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51 Abstract

52 Climatic gradients frequently predict large-scale ecogeographical patterns in animal 

53 coloration, but the underlying causes are often difficult to disentangle. We examined 

54 ecogeographical patterns of reflectance among 343 European butterfly species and isolated the role 

55 of selection for thermal benefits by comparing animal-visible and near-infrared (NIR) wavebands. 

56 NIR light accounts for ~50% of solar energy but cannot be seen by animals so functions primarily in 

57 thermal control. We found that reflectance of both dorsal and ventral surfaces shows thermally 
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58 adaptive correlations with climatic factors including temperature and precipitation. This adaptive 

59 variation was more prominent in NIR than animal-visible wavebands and for body regions (thorax-

60 abdomen and basal wings) that are most important for thermoregulation. Thermal environments also 

61 predicted the reflectance difference between dorsal and ventral surfaces, which may be due to 

62 modulation between requirements for heating and cooling. These results highlight the importance of 

63 climatic gradients in shaping the reflectance properties of butterflies at a continent-wide scale.

64 Introduction

65 Large-scale ecogeographical gradients can explain variation in diverse traits, from body size 

66 (Ashton 2002) to colour (Friedman & Remeš 2017). Several ecogeographical patterns have been 

67 formalised into rules; yet there is persistent debate regarding underlying causes and the taxa to which 

68 they apply (Gaston et al. 2008; Chown & Gaston 2010). This problem is epitomised by Gloger’s rule 

69 and Bogert’s rule, which both describe ecogeographical patterns of melanisation. Gloger’s rule 

70 describes the tendency for heavily pigmented (darker) forms to be found in hotter and more humid 

71 regions (Delhey 2017, 2019). This relationship may be driven by one or more factors including 

72 camouflage in low light environments (Zink & Remsen Jr 1986; Cheng et al. 2018), protection from 

73 ultraviolet light or parasites (Burtt Jr & Ichida 2004; Chaplin 2004), or pleiotropic effects of genes 

74 regulating both climatic adaptations and melanin-based coloration (Ducrest et al. 2008). Bogert’s 

75 rule (also termed the thermal melanin hypothesis) describes the tendency for darker animals to occur 

76 in colder regions because darker colours absorb more solar radiation, thus providing thermal benefits 

77 (Bogert 1949). Traditionally, Bogert’s rule has been applied to ectotherms and Gloger’s rule to 

78 endotherms; however, the accumulated evidence suggests that both rules may apply broadly to 

79 ectotherms or endotherms (Clusella-Trullas et al. 2007; Delhey 2018; Galván et al. 2018; Delhey et 

80 al. 2019). Efforts to reconcile the seemingly opposing effects of these rules have so far been 

81 hampered by the difficulty of disentangling the underlying drivers.

82 Most of the evidence that supports either Gloger’s or Bogert’s rule relates to animal-visible 

83 colour (all or part of the wavelengths range from 300–700 nm); however, the spectrum of solar 

84 irradiance extends well beyond this range. Wavelengths from 700–1400 nm (near-infrared, NIR) 

85 include approximately 50% of solar energy (Stuart-Fox et al. 2017) and can therefore strongly affect 

86 heat gain. By contrast, NIR does not directly affect camouflage because little or no NIR light can be 

87 seen by animals (Stuart-Fox et al. 2017). Examining ecogeographical gradients in NIR reflectance 

88 can therefore help to distinguish underlying drivers of ecogeographical patterns of animal coloration 

89 (Cuthill et al. 2017; Stuart-Fox et al. 2017; Ruxton et al. 2018). To date, large-scale ecogeographical 

90 patterns of NIR reflectance have only been examined for a limited number of taxa and a limited 
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91 geographical region (Medina et al. 2018; Munro et al. 2019). 

92 Butterflies are a model group to investigate ecogeographical patterns of reflectance due to 

93 their thermal biology and extraordinary diversity in coloration. They are ectothermic like many 

94 insects and regulate their body temperature through both physical and behavioural traits (Clench 

95 1966). Physical properties of the thorax and basal wings (i.e. parts of the wings that are close to 

96 thorax) directly affect the temperature of flight muscles through heat conduction (Heinrich 1974). 

97 The wings beyond the basal region may have less impact on thermoregulation because there is less 

98 haemolymph circulation and fewer vascular extensions that can carry significant quantities of heat to 

99 the thorax (Arnold 1964; Kammer & Bracchi 1973; Wasserthal 1983; Kingsolver 1987). However, 

100 wings can overheat quickly under direct sunlight due to their low thermal capacity, and butterflies 

101 have evolved sophisticated wing scale structures to control wing temperature through radiative 

102 cooling (Tsai et al. 2020). Butterflies also regulate their temperature through various behavioural 

103 mechanisms including dorsal (opening wings to expose dorsal surface) and lateral basking (folding 

104 wings to expose ventral surface), ground-contact, orientating themselves in relation to the position of 

105 the sun, and shivering (Clench 1966). The reflectance of butterflies plays a crucial role during 

106 behavioural thermoregulation such as dorsal and lateral basking because the efficacy of these 

107 behaviours depends on how much light their body and wings absorb (Kingsolver 1987, 1988). The 

108 reflectance of both dorsal and ventral regions seems to play a key role in warming up during basking 

109 while those of ventral regions seem to be additionally related to preventing overheating. When hot, 

110 butterflies close their wings to shield the body and high reflectance of ventral surfaces could help to 

111 prevent overheating (Kingsolver 1987). In cool environments, overheating should be less important 

112 and thus thermal pressures may act similarly on both dorsal and ventral reflectance (low dorsal-

113 ventral contrast). In hot environments, selection for high reflectance of ventral wing surfaces to 

114 prevent overheating is predicted to produce higher dorsal-ventral contrast. However, the prediction 

115 of higher dorsal-ventral wing contrast for butterflies in hotter environments has yet to be formally 

116 tested.

117 In this study, we tested whether climate (mainly concerning temperature and precipitation) 

118 predicts the reflectance of both dorsal and ventral regions of 343 European butterfly species using 

119 full-spectrum photography of museum specimens. We compiled climatic niche characteristics of 

120 each species and tested multiple hypotheses regarding ecogeographical patterns of butterfly 

121 reflectance after accounting for phylogeny and phylogenetic uncertainty (Schweiger et al. 2014). We 

122 specifically addressed four main questions regarding ecogeographical variation in butterfly 

123 reflectance: (1) does butterfly reflectance follow the patterns predicted by Bogert’s rule in both 
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124 animal-visible and near-infrared wavebands? (2) does NIR reflectance show thermally adaptive 

125 patterns independent of animal-visible reflectance? (3) does butterfly reflectance follow the patterns 

126 predicted by Gloger’s rule? (4) does climate predict dorsal-ventral contrast in butterflies? 

127 Additionally, because body size has a critical role in thermoregulation and affects the efficacy of 

128 thermoregulatory behaviours (Gilchrist 1990; Kemp & Krockenberger 2004), we also tested whether 

129 body size and climatic environments have interactively shaped butterfly reflectance.

130

131 Materials and methods

132

133 Species and specimen selection

134 We analysed 684 butterfly specimens from 343 species held in the Lepidoptera collections at 

135 the Natural History Museum in London. This includes species from all six families, covering 

136 approximately 70 % of all species found in Europe (Wiemers et al. 2018). The distribution of 

137 analysed species ranged from 34° to 70° N and 10° W to 44° E. The mean temperature over a 

138 species’ distribution varied from -2.7 to 18 °C, and the mean precipitation varied from 353 to 1544 

139 mm per year. For each species, we selected and photographed two specimens whenever available and 

140 chose specimens with well-preserved wings and body. For the polymorphic species, we 

141 photographed each morph once. We focused on capturing inter- rather than intra-specific variation 

142 because we were primarily interested in evolutionary factors that have shaped broad-scale 

143 interspecific ecogeographic patterns. We note that most specimens were collected before 1980; 

144 however a previous study found no effect of specimen age on visible and near-infrared reflectance in 

145 butterflies (Munro et al. 2019) and any potential degradation will contribute variation within species 

146 but is unlikely to mask interspecific variation or affect biological conclusions at the scale of our 

147 analysis. 

148

149 Photography

150 Photography was done in a dim room using two light bulbs simultaneously: an LED bulb 

151 (True-light LED 12W E27, Frankfurt, Germany CRI index 98, spectral power distributions for the 

152 bulbs are provided in Fig. S1) and a 3,000K tungsten-halogen lamp (150W, Long Life Lamp 

153 Company, Harrow, UK). The tungsten-halogen lamp emitted all ultraviolet (UV), visible, and NIR 

154 light. We set up these two bulbs approximately 60 cm above the photographic spot. A full-spectrum 

155 converted DSLR camera (Nikon D7000 converted by Lifepixel, Mukilteo, WA, USA) was set 

156 directly above the photographic area. We positioned the camera slightly below the bulbs to avoid 
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157 light reaching directly to the camera lens (Jenoptik UV-VIS-IR 60 mm 1:4 APO Macro lens; 

158 transmission waveband is between 290 to 1500 nm). We used lens filters (Baader, Mammendorf, 

159 Germany) to capture ultraviolet (U-Venus filter; transmission range from 320 to 380 nm), visible 

160 (UV/IR cut filter; 400 – 680 nm), and near-infrared wavelengths ranges (IR-Pass filter; 670 – 1050 

161 nm; 1050 nm is the maximum sensitivity of the camera sensors provided by the manufacturer). These 

162 filters completely blocked wavelengths outside the transmission range and enabled us to photograph 

163 each specimen in three spectral ranges: ultraviolet, visible, and near-infrared ranges, respectively. 

164 Our analysed spectral range (320 – 1050 nm) captures approximately 80% of the energy in solar 

165 irradiation (Munro et al. 2019). Although the analysed spectral range had both small gaps (between 

166 380 – 400 nm) and overlaps (670 – 680 nm) due to the filters’ transmission ranges, their effect 

167 should be inconsequential to the overall brightness. We changed lens filters with a minimum 

168 disturbance to the camera body using a combination of magnetic lens adapters and filter holders 

169 (Manfrotto, Cassola, Italy).

170 To fix each specimen, we used a square paper box floored with styrofoam (17  10  5 cm). 

171 We placed each specimen at the centre with a 99% reflectance standard (WS-1-SL, Labsphere, NH, 

172 USA) on the upper-right corner of the box. Camera settings were constant (ISO 400, F8) except for 

173 the shutter speed which varied depending on the type of filters (1.3 s for ultraviolet, 1/500 s for 

174 visible, 1/800 s for near-infrared photos; different shutter speeds were used due to the different 

175 power of the light in each waveband regions). These shutter speeds ensured that the 99% reflectance 

176 standard was not saturated (i.e. pixels values exceed 255) nor seriously underexposed in all images. 

177 We photographed both dorsal and ventral sides. This produced 4,104 images saved in raw format 

178 (see Fig. S2 for sample images).

179

180

181 Image analysis

182 To remove non-linearity of the camera response, we converted all raw photos to linearised 

183 TIFF format images using Dcraw v. 9.27 (Coffin 2008). Then we rescaled each colour channel to 

184 ensure that the 99 % reflectance standard had the corresponding value. After this process, RGB 

185 values of each pixel (ranging from 0 – 255 for each colour channel) scale linearly with reflectance of 

186 0 - 100 %. We used the B channel for UV photos, R, G, and B channels for visible photos, and R and 

187 B channels for NIR photos because the camera sensors have sensitivity in the corresponding spectral 

188 range.

189 For all images, we measured mean channel values of three body regions that putatively have 

A
u
th

o
r 

M
a
n
u
s
c
ri
p
t



This article is protected by copyright. All rights reserved

190 different role in thermoregulation: thorax-abdomen (though wing muscles are attached to thorax, 

191 abdomen is also important for thermoregulation due to haemolymph circulation between them 

192 (Rawlins 1980); we refer to thorax for brevity), basal wings, and entire wings. Thus, we measured 

193 six different body regions for each specimen: dorsal thorax (DT), dorsal basal wings (DB), dorsal 

194 entire wings (DE), ventral thorax (VT), ventral basal wings (VB), and ventral entire wings (VE). 

195 Because butterfly wings were symmetrical, we measured wing regions only from one side (left). For 

196 each region, we averaged the pixel values of all measured channels to get a mean reflectance value 

197 using ImageJ 1.52a (Schneider et al. 2012). Then we calculated the mean reflectance of each body 

198 part over 1) VIS (320 – 700 nm; animal-visible range), 2) NIR (700 – 1050 nm; animal-invisible 

199 near-infrared range), and 3) VIS-NIR (320 – 1050 nm) ranges. For example, VIS reflectance was 

200 calculated by (60u + 280v)/(60 + 280), where u and v are the mean reflectance of ultraviolet and 

201 visible-range images respectively, and the numbers 60 and 280 are wavebands of the spectral images. 

202 We measured the entire wing area for each species (averaged among specimens) and used this as a 

203 size index for each species. Wing size is correlated with body size in butterflies but also provides a 

204 measure of the surface area exposed to sunlight.

205

206 Climatic variables 

207 We used nine climatic niche variables for each species in our analysis. We obtained the 

208 mean, minimum, and maximum annual temperature (°C), and annual precipitation sum (mm) from 

209 an open dataset CLIMBER (Climatic niche characteristics of the butterflies in Europe) and averaged 

210 each variable across each species’ distribution (data from 1971 to 2000) (Schweiger et al. 2014). The 

211 other five climatic variables, namely solar irradiation (kJ m-2 day-1), isothermality, temperature 

212 seasonality, precipitation seasonality, and water vapour pressure (kPa) were compiled for every 50 

213 km using WorldClim data (Fick & Hijmans 2017) (data from 1970 to 2000) and averaged over all 

214 years and across species’ range. We chose nine variables that best represent the broad-scale climatic 

215 variation relevant to our specific hypotheses. We limited the number of variables to facilitate 

216 biological interpretation and because climatic variables tend to be very highly inter-correlated. We 

217 used annual means rather data for specific quarters because the length of the activity season varies 

218 between seasons and quarterly values are strongly correlated with annual values together with 

219 seasonality. Indeed, we extracted the mean tempearture across butterflies’ distribution from April to 

220 October (flight period of most butterflies) using WorldClim datasets for each species and found that 

221 the annual mean temperature and mean temperature from April to October correlated very highly (r 

222 = 0.97).There existed one year difference between CLIMBER and WorldClim datasets due to the 

223 limitation in compiled data availability. We note here that these coarse averaged climatic variables 
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224 do not capture intra-specific variation in micro-climate conditions or altitudinal effects (which should 

225 be partially reflected in temperature variables), but should retain sufficient inter-specific variation for 

226 our large scale analysis. 

227

228 Data analysis

229 We used R 4.0.2. for data analysis (R Core Team 2017). First, we reduced the 

230 dimensionality of the climatic variables using principal component analysis (PCA). Then we 

231 performed a phylogenetically controlled analysis to examine the relationship between size, climatic 

232 factors (PC1 and PC2; see results), and the mean butterfly reflectance over VIS-NIR range. The 

233 phylogenetic relationships of the analysed species were inferred from a published time-calibrated 

234 molecular phylogenetic tree (Wiemers et al. 2020). This ultrametric phylogenetic tree was based on 

235 concatenated alignment of the mitochondrial gene COI and up to eleven nuclear gene regions of 

236 European butterfly species. To account for the uncertainties in topology and node age, we generated 

237 1,000 trees randomly sampled from the posterior distribution and performed the analysis using all 

238 1000 trees.

239 For each tree, we fitted multivariate phylogenetic regressions implemented in the 

240 ‘mvMORPH’ package (Clavel et al. 2015). This enabled us to include multiple response variables in 

241 a single model. We set size, climatic principal components (PCs; up to PC2), and the interaction 

242 between size and climatic PCs as predictor variables. Our response variables consisted of the mean 

243 reflectance of the six body regions (DT, DB, DE, VT, VB, DE). We compared the goodness of fit of 

244 the models assuming either Brownian motion, Ornstein-Uhlenbeck, Early Burst, or Pagel’s λ models 

245 of trait evolution and used the models with the lowest Generalized Information Criterion (GIC) 

246 (Konishi & Kitagawa 1996; Hernández et al. 2013). Ornstein-Uhlenbeck models showed slightly 

247 better fit than other models in multivariate phylogenetic regressions, but Pagel’s λ models 

248 outperformed others in all post-hoc PGLS models. Thus, we consistently assumed Pagel’s λ models 

249 of trait evolution. Nevertheless, the results were robust regardless of which models we assumed. We 

250 also used GIC to select the best model among all candidate models. 

251 Using the predictors that remained significant in the above model, we performed post-hoc 

252 phylogenetic generalised least squares (PGLS) on the mean reflectance of each body region to 

253 further examine which body regions were specifically explained by each predictor. We implemented 

254 a ‘gls’ function to run PGLS (Revell 2012). We iteratively performed PGLS on 1,000 trees for all 

255 body regions and estimated the 95% confidence intervals of statistics. The 95% confidence limits of 

256 statistics from all analyses using 1000 trees varied only slightly and showed essentially the same 

257 results as the maximum clade credibility (MCC) tree results (all parameters estimated were within ± 
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258 0.02 range) supposedly because of low phylogenetic uncertainty. Thus, we report the results from the 

259 MCC tree only in the results. Here, we used Akaike Information Criteria (AIC) to select the best 

260 model and controlled for the false-discovery rate by adjusting P-values (Benjamini & Hochberg 

261 1995). The strength of phylogenetic signal λ was estimated using the MCC tree.

262 We additionally examined the effects of our predictors on VIS reflectance and NIR 

263 reflectance separately using the same modelling approach and model structure. To examine whether 

264 NIR reflectance showed adaptive features even after accounting for its high correlation with VIS 

265 reflectance, we first fitted linear regressions to each NIR reflectance (for each body region) using log 

266 form of VIS reflectance as a predictor (Pearson r across all body regions ≈ 0.77; Fig. S3) and 

267 extracted residuals of the fitted models. These residuals indicate the degree of NIR reflectance 

268 independent of VIS reflectance (i.e. after accounting for the correlation between VIS and NIR 

269 reflectance). Though the use of residuals has been criticised due to potential for biased parameter 

270 estimation (Freckleton 2009), residuals are appropriate when the effect of one predictor on a 

271 response variable should be controlled before and independent of the other predictors such as in our 

272 case; the effects of VIS reflectance on NIR reflectance should be considered before estimating the 

273 effects of other climatic and size variables and should not affect the parameters of other predictors in 

274 the model (see Supplementary materials for the statistical justification of using residuals). We fitted 

275 multivariate phylogenetic regressions using size, climatic PCs, and the interaction between those two 

276 as predictors and the residuals for each body region as response variables. Then we performed a 

277 post-hoc PGLS analysis for each body region using the retained significant terms as predictors as 

278 above.

279 In the main results, we analysed all specimen images regardless of the sex and the presence 

280 of sexual dimorphism. However, because sexually dimorphic male reflectance is likely to be heavily 

281 shaped by sexual selection (Lande 1980; van der Bijl et al. 2020), we repeated the analysis without 

282 sexually dimorphic male specimens and compared the results. Furthermore, because principal 

283 components may represent a biased sample of multivariate patterns in comparative data (Uyeda et al. 

284 2015), we fitted multivariate phylogenetic regressions again, but this time using the mean annual 

285 temperature and annual precipitation, instead of PC1 and PC2. We show the results of this analysis in 

286 Supplementary materials.

287 For the analysis of dorsal-ventral reflectance differences, we first compared the reflectance 

288 between dorsal and ventral parts using paired t-tests. Next, to examine whether climate variables 

289 predict these differences, we calculated the reflectance differences between ventral and dorsal parts 

290 by subtracting dorsal reflectance from ventral reflectance for each body region. Using these dorsal-

291 ventral differences in the three body regions as independent variables, we fitted phylogenetic 
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292 multivariate multiple regressions with climatic PCs, size, and the interaction between them as 

293 dependent variables. We then performed post-hoc PGLS analyses for each body region using the 

294 retained significant terms as predictors.

295

296

297 Results

298

299 The overall relationship between climatic variables and VIS-NIR reflectance

300 Climate variables were the first two principal components (PCs) from a Principal 

301 Components Analysis (PCA) of 9 climatic niche variables. PC1 and PC2 explained 57% and 20% of 

302 the total variation, respectively. Climate PC1 was higher in species that inhabit in warmer, drier 

303 climatic conditions and correlated most strongly with mean temperature (r = 0.98), solar radiation (r 

304 = 0.88) and water vapour pressure (r = 0.87) (Fig. 1a). Climate PC2 was higher in species that 

305 inhabit areas with higher mean precipitation (r = 0.78) and low temperature seasonality (r = -0.77) 

306 (see Tables S1,2 for the full PCA results). For brevity, when reporting and discussing PC1 and PC2 

307 effects we mainly mention temperature for PC1 and precipitation for PC2. Temperature and 

308 precipitation were the strongest correlates of PC1 and PC2 respectively and are highly correlated 

309 with the other climate variables associated with each PC.

310 Climate was a significant predictor of butterfly reflectance for all body regions. In the 

311 multivariate phylogenetic regression, mean total VIS-NIR reflectance was predicted by PC1 

312 (coefficients provided in Table S3; F6,334 = 12.58, P < 0.001), PC2 (F6,334 = 3.66, P = 0.002), and 

313 size (F6,334 = 7.44, P < 0.001). The two interaction variables (size×PC1 and size×PC2) were excluded 

314 from the model with P > 0.2. Phylogenetic signal was high (λ = 0.76). Post-hoc PGLS models that 

315 used the mean reflectance of each body region as a response variable showed that for all body 

316 regions, species from colder environments (lower PC1) had lower reflectance, which corresponded to 

317 a gradual decrease in the reflectance of butterfly assemblages across latitudinal gradients (Table 1; 

318 Figs. 2,3). PC2 was also significant for all body regions (except for the ventral thorax), with species 

319 from high precipitation environments having lower reflectance than species from drier environments. 

320 Size predicted the reflectance of both dorsal and ventral entire wing: smaller species tended to show 

321 higher mean entire wing reflectance than larger species. However, size did not predict the reflectance 

322 of either the thorax or basal wing regions (Table 1). The results from the models excluding sexually 

323 dimorphic males showed the same trends except that PC2 became non-significant for all ventral 

324 regions (Supplementary materials, Tables S4,5). Phylogenetic signals were consistently high for all 

325 body regions (all λ > 0.72).
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326 The relationship between overall (VIS-NIR) reflectance and climate was evident for both 

327 VIS and NIR wavelength ranges but driven more by NIR reflectance for the thorax and basal wing. 

328 Results for VIS and NIR reflectance separately were essentially consistent with the overall 

329 reflectance models (see Supplementary materials, Tables S6,7, Figs. S4,5 for the full results). PC1 

330 predicted VIS and NIR reflectance for all body regions; however, the relationship was more robust 

331 (larger coefficients) for NIR reflectance for all body regions, but not dorsal entire wing. PC2 also 

332 predicted the reflectance of most body regions except for ventral thorax and basal regions in the VIS 

333 range, and the ventral thorax in the NIR range. Size did not predict VIS reflectance of butterflies but 

334 predicted NIR reflectance of the entire wing (both dorsal and ventral); smaller butterflies showed 

335 higher NIR reflectance than larger butterflies. The direction of this relationship (i.e. whether 

336 coefficients had negative or positive values) was always the same as the overall reflectance models 

337 for all significant predictors.

338 We additionally examined whether NIR reflectance show adaptive variation after accounting 

339 for its high correlation with VIS reflectance (see methods). Analyses using residuals from the linear 

340 regression between NIR and log(VIS) as response variables confirmed the importance of NIR 

341 reflectance of the thorax and basal wing in the overall correlations between reflectance and climate 

342 (Table 1,2). The multivariate phylogenetic regression model showed that PC1 (F6,334 = 4.63, P < 

343 0.001), PC2 (F6,334 range= 2.34, P = 0.03), and size (F6,334 = 7.69, P < 0.001) were significant 

344 predictors of NIR residuals (Table 1). Post-hoc PGLS revealed that the residuals of ventral thorax 

345 and basal wing regions were higher in species from hotter environments (with higher PC1; Fig. 4). 

346 PC2 predicted dorsal thorax, basal wing, and ventral basal wing regions. Size predicted dorsal and 

347 ventral entire wing regions. The trends of the significant relationships were the same as the overall 

348 reflectance models (Table S8). All other variables were non-significant with Padj > 0.1.

349 The results using the original climatic variables (the mean annual temperature and annual 

350 precipitation sum) as predictors were essentially the same as the main results except that the effect of 

351 precipitation diminished (Table S9,10). The principal component model fitted better than the original 

352 climatic variable model (ΔGIC ≈ 10); thus, we mainly discuss and interpret the results of the 

353 principal component model.

354

355 The relationship between climatic variables and dorsal-ventral differences

356 Here, we tested whether climate predicts dorsal-ventral reflectance contrast in butterflies. 

357 Ventral reflectance showed higher reflectance than dorsal reflectance for all three body regions in 

358 most of the species (all t342 > 25, P < 0.001, Fig. S6). Phylogenetic signal was present in these 

359 differences (λ = 0.66). In the best model, only PC1 (F6,334 = 17.01, P < 0.001) was a significant 
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360 predictor (other terms removed with P > 0.2) with species from colder environments showing a 

361 greater difference between dorsal and ventral reflectance. Post-hoc PGLS models revealed that this 

362 relationship was present for both the thorax (coef = 1.47, t = 2.63, Padj=0.01) and basal wing regions 

363 (coef = 1.14, t = 4.92, Padj < 0.001), but not in entire wing region (coef = 0.00, t = -1.42, Padj = 0.16). 

364

365

366 Discussion

367 In this study, we analysed whether climatic variables that are related to thermal 

368 environments and precipitation explain ecogeographical patterns of butterfly reflectance. The 

369 reflectance of European butterflies followed the patterns predicted by Bogert’s rule: butterfly species 

370 in colder regions showed lower reflectance than species in warmer regions in both VIS and NIR 

371 wavebands. This pattern was consistent for dorsal and ventral reflectance of all body regions. The 

372 consistent pattern for both VIS and NIR wavebands is not surprising because reflectance in these two 

373 parts of the spectrum was highly correlated. Even after removing the effect of this correlation, 

374 residual NIR reflectance of the ventral thorax-abdomen and basal wings still showed thermally 

375 adaptive patterns. Thus, our results suggest that thermal benefits drive ecogeographical patterns of 

376 reflectance in European butterflies.

377 The support for Gloger’s rule is equivocal: the results using principal components (with a 

378 better model fit) showed patterns congruent with Gloger’s rule while we found no effect of 

379 precipitation when we used annual precipitation alone as the predictor (Tables S9,10). Delhey 

380 proposed two different definitions of Gloger’s rule: a simple version states that animals are darker in 

381 more humid environments while a more complex version includes differential effects of humidity 

382 and temperature on different types of melanin pigments (Delhey 2019). Our results partially follow 

383 the patterns predicted by the simple version of Gloger’s rule: after accounting for the effect of 

384 temperature-related variables (PC1), reflectance of most body regions was lower in species found in 

385 more humid regions (i.e. with higher mean precipitation). The trends were consistent for all body 

386 regions (coefficients of PC2 in Tables 2 and S5-6 are all negative; although this relationship was not 

387 statistically significant for the ventral thorax). This suggests that not only thermal environments but 

388 the degree of humidity might also affect the ecogeographical patterns of butterfly reflectance. 

389 However, camouflage may also contribute to the observed relationship. Indeed, humid environments, 

390 such as closed-canopy rainforests, could favour the occurrence of darker species (Xing et al. 2016; 

391 Cheng et al. 2018), as such environments are usually covered by a dense canopy structure and thus 

392 display low light conditions. 

393 In accordance with a previous study on Australian butterflies (Munro et al. 2019), we found 
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394 similar high correlations between VIS and NIR reflectance. This is not surprising because reflectance 

395 varies continuously and often gradually across the spectrum and the degree of VIS reflectance 

396 generated by pigments, such as melanins, often correlate with their NIR reflectance (Alla et al. 

397 2009). However, structural colour, which is common in butterflies, can produce a wide diversity of 

398 spectral shapes with multiple peaks in different parts of the spectrum (Kinoshita et al. 2002), 

399 potentially enabling VIS and NIR properties to respond differently to selection. Our results suggest 

400 that selection for thermal benefits has shaped both VIS and NIR reflectance in European butterflies 

401 because both showed patterns consistent with Bogert’s rule. However, the ventral basal wing and 

402 thorax regions also showed thermally-adaptive variation independent of their VIS reflectance. This 

403 implies that butterfly reflectance might be tuned to modulate signalling or camouflage needs in 

404 animal-visible wavelengths and thermoregulatory needs in NIR wavelengths despite the constraints 

405 imposed by the correlations between them (Munro et al. 2019).

406 These results are congruent with previous findings on European butterflies that analysed 

407 images in guidebooks: colour lightness of both body and wing area closest to the body increases with 

408 increasing temperature (Stelbrink et al. 2019). Though entire wing reflectance also showed thermally 

409 adaptive ecogeographical patterns, the strength of this relationship was weaker than for the thorax 

410 and basal wing regions. The stronger climate-reflectance relationships for the thorax and basal wing 

411 area suggest that the relative importance of thermoregulation is greater for these body regions, 

412 consistent with their more critical role in thermoregulation (Wasserthal 1983). Basal wing and thorax 

413 regions comprise a smaller area than the entire wing and are pivotal for thermoregulation due to 

414 haemolymph circulation and proximity to flight muscles (Arnold 1964), thus they may be less 

415 affected by competing selective pressures other than selection for thermal benefits. Given all this, the 

416 evolution of butterfly reflectance is likely to be affected by thermoregulation coupled with multiple 

417 competing functions, including camouflage and signalling (Silberglied 1984; Kapan 2001; Cheng et 

418 al. 2018; van der Bijl et al. 2020).

419 Our results show that larger species have lower entire wing reflectance than smaller species 

420 in the NIR but not VIS wavebands. In other words, size correlates with NIR reflectance, but not 

421 colour. Why have larger butterflies evolved lower NIR reflectance of the wings? NIR adaptations of 

422 wings could contribute to thermoregulation. Although heat transfer from the wings to the thorax 

423 through conduction may be limited, heat transfer may be greater for larger than smaller wings. 

424 Because larger objects have higher thermal inertia (tendency to resist changes in temperature), larger 

425 butterflies may take longer to reach flight temperature than smaller ones (Blandon et al. 2020). Thus, 

426 there may be stronger selection on larger butterflies to modulate NIR reflectance to reduce basking 

427 time. Alternatively, larger butterflies may prefer to be active in the shade and crepuscular hours 
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428 which could also drive the evolution of lower NIR reflectance (Xing et al. 2016). The underlying 

429 reason for the observed size-reflectance relationship remains to be tested.

430 Butterflies use both dorsal and ventral basking, and both dorsal and ventral reflectance can 

431 contribute to the process of heat transfer, depending on basking behaviour (Clench 1966; Kingsolver 

432 1985). However, ventral regions are additionally exposed during cooling down when butterflies close 

433 their wings tightly to minimise the absorption of solar radiation (Clench 1966). To avoid the 

434 absorption of unnecessary heat during cooling down, it may be equally important to have high 

435 ventral reflectance, especially for species in warmer climates. Thus, the reflectance of ventral regions 

436 in butterflies may be a result of evolutionary modulation between two conflicting selective pressures: 

437 absorbing light energy when heating up and reflecting it when cooling down. In cold climates, 

438 selection for low reflectance to enable rapid warming may prevail, while in hot climates, there may 

439 be stronger selection for high ventral reflectance to facilitate cooling. Indeed, our results demonstrate 

440 that ventral surfaces had higher reflectance than dorsal surfaces in most species and the difference 

441 was larger in warmer climates. Notably this relationship was only present for the thorax and basal 

442 wing regions that are crucial for thermoregulation. This suggests that the evolution of the ventral 

443 surfaces of butterflies is affected by thermoregulatory pressures related to both heating and cooling.

444 Thermal benefits have been considered as one of the major selective agents that operate on 

445 butterfly reflectance (Kingsolver 1988; Hegna et al. 2013). Our findings provide the most 

446 comprehensive evidence to date that climatic gradients have shaped both animal-visible and near-

447 infrared reflectance of butterflies consistent with both Gloger’s and Bogert’s rules. We also show 

448 that not all body regions were equally affected, but the observed climate-reflectance relationship was 

449 stronger for body regions that play a greater role in thermoregulation. This highlights that the relative 

450 strength of competing selective pressures (e.g. signalling, camouflage, heating up, or cooling down) 

451 may vary between different body parts and these collectively have affected the evolution of the 

452 reflectance properties of butterflies.

453

454

455
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Body region DT DB DE VT VB VE

PC1 <0.001 0.002 0.006 <0.001 <0.001 0.008

PC2 <0.001 0.003 0.002 n.s. 0.04 0.02

Overall 

reflectance 

models (Padj) Size n.s. n.s. 0.005 n.s. n.s. 0.009

PC1 n.s. n.s. n.s. <0.001 <0.001 n.s.Residual 

models (Padj) PC2 0.002 0.007 n.s. n.s. 0.007 n.s.

A
u
th

o
r 

M
a
n
u
s
c
ri
p
t



This article is protected by copyright. All rights reserved

Size n.s. n.s. <0.001 n.s. n.s. <0.001

591

592 Figure legends

593

594 Figure 1. PCA loadings on climatic factors (a) and the relationship between climatic PC1 and 

595 butterfly reflectance mapped on the butterfly phylogeny (b). The dimensionality of the six 

596 reflectance variables (mean reflectance of dorsal/ventral thorax, basal wings, and entire wings across 

597 320 – 1050 nm range) was reduced using PCA. Reflectance PC1 explained 68% of the variation and 

598 correlated strongly with all six reflectance variables (r > 0.71). Colours in the phylogenetic tree 

599 indicate reflectance PC1, and colours in the heatmap show climatic PC1 (inner circle) and PC2 (outer 

600 circle).

601

602 Figure 2. Average reflectance of European butterfly species for each body region. The colour of 

603 each grid (50 × 50 km) represents the average reflectance (over 320 – 1050 nm) of all butterfly 

604 species assembly found in each grid. The colour code of each map was assigned using the Jenks 

605 natural break classification method to maximise the variance between each colour class. Red 

606 indicates that the butterfly assemblage in the area has higher reflectance while blue indicates lower 

607 reflectance (N = 343 species).

608

609

610 Figure 3. The relationship between climatic PC1 and the mean reflectance of each body region 

611 of butterflies. The trend lines represent the prediction from the multivariate phylogenetic regression 

612 models after accounting for the phylogenetic relationships.

613

614

615 Figure 4. The relationship between climatic PC1 and residuals of the model where near-

616 infrared reflectance (670–1050 nm) was linearly fitted by log form of animal-visible reflectance 

617 (320–680 nm). Only ventral thorax and ventral basal wing regions showed significant trends. The 

618 trend lines represent the prediction from the PGLS models.

619
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621 Figure 5. The relationship between climatic PC1 and dorsal-ventral reflectance differences in 

622 butterflies. The difference was calculated by subtracting dorsal reflectance from ventral reflectance. 

623 The trend lines represent the prediction from the multivariate phylogenetic regression models.
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