (0.074)
NA
-0.034 (0.082)
-0.0045 (0.0015)

Brownian
Ornstein-Uhlenbeck
Pagel

306.24 NA
NA
NA
0
0.17

Average
length
of
flight season (residual
df=202)

Timing of flight season
(residual df=202)

NA
NA
0.143
NA

-0.095 (0.055)

-0.019 (0.0043)
NA
-0.0039
(0.0018)
Continued on next page
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Trait
Mobility
df=198)

(residual

Larval host breadth
(residual df=188)

Range size
df=166)

Wingspan
df=195)

(residual

(residual

Model

∆AIC

No phylogenetic correction

0.33

Transformation Coefficient (SE)
parameter
NA
-0.073 (0.020)

Brownian
Ornstein-Uhlenbeck
Pagel
No phylogenetic correction

340.19
NA
0
0.36

NA
NA
0.11
NA

0.097 (0.073)
NA
-0.062 (0.035)
-0.079 (0.076)

Brownian
Ornstein-Uhlenbeck
Pagel
No phylogenetic correction

333.71
NA
0
1.64

NA
NA
0.096
NA

Brownian

156.55 NA

Ornstein-Uhlenbeck

3.64

4237.45

Pagel

0

0.197

No phylogenetic correction

1.47

NA

0.15 (0.091)
NA
-0.066 (0.078)
-1.33e10-4
(9.0e10-5)
-1.06e10-4
(6.34e10-5)
-1.33e10-4
(9.1e10-5)
-9.16e10-5
(8.8e10-5)
-0.14 (0.12)

Brownian
Ornstein-Uhlenbeck
Pagel

270.58 NA
NA
NA
0
0.147
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2.76 (0.33)
NA
-3.98e10-5 (0.17)
Continued on next page

Trait

Model

∆AIC

Transformation Coefficient (SE)
parameter
NA
-0.030 (0.060)

Overwintering (residual
df=187)

No phylogenetic correction

1.53

Brownian
Ornstein-Uhlenbeck
Pagel

307.28 NA
NA
NA
0
0.121

0.71 (0.16)
NA
-0.033 (0.070)
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Figure H.1: Phylogenetic tree of all Lepidoptera species included in this
study. This tree was obtained by pruning the tree obtained from the
Bayesian analysis of a more extensive mtDNA COI sequence dataset and
adding species for which no sequence data were available (see Appendix H
for details). Branch colors indicate different subfamilies. Outgroups were
removed for visual representation, but the tree is shown as rooted, with
outgroups placed at the most basal node.
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Appendix I

Additional analyses
Best temperature predictor of phenology analysis and results
To determine the best temperature predictor of phenology, we used a
3-month moving window approach (January-March, February- April etc.)
from January to August covering the time period of 95% of the butterfly
collection records and herbarium specimens. Following results from similar
studies, we focused on three aspects of temperature (Dell et al., 2005; Gordo
& Sanz, 2010; Hodgson et al., 2011). For each of these time blocks, we took
the mean temperature, mean daily maximum temperature and cumulative
degree-days above a base threshold above 0◦ C (for plants only) and 5◦ C. If
more than 10% of the days were missing information for that three-month
period, the temperature value for that year was considered missing.
The metric of temperature that best predicted overall phenological sensitivity differed between groups. For plants, there was no model that was a
significant improvement over other models (Table I.1); therefore, we evaluated the sensitivity of our results using two different metrics of temperature
(Table I.2). We took the seasonal block-temperature combination with the
lowest median AIC (mean maximum for February to April) and the one with
the greatest mean phenological sensitivity (mean for March to May) (Table

211

I.1,I.2). Since both dimensions of temperature (spatial and temporal) predicted the timing of plant flowering season using both temperature metrics
(Table I.2), we only report a single metric of temperature for plants in the
main analyses - mean temperature for March 1 to May 31 - the metric with
greater phenological sensitivity and more species with data.
For butterflies, there was no single model that was a significant
improvement over other models; however, the best model (lowest median
∆AIC) also had the greatest mean phenological sensitivity, so we proceeded
with that model - mean daily temperature for May to July (Table I.3).
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Table I.1: Relationship between the timing of flowering season and temperature for 56 plant species. Mean daily
and mean maximum daily temperature, and cumulative degree-days above 0◦ C and 5◦ C for six 3-month blocks is
shown. Shown is the mean sensitivity of flowering season timing to temperature (days/◦ C), the number of species
with that seasonal block-temperature combination as the best fit and the median AIC between models. The best
models (lowest ∆AIC) and greatest mean phenological sensitivity are in bold.
Temperature Season
variable

Months

Mean sensitivity (SE)
(days/◦ C)

Number of species
where model is
best

∆AIC

Mean

Winter
Late winter
Early spring
Late spring
Early summer
Late summer
Winter

January-March
February- April
March- May
April- June
May- July
June- August
January-March

-0.99 (0.55)
-1.90 (0.77)
-2.27 (0.77)
-2.10 (0.68)
-2.19 (0.55)
-2.01 (0.56)
-1.26 (0.55)

7
7
5
4
6
7
3

1.62
0.18
0.32
0.87
1.47
1.66
0.22

Late winter
Early spring
Late spring
Early summer
Late summer
Winter

February- April
March- May
April- June
May- July
June- August
January-March

-1.94 (0.76)
-1.91 (0.51)
-1.36 (0.44)
-1.11 (0.42)
-0.94 (0.46)
-0.033 (0.0096)

5
2
3
5
2
0

0
0.16
0.67
1.36
1.24
8.34

Mean daily
max
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Degree
day model
(0◦ C)

Continued on next page

Temperature Season
variable

Degree
day model
(5◦ C)

Months

Mean sensitivity (SE)
(days/◦ C)
(0.010)
(0.010)
(0.0068)
(0.0062)
(0.0066)
(0.025)

Number of species
where model is
best
0
0
0
0
0
0

Late winter
Early spring
Late spring
Early summer
Late summer
Winter

February- April
March- May
April- June
May- July
June- August
January-March

-0.037
-0.033
-0.028
-0.024
-0.023
-0.095

8.71
9.4
9.73
10.37
10.54
7.14

Late winter
Early spring
Late spring
Early summer
Late summer

February- April
March- May
April- June
May- July
June- August

-0.065
-0.038
-0.030
-0.025
-0.023

(0.018)
(0.011)
(0.0072)
(0.0063)
(0.0065)

0
0
0
0
0

8.45
9.09
9.62
10.32
10.59

∆AIC
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Table I.2: Differences in plant phenological sensitivity to temporal and spatial temperature based on two different
metrics of temperature. Where a sign test instead of a one-sample t-test was used, the s test statistic and median
slope value is shown. Significant p values are in bold.
Temperature
variable
or
group of species (number of
species)

Model (units of coefficient)

Mean
(SE)

Mean max for February- April
(n=59)

Sensitivity to temporal temperature
(days/◦ C)
Sensitivity to spatial temperature
(days/◦ C)
Sensitivity to temporal temperature
(days/◦ C)
Sensitivity to spatial temperature
(days/◦ C)

Mean for March- May (n=60)

coefficient

T
test
statistic

P
value

-2.40 (0.82)

-2.92

0.0025

-1.57 (1.83)

S=24

0.096

-3.69 (1.57)

-2.35

0.011

-1.82 (1.31)

S=22

0.026
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Table I.3: Relationship between the timing of flight season and temperature for 71 non-migratory butterfly species.
Mean daily and mean maximum daily temperature, and cumulative degree-days above 5◦ C for six 3-month blocks
is shown. Shown is the mean sensitivity of flowering season timing to temperature (days/◦ C), the number of
species with that seasonal block-temperature combination as the best fit and the median ∆AIC between models.
The best model (lowest ∆AIC) is in bold.
Temperature Season
variable

Months

Mean sensitivity (SE)
(days/◦ C)

Number of species
where model is
best

∆AIC

Mean

Winter
Late winter
Early spring
Late spring
Early summer
Late summer
Winter

January-March
February- April
March- May
April- June
May- July
June- August
January-March

-1.02 (0.33)
-1.29 (0.50)
-2.14 (0.54)
-2.10 (0.51)
-2.33 (0.64)
-2.16 (0.63)
-1.16 (0.36)

1
9
9
6
9
10
3

2.84
3.21
2.38
1.78
0
2.4
3.57

Late winter
Early spring
Late spring
Early summer
Late summer
Winter

February- April
March- May
April- June
May- July
June- August
January-March

-1.50
-1.81
-1.49
-1.54
-1.54
-0.12

(0.44)
(0.39)
(0.38)
(0.48)
(0.42)
(0.0041)

9
1
4
4
2
0

3.82
5.45
1.58
1.98
6
6.78

Late winter

February- April

-0.057 (0.017)

1

Mean daily
max

Degree day
model
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9.22
Continued on next page

Temperature Season
variable
Early spring
Late spring
Early summer
Late summer

Months

Mean sensitivity (SE)
(days/◦ C)

March- May
April- June
May- July
June- August

-0.015 (0.053)
-0.02 (0.0077)
-0.027 (0.0069)
-0.024 (0.0066)

Number of species
where model is
best
0
0
0
0

∆AIC

16.05
8.14
11.57
12.6
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Testing for non-linearity and temporal autocorrelation
To test for potential nonlinear relationships, we conducted generalized
additive mixed-effects models (gamm function in the ”mgcv” package in R
(Wood, 2011)) with a smooth function. We used the estimated degrees of
freedom of the smooth term (which allows for the best fit) to determine the
degree of nonlinearity; a dimension of 1 indicates linearity. For each species,
a model with a smoothing term was compared to a model with no smoothing
term. However, to the best of our knowledge, there is currently no mixedeffects model function in R that can deal with two non-nested random effects
and a smoothing term. Given this, we assessed the difference in model fit
for day of year as a function of temperature based on a model that included
one random effect at a time (site and year).
For the model of day of year as a function of temperature, models were
linear for the majority of species and average model fit did not improve with
the smoothing term (Table I.4). This suggests that non-linearity is unlikely
to be an issue in the full model (with both site and year random effects). For
the model of spring temperature as a function of year, the dimension equaled
1 for the majority of species (plants: n=61, 75.41%; butterflies: n=120,
50.83%) and on average, model fit did not improve with the smoothing
term (plants: median ∆AIC= 2.0 (0.45SE); butterflies: median ∆AIC= 2.0
(1.04SE)). For the model of timing of flowering or flight season as a function
of year, models were linear for the majority of species (plants: n=66, 83.33%;
butterflies: n=119, 81.51%) and average model fit did not improve with the
smoothing term (plants: median ∆AIC= 2.0 (0.099SE); butterflies: median
∆AIC= 2.0 (0.26SE)). Therefore, we continued with lme models.
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To test for the presence of temporal autocorrelation, we specified the
correlated within-group error structure with the lme function in R using
an autoregressive order of one, which allows the correlation function to decrease in absolute value exponentially with lag. We also experimented with
different correlation structures, (a moving average parameter, increasing the
order of the autoregressive parameter) but they resulted in problems with
model convergence. For each species, a model with an autoregressive correlated error structure was compared to a model with no specified correlation
term. To the best of our knowledge, there is currently no mixed-effects
model function in R that can deal with two non-nested random effects and
a correlation structure. Given this, we assessed difference in model fit for
day of year as a function of temperature based on a model that included
one random effect at a time (site and year).
For both butterflies and plants, model fit either did not significantly improve with a temporal error structure or was a worse fit (plants: year model:
mean ∆AIC=5.72 (0.39SE), n=70; station model: median ∆AIC=5.49
(0.54SE), n=71; butterflies: year model: median ∆AIC=0.16 (1.06SE),
n=117; station model: median ∆AIC=1.14 (0.31SE), n=119), suggesting
that temporal autocorrelation would not be an issue in the full model (with
both site and year random effects). The model fit for spring temperature as a
function of year for the majority of species was a better fit without accounting for temporal autocorrelation (plants: n=64, mean ∆AIC= 4.09 (0.23SE);
butterflies: n=121, median ∆AIC=1.40 (0.52SE)). Similarly, models with a
temporal error structure did not improve model fit for the majority of species
for timing of flowering or flight season as a function of year (plants: n=69,
219

median ∆AIC=4.11 (0.32SE); butterflies: n=120, ∆AIC=1.076 (0.29SE)).
Therefore, we concluded that temporal autocorrelation was not present in
the majority of cases and proceeded with lme models for all models.
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Table I.4: A comparison of mixed-effects models that evaluate the phenological sensitivity of butterflies and plants
to temperature based on the inclusion of a smoothing term to assess the potential for non-linearity. Shown is the
comparison when a single random effect is included in the model, the percentage of species with a linear smoothing
term for both temporal and spatial terms, and median difference in AIC between models. Mean temperature for
March to May and mean temperature for May to July is used for plant and butterflies, respectively.
Trophic group

Number of species

Random effect

Linearity (%) (temporal, spatial)

∆AIC (SE)

Plant

34
37
115
115

Station
Year
Station
Year

94.11, 97.059
89.19, 100
86.96, 79.13
89.38, 59.29

-4 (0.050)
-4 (0.056)
-4 (0.26)
-4 (1.24)

Butterfly
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Appendix J

Additional methods,
statistical analyses and
results
We used linear mixed-effects models (’nlme’ package in R (Pinheiro et al.,
2012)) for analyses unless specified otherwise. Overall model residuals and
within-group residuals were checked for normality and homoscedasticity
following Pinheiro & Bates (2000). To improve homoscedasticity, variances
were allowed to vary by a fixed or random effect if the model fit was
significantly improved (see below for details). To evaluate model fit, the
full model was compared to a reduced model using a likelihood ratio test.
Restricted maximum likelihood was used to compare nested models in
which only the random effects differed, but maximum likelihood was used
when only the fixed effects differed (Pinheiro & Bates, 2000). Restricted
maximum likelihood was used for parameter estimation once the best model
was selected. The model selection process followed a top-down strategy
following Zuur et al. (2009).
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i) Rearing
To rear adults from the pilot experiment in 2010, five females and five
males were placed together as one group in paper containers with fresh twigs
that were changed daily. We randomized the family and assigned-treatment
of individuals within mating groups whenever possible but early and late
in the season we were limited by the number of individuals that pupated at
the same time (males eclose first and generally only survive for 2-4 days)
and by the sex ratio of each family increasing the potential for inbreeding.

ii) Leaf growth rate
Leaf length (from base of leaf to tip) on three leaves from every treatment
was measured weekly from March 28 to June 19, 2011. To determine whether
growth rate of leaves differed between treatments, we used a repeated measures approach with length as our response variable and time (day of year)
and treatment as fixed effects. Tree, branch and day (to account for multiple leaves measured) were random effects. To improve homoscedasticity,
variance was allowed to vary exponentially with time. We used a compound
symmetry correlation structure to account for temporal non-independence
for both sites.
Growth rate was faster in warming treatments at Totem Field (0.0228
cm/day (0.0048SE), LRT10,9 =21.83, p<0.0001) and UBC Farm (0.0121
cm/day (0.0058SE), LRT10,9 =4.34, p=0.0373). Leaves in warming treatments at Totem Field were smaller by 1.86 cm (0.52SE) across the experiment (t29 =3.60, p=0.0012), whereas leaves did not differ between treatments
at UBC Farm (t14 =-1.28, p=0.2199).
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Appendix K

Description of main
statistical analyses
We used linear mixed-effects models (’nlme’ package in R (Pinheiro et al.,
2012)) for analyses unless specified otherwise (see Appendix J for general
statistical approach).

i) Testing the effect of branch-level warming on budburst
To test for differences in budburst between cut and attached treatments,
we used a generalized mixed-effects model (lmer function, lme4 package in R
(Bates et al., 2011)) with tree as a random effect and a Poisson distribution,
and we combined warming and control treatments.
To test for within-treatment relationships between temperature and
budburst, we used mixed-effects models for warming treatments at both
sites and generalized least squares for both control treatments. We used
mean daily maximum temperatures up to mean larval emergence across all
trees.

ii) Treatment differences in phenology and fitness proxies
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To determine whether warming treatments influenced phenology (for
both 2010 and 2011) and development time, we used tree as a random factor.
For final larval weight, tree and family (to account for multiple individuals
weighed per day) were random effects. Variances were allowed to vary by
treatment for development time at Totem Field.
To determine whether growth rate differed between treatments, we
used tree, family, instar, and day of measurement (to account for multiple
individuals weighed per day) as random effects. Time was a fixed factor and
weight was the response variable. To improve homoscedasticity, variance
was allowed to vary for each instar-treatment combination at both sites.
To allow for temporal non-independence, the best model also included
an autoregressive correlation structure of order 1 at Totem Field and an
autoregressive-moving average correlation structure of order 1 at UBC
Farm. Weight was log transformed for growth rate and final larval weight
analyses to improve normality.

iii) Within-treatment relationships
To test for the direct and indirect effects of temperature on our proxies
of fitness, we explored within-treatment relationships between each proxy
of fitness and mismatch and temperature. For development time and family survival, mixed-effects models were used for the warming treatment at
Totem Field (tree as a random effect) and generalized least squares models
with restricted maximum likelihood were used for all other treatments. For
larval weight, mixed-effects models were used for all treatments. We used
tree (only for the warming treatment at Totem Field) and family (to account
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for multiple individuals weighed per day) as random effects.
To improve homoscedasticity between development time and mismatch,
we used an exponential variance structure for all treatments except warming
treatments at UBC Farm. To improve homoscedasticity between development time and temperature, a power variance structure was used for the
warming treatment at Totem Field. For warmed families at Totem Field,
we improved homoscedasticity between number of larvae and mismatch
by allowing variance to vary with degree of mismatch. We square root
transformed number of larvae to improve normality between number of
larvae and temperature. Larval weight was log transformed to improve
normality.

iv) Leaf quality experiment
We used tree and family as random effects to determine whether female
pupal weight and time to pupation differed between treatments. Only tree
was used as a random effect to determine whether there were significant
differences in survival between treatments. To determine whether individual
growth rate differed between treatments, we used tree, family, individual
larva and instar as random effects. To improve homoscedasticity, we log
transformed weight. We also included an autoregressive-moving average
correlation structure of order 1 to allow for temporal non-independence (for
both sexes).

v) Temperature analysis
Daytime temperatures (from 6:00 to 18:00) were calculated up to May 25
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(the average date across all families to reach the fourth instar). Maximum
daily, mean daily maximum, mean daily temperature and cumulative degree
days above 10◦ C (above which larvae are active) were calculated.
We then compared models to determine the best temperature predictor
of development time and larval weight (see main text for description of the
fitness proxies) at each site. Models were fit as described above. Each model
included treatment and was fit individually to avoid multicollinearity (i.e.
there were four models for the four temperature variables). We could not
compare models for family survival (number of larvae) because we could not
compare treatments (see main text for details). At Totem Field, variance
was allowed to vary with treatment for development time to improve homoscedasticity. There was no significant interaction between treatment and
temperature in any model.
For each site, the best model was based on the one with the smallest AIC
(or AICc for sample sizes less than 40) and we judged significant improvement in model fit when AIC improved by greater than two (i.e. between
the best model and the model with the next smallest AIC; Burnham &
Anderson, 2002). Since mean daily maximum temperature correlated with
development time at Totem Field was the only case where there was a significantly improvement in model fit (Table K.1), we proceeded using mean
daily maximum temperature in the within-treatment analysis.
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Table K.1: Model comparison of different temperature variables and fitness
proxies (development time and larval weight) at each site. Shown is the
difference in AIC between models at each site.
Fitness proxy
Development time

Site

Temperature variable

∆AIC

Totem

maximum daily
mean daily maximum
mean daily
degree day
maximum daily
mean daily maximum
mean daily
degree day
maximum daily
mean daily maximum
mean daily
degree day
maximum daily
mean daily maximum
mean daily
degree day

3.07
0
12.39
2.23
1.45
0.75
8.54
0
0
0.78
1.44
1.3
0.21
0
0.17
0.19

Farm

Larval weight

Totem

Farm
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