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Abstract 20 

1.  Phenological change is the most widely documented biological impact of climate 21 

change, but shows marked variation in magnitude among populations and species. 22 

Thus, quantifying the environmental factors and organismal differences driving this 23 

intra- and inter-specific variability in phenology is vital to understand and forecast the 24 

ecological consequences of climate change.  25 

2.  Here, we test intra- and inter-specific differences for a set of butterfly species in the 26 

organismal sensitivity of flight phenology and its dependence on environmental 27 

factors, using as our model system an elevation gradient in a Mediterranean mountain 28 

range where temperature and relative humidity vary substantially over space and time. 29 

3.  We use field-collected meteorological data, and butterfly counts for 20 univoltine 30 

species over 14 years, to test the relative effects on phenology of temperature and 31 

relative humidity, the sensitivity of phenology to spatial and temporal variation in 32 

temperature, and whether ecological traits account for inter-specific variation in 33 

sensitivity. 34 

4.  For all species, temperature in the months immediately preceding adult emergence had 35 

the strongest relationship with phenology. All species appeared earlier in warmer 36 

years, with those flying earlier in the season showing the greatest sensitivity to annual 37 

(temporal) variation in temperature. However, only a minority of species showed 38 

evidence of plastic, space-for-time responses to temperature. Instead, most species 39 

showed strong evidence that phenology was more sensitive to temporal than spatial 40 

variation in temperature. 41 

5.  Our results support the dominant influence of temperature on phenology, even in 42 

Mediterranean environments suffering summer drought. They also suggest that 43 

accurate forecasts of species' phenological shifts could require the isolation of spatial 44 



 

 

3 

from temporal components of temperature variation, because the sensitivity of 45 

populations and species may differ across these two dimensions. The factors driving 46 

synchronisation of phenology over space merit particular research in the context of 47 

climate change, given their potential to expose populations simultaneously to 48 

environmental extremes. 49 

Key-words 50 

butterfly, elevation, Lepidoptera, Mediterranean basin, mountain biodiversity, relative 51 

humidity, temperature 52 

53 
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Introduction 54 

Temporal changes in phenology (the timing of life-history events) are well documented 55 

responses to changing climate across a wide variety of terrestrial, freshwater and marine taxa 56 

(Parmesan, 2006; Thackeray et al., 2016). For many species, spring phenological events have 57 

advanced over recent decades associated with increasing temperatures, particularly at mid and 58 

poleward latitudes (Cohen, Lajeunesse & Rohr, 2018). However, there is substantial variation 59 

among populations within species, and among species, in the magnitude of phenological 60 

change (Parmesan, 2007). Because phenology is involved in many ecological relationships, 61 

phenological change could have wide ranging ecological consequences at different 62 

organizational levels, from population dynamics to ecosystem functioning (Forrest & Miller-63 

Rushing, 2010). Therefore, understanding the factors that influence intra- and interspecific 64 

differences in phenology represents an important step in determining the ecological 65 

consequences of climate change (Hodgson et al., 2011).   66 

The proximal mechanisms influencing variation in phenological responses include both 67 

environmental and organismal factors (Chmura et al., 2019; see also Dickinson, Orme, Suttle 68 

& Mace, 2014). Environmental mechanisms generate differences in phenology through spatial 69 

and/or temporal variation in environmental conditions, whereas organismal mechanisms cause 70 

differences through variable intrinsic responses to the environment (Chmura et al., 2019). 71 

Hence, organismal mechanisms generate phenological variation if different groups vary over 72 

space and/or time in mean group-level responses, even if they experience the same 73 

environmental change (Chmura et al., 2019). Organisms may show heterogeneity in the 74 

importance of or sensitivity to a particular environmental factor, or in seasonal periods of 75 

sensitivity (Cohen et al., 2018; Thackeray et al., 2016; Valtonen, Ayres, Roininen, Pöyry & 76 

Leinonen, 2011). Thus, recent studies have documented substantial intra-specific variation in 77 

phenological sensitivity to temperature variation over space vs. time, which could reflect 78 
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differential contributions of environmental factors (e.g., temperature vs. photoperiod), and/or 79 

local adaptation of phenology to climatic conditions (Kharouba, Paquette, Kerr & Vellend, 80 

2014; Phillimore, Hadfield, Jones & Smithers, 2010; Roy et al., 2015). In turn, the degree to 81 

which the phenology of different species is affected by temperature is also highly variable 82 

(Ellwood et al., 2012; Kharouba et al., 2014; Primack et al., 2009). However, there have been 83 

few attempts to determine the factors influencing phenological responses to spatial and 84 

temporal variation in the climate (but see e.g. Phillimore et al., 2010; Hodgson et al. 2011), or 85 

to test whether ecological traits influence interspecific variation in climatic sensitivity 86 

(Kharouba et al., 2014; Roy et al., 2015). 87 

Variation in phenological responses to climate over space and time are particularly relevant 88 

in mountains, which are expected to suffer the consequences of marked warming (Nogués-89 

Bravo, Araújo, Erread & Martínez-Rica, 2007). The two main factors of elevation and season 90 

may explain patterns of phenological change in mountain areas (Vitasse, Signarbieux & Fu, 91 

2018), because in Temperate regions both variables lead to strong gradients in temperature, 92 

and to a lesser degree, water availability (Körner, 2007). Nevertheless, there is limited 93 

evidence for variation in the organismal mechanisms influencing phenological responses over 94 

elevation with respect to other geographic gradients such as latitude, particularly for animal 95 

populations (but see Dunn & Winkler, 1999; Nufio, McGuire, Bowers & Guralnick, 2010). 96 

Assuming that organisms are under continuous selective pressure to match their phenology to 97 

suitable environmental conditions, we expect that the importance of and sensitivity to abiotic 98 

factors should vary across spatial climatic gradients, and time within the growing season (Pau 99 

et al., 2011). The phenology of organisms occurring at colder sites (e.g., higher elevations 100 

with shorter growing seasons) and near the beginning of the growing season should be more 101 

sensitive to climate to avoid the higher risk of encountering adverse abiotic conditions 102 

compared to those occupying warmer sites (with longer growing seasons) and the mid-season 103 



 

 

6 

(Pau et al., 2011). In turn, in water-limited regions, the contribution to phenology of moisture 104 

relative to temperature is expected to be higher at warmer/drier sites, particularly for 105 

herbivorous species (as found for their food plants, Crimmins, Crimmins & Bertelsen, 2010). 106 

 In our study, we test the mechanisms influencing phenology using a 14-year dataset of 107 

butterfly counts and weather data, from a network of sites over an 1800 m elevation gradient 108 

in a region with a marked summer drought. Our first objective was to evaluate the relative 109 

contribution of temperature and relative humidity (RH) to phenological responses to climate; 110 

we hypothesised that phenology would be more dependent on temperature relative to RH for 111 

cold and wet associated species, and for early-season species. Secondly, we sought to test 112 

whether phenological responses to climatic variation were consistent over space and time, or 113 

if not, whether sensitivity to climatic variation over space vs. time differs among populations 114 

and species. In the latter case, we predicted that cold-associated and early-season populations 115 

and species could be more sensitive to climatic variation. To achieve our objectives, for each 116 

species we tested a set of competing models for the effects of temperature and RH at different 117 

times of year, and including additive or interacting effects of climatic variation in space 118 

(among populations) and time (among years). To assess the factors influencing interspecific 119 

variation in phenological responses, we conducted phylogenetic analyses to identify whether 120 

differences in environmental sensitivity corresponded to ecological traits. 121 

Materials and methods 122 

Study system and butterfly data 123 

The study system includes 24 transect sites in the Sierra de Guadarrama, a mountain range in 124 

central Spain, representing open areas in natural and semi-natural habitats (pastures, 125 

woodland clearings and alpine meadows) across a representative sample of elevations (Fig. 1; 126 

Appendix S1). Butterflies were counted every two weeks from March to mid-October at 20 127 
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sites in 2005-2018 and also at four additional sites in 2006-2018, with an elevation range of 128 

589-2251 m, using standard methodology (Pollard & Yates, 1993) (Appendix S1). 129 

Environmental data 130 

Hourly air temperature and RH (as a water availability estimator) were recorded continuously 131 

by data loggers (HOBO H8 Pro Temp/HR and U23 Pro v2 Temp/HR loggers) placed at c. 1.5 132 

m above ground level in semi-shaded conditions in the 24 transect sites, and in 16 additional 133 

ancillary sites over the same mountainous area (one logger at each site). For each site, 134 

monthly mean temperatures and monthly mean RHs were obtained from the corresponding 135 

daily average data (Appendix S1) (Fig. 1). Spatial variability in photoperiod was negligible 136 

over the study area and therefore the variable day-length was not considered in the statistical 137 

analyses (Appendix S1). 138 

Statistical analysis 139 

For each year and site, the timing of the annual flight period for each species was summarised 140 

by two estimators: the mean flight date weighted by the number of individuals counted per 141 

transect (Brakefield, 1987), and the first flight date (hereafter 'mean date' and 'first date', 142 

respectively) (Moussus, Julliard & Jiguet, 2010). Date was measured as the inclusive number 143 

of days elapsed since 1 January (1 = 1 January). To avoid difficulties in separating different 144 

generations of multivoltine species, mean dates were only determined for univoltine species 145 

(based on data from García-Barros, Munguira, Stefanescu & Vives Moreno, 2013). The final 146 

list of species consisted of 20 butterfly species (Table 1) (see Appendix S1 for details on 147 

criteria for inclusion in the analyses). 148 

149 
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 151 

Fig. 1 Site distribution in the Sierra de Guadarrama. (a) Filled circles show sites visited in 152 

2005-2018 (n = 20) and open circles sites visited in 2006-2018 only (n = 4). Elevation bands 153 

are shown as 0.25 km increments from < 0.75 km (yellow) to > 2 km (dark brown). The inset 154 

map shows the geographical context of the study area in Spain. Georeferencing units are in 155 

UTM (30T; ETRS89). Relationship between elevation and (b) mean annual temperature and 156 

(c) relative humidity for the study sites in (a). Values averaged for the period 2007-2018 in 157 

both cases. Symbol colours are the same as the elevation legend in (a). 158 

159 

(a) 
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Table 1 The species included in the analyses over the 2005-2018 period (n = 20 species). 160 

Shown are number of site-years, number of sites, global mean date and range of mean date. 161 

Global mean date is the average mean date across all sites and years. Range of mean date is 162 

the mean date at the site with the earliest mean date to the mean date at the site with the latest 163 

mean date. Species arranged in alphabetical order. 164 

Species nsite-years nsites Global mean date Range of mean date 

Anthocharis cardamines 95 10 7 May 2 April-8 June 

Aporia crataegi 137 11 18 June 26 May-15 July 

Argynnis paphia 103 10 24 July 24 June-15 August 

Coenonympha arcania 109 9 10 July 10 June-5 August 

Erebia triarius 98 11 9 June 6 May-27 July 

Euphydryas aurinia 80 7 28 May 4 May-23 June 

Fabriciana adippe 110 10 25 July 21 June-25 August 

F. niobe 164 16 2 July 22 May-5 August 

Hesperia comma 162 14 13 August 21 July-4 September 

Hipparchia hermione 175 15 8 August 11 July-12 September 

H. statilinus 145 13 23 August 25 July-18 September 

Hyponephele lycaon 186 15 4 August 12 July-27 August 

Lycaena alciphron 162 17 12 July 30 May-20 August 

L. virgaureae 151 12 30 July 30 June-23 August 

Melanargia lachesis 274 22 15 July 18 June-10 August 

Pyronia tithonus 141 11 2 August 6 July-7 September 

Satyrus actaea 96 8 18 August 28 July-6 September 

Speyeria aglaja 155 14 14 July 14 June-15 August 

Thymelicus sylvestris 125 11 28 June 3 June-1 August 

Zerynthia rumina 116 11 14 May 12 April-11 June 

 165 

166 
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Modelling of mean and first dates 167 

We applied the time-window approach to assess the sensitivity of mean and first dates for 168 

each butterfly species to climate (temperature and/or RH) over space and time (Phillimore et 169 

al., 2013) (Appendix S1). We used 33 potential time-windows ranging 1-3 months (with one-170 

month resolution) from September (previous year) to August (current year) (see Roy et al., 171 

2015) to identify the period whose temperature and/or RH had the largest effect on mean and 172 

first dates for each species. This approach provides one consistent parameter across all sites 173 

and years, allowing us to estimate the overall response of each species to temperature and RH 174 

(Ibáñez et al., 2010). 175 

 Previous researchers have considered year-to-year variation in phenology against yearly 176 

environmental variables to determine the effects of climate (e.g., Forister & Shapiro, 2003). 177 

However, a given climate variable may have different effects on phenology over space and 178 

over time, due to its differential contribution relative to other variables, and local adaptation. 179 

This point can be addressed by teasing apart the spatial from the temporal variation in climate, 180 

which has permitted better climate-based predictions of phenology than single-dimension 181 

(space/time) analyses (Hodgson et al., 2011). To separate the potential effects of spatial from 182 

temporal variation in climate (temperature and RH), for each time-window we calculated (1) 183 

the mean climate variable for each site over the period 2005-2018 (henceforth ‘site climate’), 184 

and (2) the difference between each site’s actual mean climate variable in each year and the 185 

site climate (henceforth ‘climate differential’). Therefore, each time-window, site and year 186 

has three interrelated climate measures: climatet = (site climate) + (climate differential)t, 187 

where t represents time in years (Hodgson et al., 2011). Our aim was to evaluate the support 188 

for different hypotheses about the factors determining phenology for each species, represented 189 

by six models including different climate linear components and, in some cases, their 190 

interactions (see Table 2). The spatial and temporal components of climate were represented, 191 
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respectively, by site climate and climate differential; and, if the response of phenological 192 

timing to temperature is the same over space and time (i.e., different populations show similar 193 

responses to temperature), then, the actual temperature at each site (mclimt in Table 2) should 194 

be the best predictor of phenology (Hodgson et al., 2011). 195 

 We used generalized least squares (GLS) models with Gaussian error structure to model 196 

mean and first dates as functions of the different climate components for each species (Table 197 

2). Because phenological and climate variables were estimated from 2005 to 2018 at the same 198 

sites, they were regularly spaced time series data. The residual correlation structure of the 199 

GLS was implemented as an auto-regressive model of order 1, which means that the further 200 

away two residuals were separated in time, the lower their correlation (Zuur, Ieno, Walker, 201 

Saveliev & Smith, 2009). We selected the fixed structure according to the six hypotheses 202 

about the factors determining phenology (Table 2) and the 33 time-windows based on the 203 

information-theoretic approach (166 models in total; 33 time-windows x 5 models + 1 204 

intercept-only model). For each species, the model confidence set consisted of the best GLS 205 

model(s) selected from the total collection of models fulfilling specified criteria (Burnham & 206 

Anderson, 2002; Richards, Whittingham & Stephens, 2011) (Appendix S1). 207 

208 
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Table 2 Summary of climate fixed effects models fitted to each butterfly species’ mean and 209 

first dates. Each site and year (t) has three interrelated mean climate variables (temperature or 210 

RH): mclimt = (site mclim) + (mclim differential)t. ‘mclimt’ is the mean climate variable 211 

calculated for each site and year; ‘site mclim’ is the mean climate variable for each site for the 212 

period 2005-2018; and ‘mclim differential’ represents the difference between each site’s 213 

annual climate variable and the site mean (Hodgson et al., 2011). 214 

Model Model variables K Interpretation 

0 intercept-only 3 No climate variable effect (same phenology for all sites 

and years) 

1 mclim 4 Space-for-time substitution; suggests plastic response to 

climate variable 

2 site mclim 4 Spatial effects only; suggests response to fixed site-

specific drivers correlated with climate variable 

3 mclim differential 4 Temporal effects only; suggests flexible climate variable 

responses within site with the same slope but 

independent of site climate variable 

4 site mclim + mclim 

differential 

5 Spatial and temporal effects; suggests flexible climate 

variable responses within site with the same slope and 

dependent on site climate variable 

5 site mclim x mclim 

differential 

6 Spatial and temporal effects with interaction; suggests 

flexible climate variable responses within site with 

different slope dependent on site climate variable 

K, number of parameters in the model, including two extra parameters (one for the estimate of 215 

regression variance and another for the temporal autocorrelation of residuals) 216 

217 
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Importance of and sensitivity to environmental factors 218 

To determine whether temperature, RH or both accounted for variability in mean and first 219 

dates, we generated three types of models for each species. The 'temperature model' was the 220 

best model selected from the 166 potential temperature models as described above 221 

(considering temperature variables only). The 'RH model' was the best model selected from 222 

the 166 potential RH models. The ‘combined model’ was the best model based on selection 223 

from the 166 potential temperature or RH models including as fixed variables those from the 224 

best RH or temperature model, respectively. 225 

 For each butterfly species, temperature, RH and combined models were compared by two 226 

methods. The first method was based on calculating the AICc difference (∆AICc) between the 227 

three models. The model with the smallest AICc was considered the best. The second method 228 

was a cross-validation carried out using temperature, RH or combined models to predict mean 229 

and first dates at each site-year by a Jackknife procedure, using Pearson correlation 230 

coefficients between dates observed and those predicted from the models as performance 231 

measures (Potts & Elith, 2006) (Appendix S1). 232 

Correlates of importance of and sensitivity to environmental factors 233 

We tested whether species with different climate associations and appearance dates over the 234 

season showed different relative importance of environmental factors (temperature vs RH), 235 

and spatial and temporal sensitivities to climate (Chmura et al., 2019; Pau et al., 2011), using 236 

species temperature index (STI), species precipitation index (SPI) and global mean (or first) 237 

date as explanatory variables (Devictor, Julliard, Couvet & Jiguet, 2008; Schweiger, Harpke, 238 

Wiemers & Settele, 2014) (Appendix S1). Because we might expect a greater difference in 239 

the importance of environmental factors and sensitivity for species recorded in a larger 240 

number of sites and/or years, we also incorporated number of site-years, number of sites and 241 
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mean number of years per site (Table 1) as explanatory variables in these models in addition 242 

to STI, SPI and global mean (or first) date. 243 

 For each species, the relative importance of environmental factors was estimated as the 244 

difference between the correlation coefficients obtained from cross-validation for the best 245 

temperature and RH models (see above). Larger positive differences indicated greater 246 

importance of temperature relative to RH in determining appearance dates. 247 

Analyses of correlates of spatial and temporal sensitivities were focused on temperature 248 

because this variable outperformed RH in models for all species (see results below). Spatial 249 

and temporal sensitivities to temperature were, respectively, the spatial and temporal slopes 250 

obtained for those species including models 3 and 4 (Table 2) as best models in their 251 

confidence sets. To include those species for which models 1 and 5 were the best models in 252 

their confidence sets, we refitted their data to model 4 to generate comparable spatial and 253 

temporal slopes. 254 

Traits of related taxa such as the relative importance of environmental factors and spatial 255 

and temporal sensitivities to temperature may be similar due to common ancestry and 256 

therefore not statistically independent in comparative analyses (Harvey & Pagel, 1991). Thus, 257 

to consider phylogenetic relationships among species in our models, we used the ultrametric 258 

phylogenetic tree published by Dapporto et al. (2019). First, we assessed the effect of 259 

phylogenetic relationships among species by comparing residuals from linear models with 260 

phylogenetically adjusted linear models. For each response variable (the relative importance 261 

of the two environmental factors, and spatial and temporal sensitivities), we performed a 262 

standard generalized least squares (GLS) model (white noise model), and a PGLS model 263 

(Grafen, 1989) using the most common models for evolutionary change (Brownian motion 264 

and Ornstein-Uhlenbeck models) (Felsenstein, 1988) (Appendix S1). The selection of the 265 
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variance structure was based on the model with the lowest value of Akaike Information 266 

Criterion corrected for small sample size (AICc) (e.g., Kharouba et al., 2014). 267 

Second, to select the model(s) on which inference for each response variable was based, 268 

we fitted with maximum likelihood all possible models that included different combinations 269 

of linear terms of explanatory variables and the selected variance-covariance structure found 270 

during the first step. The model confidence set consisted of the best model(s) selected from 271 

the total collection of possible models fulfilling the specified criteria detailed in Appendix S1 272 

for 'Modelling of mean and first dates'. 273 

All statistical analyses were performed using R 3.0.3 software (R Core Team, 2014) with 274 

packages ‘ape’ (Paradis, Claude & Strimmer, 2004), ‘cocor’ (Diedenhofen & Musch, 2015), 275 

‘nlme’ (Pinheiro et al.,2014) and ’MuMIn’ (Bartoń, 2016). 276 

Results 277 

The 20 species that satisfied the criteria for analysis included phenological data at 7-22 sites, 278 

with total sample sizes ranging 80-274 site-years (Table 1). Species’ global mean dates 279 

ranged from 7 May to 23 August, and annual site mean dates from 2 April to 18 September 280 

(Table 1). On average, global first dates were 13 days (range 9-20) earlier than global mean 281 

dates (Appendix S2, Table S6). 282 

Relative importance of environmental factors 283 

For mean date, models contained effects of climate variables for all 20 species (Table S1). 284 

Across all species, combined models returned the lowest AICc value, followed by temperature 285 

models, and finally RH models. For temperature-RH model comparisons, ∆AICc values were 286 

higher than 6 units for 19 species, suggesting that temperature models were clearly better than 287 

RH models; only H. statilinus had ∆AICc = 2.6, such that both RH and temperature models 288 

were in the confidence set. For temperature-combined model comparisons, AICc was higher 289 
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than 6 units for 15 species, and 4.2 - 5.8 for the remaining 5 species. ∆AICc values exceeded 6 290 

units in all cases for RH-combined model comparisons. For first date, the results were 291 

qualitatively similar, but there were a smaller number of temperature-RH model comparisons 292 

with ΔAICc > 6 (Table S7).  293 

 All model cross-validations for mean date were highly significant (p < 0.001), with 294 

Pearson correlation coefficients between 0.40 and 0.91. Across all species, combined models 295 

had the highest correlation coefficients, followed by temperature models, and finally RH 296 

models (Fig. S1, Table S2). For RH-temperature model comparisons, correlation coefficients 297 

were significantly higher for temperature than for RH models in 13 species, and not 298 

significantly different for the remaining seven species (Fig. S1, Table S2). For temperature-299 

combined model comparisons, correlation coefficients were significantly higher for combined 300 

models in three species (17 non-significant comparisons), whereas for RH-combined model 301 

comparisons they were higher in combined models for 15 species (5 not significant). In sum, 302 

whereas temperature and combined models outperformed RH models for at least two thirds of 303 

species, temperature on its own had a similar performance to combined models in c. 85% of 304 

species in cross-validation tests. In model cross-validation for first date, the results were 305 

qualitatively similar, but had correlation coefficients with smaller values on average (Fig. S3, 306 

Table S8). 307 

 We tested white noise, Brownian motion and Ornstein-Uhlenbeck models of evolutionary 308 

change for inter-specific differences in the relative importance of environmental factors. For 309 

both mean and first dates, AICc values were smallest for the white noise model and ∆AICc 310 

exceeded at least 2 and 4, respectively, for the Brownian motion and the Ornstein-Uhlenbeck 311 

models (Tables S3, S9). This suggested that independent evolution with no covariance 312 

structure was the appropriate model for cross-species analyses. For mean date, the confidence 313 

set included just one model (Table 3) showing that the relative importance of temperature vs 314 
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RH decreased with later global mean date (Fig. 2), whereas no explanatory factor accounted 315 

for the response variable based on first date (i.e., the best model was the intercept-only model) 316 

(Fig. S4, Table S10). 317 

318 
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Table 3 Confidence sets of regression models for inter-specific variation in (a) the relative 319 

importance of environmental factors (temperature vs RH), and (b) spatial slope and (c) 320 

temporal slope of mean date sensitivity to temperature (n = 20 species for all cases). Response 321 

variables based on mean date models. 322 

Model K R2 AICc ΔAICc 

(a) Models for relative importance of environmental factors     

global mean date 3 0.47 -43.60 0 

(b) Models for spatial slope     

global mean date 3 0.57 65.90 0 

(c) Models for temporal slope*     

global mean date 3 - 60.00 0 

Relative importance of environmental factors was estimated as the difference between the 323 

correlation coefficients obtained from cross-validation for the best temperature and RH 324 

models (data from Table S2). 325 

Confidence sets are within six AICc units of the top ranked model (ΔAICc = 0), including 326 

models which do not have simpler, higher-ranking variants only (see Materials and methods). 327 

Parameter estimates (± SE) for the best models are: 328 

(a) Correlation coefficient difference = 0.56 (± 0.10) - 0.002 (± 0.0005) global mean date 329 

(b) Spatial slope = -10.56 (± 1.58) + 0.04 (± 0.01) global mean date. 330 

(c) Temporal slope = -10.30 (± 1.45) + 0.03 (± 0.01) global mean date. 331 

K, number of parameters (includes a parameter for regression variance); R2, coefficient of 332 

determination (not available for GLS models); AICc, Akaike information criterion for small 333 

sample size; ∆AICc, difference in AICc between the current and best model. 334 

* GLS with Brownian motion covariance structure (Table S3).  335 

336 
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Fig. 2 (a) Relative importance of environmental factors, expressed as correlation coefficient 340 

difference for temperature versus RH models (Table S2), and (b) spatial and (c) temporal 341 

sensitivity to temperature (temp) against global mean date (n = 20 species for all cases). 342 

Different symbols (b, c) represent species with space-for-time substitution (model 1) (crossed 343 

symbols, Table 2), with temporal only and spatial plus temporal effects (models 3 and 4, 344 

respectively) (filled symbols), and with spatial by temporal effects (model 5) (open symbols). 345 

Response variables based on mean date models. 346 

347 
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Intra-specific variation in sensitivity to climate 348 

Given that temperature models were most parsimonious for mean and first dates (see above), 349 

we examined intra-specific variation in sensitivity to temperature according to the model 350 

types in Table 2. For mean date, time-window periods were three months for 16 species, two 351 

months for 3 species and one month for one species, and were restricted to the March-July 352 

period (Fig. 3, Table S4). For first date, time-window periods were the same as, or slightly 353 

earlier, than those for mean date, and restricted to February-July (Fig. S5, Table S11), with 354 

the exception of one species (Argynnis paphia) for which the first date sensitivity period was 355 

delayed by one month relative to the sensitivity period for mean date. 356 

 For mean date, the confidence sets for temperature models contained on average three 357 

models (range 1-7) (Table S4). The models containing only-temporal, spatial plus temporal, 358 

and spatial by temporal effects (models 3, 4 and 5, Table 2) were the best in the confidence 359 

sets for 17 species, whereas the space-for-time model (model 1) was the best for three species 360 

(Fig. S2, Table S4). The models with no effects and spatial effects only (models 0 and 2, 361 

respectively) were not supported for any species. For the three species with space-for-time as 362 

the best fitting model (A. cardamines, E. triarius, Z. rumina) (Fig. 4a), other possible models 363 

containing spatial and temporal effects were also supported in the confidence sets (Table S4), 364 

suggesting that there might not be pure space-for-time equivalence in the response of mean 365 

date to temperature. Conversely, for 13 of the 17 species with spatial and/or temporal effects 366 

in the best fitting models, the space-for-time model was not included in any of the confidence 367 

sets (Table S4). This implies that mean date was affected by year-to-year changes in 368 

temperature, but with variable responses between sites. For two species (H. hermione, 369 

H. statilinus), mean date response was independent of site temperature (model 3, Fig. 4b). For 370 

eight species (A. crataegi, A. paphia, E. aurinia, F. niobe, H. lycaon, L. virgaureae, M. 371 

lachesis, T. sylvestris), mean date was earlier than expected as site temperature decreased, but 372 
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with the same slope (sensitivity) between sites (Table S5, lower parameter for site 373 

temperature than for temperature differential) (Fig. 4c). Finally, for three species (F. niobe, L. 374 

alciphron, S. actaea), mean date response within sites increased with site temperature (Table 375 

S5, negative parameter of the interaction between site temperature and temperature 376 

differential) (Fig. 4d). For more than half of the species (those conforming to phenology 377 

models 3 and 4), spatial sensitivities to temperature were smaller (in absolute value) than 378 

temporal sensitivities (Table S5). 379 

 For first date, the confidence sets contained on average 4.2 models (range 1-11) (Table 380 

S11), suggesting more uncertainty in inference than for mean date. Models 0 and 2 were not 381 

supported, as for mean date, and models 1, 3, 4 and 5 were best in the confidence sets for six, 382 

one, ten and three species (Tables S11, S12, Figs. S6, S7). Thirteen species had the same best 383 

fitting model type as for mean date. Out of the remaining seven species, only three showed a 384 

change from models containing spatial and/or temporal effects (models 3, 4 and 5) to the 385 

space-for-time model (model 1) (Tables S4, S11). 386 

Inter-specific variation in sensitivity to climate 387 

For mean date, the white noise model was better supported by the data for the slope of spatial 388 

response to temperature, and the Brownian motion model for the temporal slope (Table S3). 389 

For both cases, the confidence sets consisted of one model each that indicated that slopes 390 

increased for species with later global mean date (Table 3; Fig. 2). Because all spatial and 391 

temporal slopes were negative or zero (Fig. 2, Table S5), our results suggested that sensitivity 392 

to temperature was larger (in absolute value) for early flying species than for late flying 393 

butterfly species. For first date, the Brownian model was better supported for the slopes of 394 

both temporal and spatial responses (Table S9), but only the effect of global first date on 395 

temporal slope was maintained (Table S10, Fig. S4). 396 

397 
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 398 

Fig. 3 Temperature sensitivity period of mean date (horizontal line with filled circles) and 399 

global mean date with range in mean date (open circles with horizontal line) for each 400 

individual butterfly species. Species (best model type in parentheses, Table 2) ordered by 401 

global mean date. Global mean date is the average mean date across all sites and years. 402 

403 
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Fig. 4 Relationship between mean date and mean temperature for four exemplar species 407 

representing the models in Table 2. (a) Model 1 (space-for-time substitution), Z. rumina; (b) 408 

Model 3 (temporal effects only), H. hermione; (c) Model 4 (spatial and temporal effects), L. 409 

virgaureae; (d) Model 5 (spatial and temporal effects with interaction), S. actaea. Each site is 410 

represented with different coloured dots scaling from red (the warmest site), through orange, 411 

yellow, green to dark blue (the coldest site). The lines of best fit are for four representative 412 

locations for each species (excepting for Z. rumina, with a single black line for all sites) over 413 

the thermal gradient based on the equations in Table S5. 414 

415 
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Discussion 416 

Climate-driven changes in phenology are expected to vary across populations and species 417 

because of organismal variation in sensitivity to, and the relative importance of, different 418 

environmental factors, as well as temporal periods of sensitivity. Considering temperature and 419 

RH (as an estimate of water availability), we found that temperature was the environmental 420 

factor most closely correlated with phenology for twenty univoltine species over 14 years in a 421 

mountain range, although RH was of relatively greater importance for species that are active 422 

later in the season. All species appeared earlier in warmer years, with sensitivity restricted to 423 

the time periods shortly before peak flight. We detected evidence within species for different 424 

phenological responses to temperature in different populations, as well as greater 425 

phenological responsiveness to interannual variation in temperature (temporal sensitivity) for 426 

species that fly early in the season. These results suggest that disentangling spatial and 427 

temporal variability in organismal responses to climatic factors will be crucial to project 428 

phenology under climate change. 429 

Environmental determinants of phenology 430 

Previous research has tested the influence of temperature and precipitation on butterfly flight 431 

timing, with significant effects of both variables (Ellwood et al., 2012; Forister & Shapiro, 432 

2003; Stefanescu, Peñuelas & Filella, 2003; but see Polgar, Primack, Williams, Stichter & 433 

Hitchcock, 2013), but without explicitly quantifying the relative contribution of each factor to 434 

the phenology of different species. This is an important point to address in Mediterranean 435 

systems, in which water availability is strongly limited in summer and could shape species' 436 

phenology, as shown for plant communities (Crimmins et al., 2010). We found a dominant 437 

influence of temperature on phenology for all species, which can be explained by its well-438 

known direct effect on insect development, with warmer temperatures accelerating growth 439 
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rates, and consequently, giving rise to earlier emergence (Buckley & Kingsolver, 2012). 440 

However, we also detected a decreasing contribution of temperature relative to RH for late-441 

flying species, congruent with a greater influence of other factors, such as water availability, 442 

on larval development during the summer drought through direct effects on early stages, 443 

and/or indirect effects via changes to host plant quality (Jamieson, Trowbridge, Raffa & 444 

Lindroth, 2012). 445 

 For all species, we found that phenology was earlier in years when the weather was 446 

warmer immediately prior to emergence. The sensitivity periods were restricted to spring and 447 

early summer of the current year, as found in studies carried out in other Mediterranean 448 

systems (Stefanescu et al., 2003), and also at higher latitudes with cooler temperatures and no 449 

pronounced summer drought (e.g., Roy et al., 2015). We cannot rule out the possibility of 450 

temperature effects on phenology at other times of the year because our statistical technique 451 

was limited to one time-window per model, and recent research on a population of one of the 452 

focal species (Anthocharis cardamines) has shown the effects of temperature during three 453 

time windows on emergence dates (Davies, 2019). However, our results are consistent with 454 

evidence for larger effects of temperature on later immature stages in Lepidoptera (e.g., Braby 455 

& Lyonns, 2003; Davies, 2019). 456 

Intra-specific variation in sensitivity to temperature 457 

Only a minority of species showed evidence for pure space-for-time substitution in their 458 

phenological responses to temperature, such that phenology can be predicted simply by the 459 

temperature in a given site/year and would be expected to 'keep up' with climate change 460 

(Hodgson et al., 2010). We observed for more than half of species that the delay in flight 461 

phenology was smaller over the spatial thermal gradient (among sites) than expected from the 462 

relationship between flight date and temperature over time (among years), as observed in 463 

other studies of Lepidoptera at temperate latitudes (Kharouba et al., 2014; Roy et al., 2015). It 464 



 

 

26 

has been suggested that temperature could have different effects across space vs. time because 465 

both temperature and photoperiod (two main factors modulating phenology) vary 466 

geographically, but only temperature varies from year to year (Kharouba et al., 2014). We can 467 

rule out this potential explanation because day length patterns were virtually identical over 468 

our study sites, but it is likely that other unmeasured drivers that vary spatially (but not 469 

temporally) could generate a similar pattern. For instance, two alternative, non-exclusive 470 

explanations could be that the pattern was due to increasing availability of relatively warmer 471 

microhabitats for butterflies, and/or increasing occupancy of relatively warmer microhabitats 472 

by host plants towards the cooler part of the elevational gradient. Although we measured 473 

temperature and RH at the study sites, all data were collected 1.5 m above the ground and 474 

hence may not reflect the specific thermal conditions at or close to ground level (Ashcroft, 475 

2018), where many of the study species' larvae live. The application of mechanistic 476 

microclimate models to estimate conditions at ground level (e.g. Kearney et al., 2020) could 477 

increase the capacity of ecologists to test these possibilities, especially if combined with 478 

evidence of spatial and temporal variation in vegetation cover and composition and their 479 

effects on temperatures in larval microhabitats (Ashton et al., 2009). Another potential 480 

explanation could be that the greater than expected synchronization of flight periods over the 481 

spatial thermal gradient could result from local adaptation to temperature (Phillimore et al., 482 

2010; Roy et al., 2015). In this case, experimental research would be required to confirm the 483 

extent of local adaptation suggested by phenological models. 484 

 We detected some evidence of intra-specific variability among sites in sensitivity to 485 

temperature, suggesting that the phenology of populations inhabiting cooler locations was less 486 

sensitive than those occupying warmer locations to annual temperature variation. These 487 

results suggest that phenology is more synchronised across the elevation gradient in cool 488 

years than hot years (Fig. 4d), but should be interpreted with caution because alternative 489 
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models assuming the same sensitivity over the thermal gradient were also included in the 490 

confidence sets (Tables S4, S11). Nevertheless, the result highlights the potential for local 491 

variation in responses to climatic variability to produce heterogeneous demographic or 492 

phenological responses over geographic gradients such as elevation (see Nice et al., 2019). 493 

Inter-specific differences in sensitivity to temperature 494 

Species with earlier annual phenology were more sensitive to temperature (particularly to 495 

interannual variation) than species with later phenology. Temporal sensitivity can be 496 

interpreted as the magnitude of phenotypic plasticity to temperature (Phillimore et al., 2010), 497 

and has been reported to be greater for earlier flying species in other assemblages, including 498 

Lepidoptera (e.g., Kharouba et al., 2014; Roy et al., 2015). Earlier flying species may be more 499 

sensitive to temperature because spring temperature is generally more variable across years 500 

than summer temperature, and there is a greater likelihood of spring frost in temperate 501 

regions, leading to potentially heavier fitness costs of mistiming flight than for later flying 502 

species (Pau et al., 2011; but see Wang et al., 2014). 503 

 Most of our results were qualitatively robust to the phenological estimator used, with the 504 

exception of comparative analyses for the relative importance of environmental factors and 505 

the spatial slopes of temperature sensitivity. In both cases, the evidence for increased relative 506 

importance of temperature and greater spatial sensitivity for earlier species was lost when first 507 

date was used as the estimator. The lower correlation coefficients for model cross-validation 508 

and the larger confidence sets for temperature-based first date models suggest that the data 509 

were noisier. Abundance trends in space and time could reduce the chances of selecting 510 

models other than the intercept-only model in comparative analysis, by increasing the 511 

variability of first dates (Miller-Rushing, Lloyd-Evans, Primack & Satzinger, 2008). At a 512 

geographic scale, Fric, Rindoš & Konvička (2020) also show stronger relationships with 513 
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latitude and elevation for the peak flight dates of temperate butterflies than for their flight 514 

onset dates. 515 

 Our modelling approach has some limitations: it only tests linear relationships between 516 

phenology and temperature (Primack et al., 2009), and uses site-invariant temperature and RH 517 

periods for each species, although the most relevant period could differ among sites (Ibáñez et 518 

al., 2010). More complex models could be tested if larger data sets are available, and 519 

alternative data-hungry techniques are applied (e.g., Bailey & van de Pol, 2016). In addition, 520 

our approach is only applicable to univoltine species, for which mean and first dates are 521 

simple descriptors of the appearance date. Addressing phenological changes for multivoltine 522 

species would require more complex analysis, including techniques that incorporate potential 523 

voltinism increases as growing seasons lengthen (Altermatt, 2010; Hodgson et al., 2011; 524 

Macgregor et al., 2019). 525 

 Nevertheless, our results have important implications in terms of both understanding 526 

responses of phenology and forecasting future changes. The analyses of organismal 527 

mechanisms revealed that variability in phenological responses might result from multiple 528 

effects, including the relative contribution of temperature in relation to other environmental 529 

factors, and intra- and inter-specific heterogeneity in thermal sensitivity periods and the 530 

magnitude of sensitivity. In turn, our results suggest that translating future climate changes 531 

into accurate forecasts of species' phenological shifts could require the isolation of spatial 532 

from temporal components of temperature variation because species' sensitivities may differ 533 

across these two dimensions (Kharouba et al., 2014), even over short distances dominated by 534 

marked environmental changes such as elevational gradients. The phenological 535 

synchronisation reflected in small or absent spatial sensitivities to temperature suggests a 536 

reduced capacity for some species to cope with climate change if all populations are 537 

simultaneously exposed to unfavourable conditions (Gutiérrez Illán, Gutiérrez, Díez & 538 
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Wilson, 2012). However, rates of change in climatic conditions vary between different 539 

environments (Maclean, Suggitt, Wilson, Duffy & Bennie, 2017), both depending on 540 

elevation or topography and vegetation structure (De Frenne et al., 2019). Maintenance of 541 

these sources of microclimate heterogeneity and hence phenological variability across 542 

networks of species populations may therefore help to reduce potential threats to species from 543 

climate change. 544 

545 
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