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44ABSTRACT

45For small, ectotherm species, dealing with microclimatic variation during sensitive stages of
46their development is a critical component of their ecological interactions within and among
47different landscape settings. However, it is often unknown whether the use of habitats in
48different landscape settings may affect microclimatic conditions at the level of microhabitats
49(e.g. at host plants for herbivorous insects). As opposed to standard ecological monitoring
50experiments, we aim to identify the microclimatic offsets that accurately represents the
5lenvironment in which a small arthropod spend most of its life. As a case study, we selected
52grassy sites that corresponded to the microhabitat of grass-feeding insects in general, and
53larvae of the butterfly Pararge aegeria in particular as this insect recently expanded its habitat
54use from forest (edges) to agricultural and urban environments. We tested to what extent local
55microclimates and microclimatic buffering capacity differed between tufts of grass in forest
56and in two anthropogenic (i.e. agricultural and urban) landscape settings by measuring
57microclimatic variables with sensors at the level of the grasses. We compared temperature,
58relative humidity and vapour pressure deficit (VPD) during an exceptionally warm and dry
59summer period with parallel data from weather stations and tested for differences between
60microclimatic profiles among the three landscape settings. Microclimatic conditions
61corresponded only partly to variables based on weather station data. Differences were
62particularly significant for relative humidity and VPD, but not for day and night temperature.
63Effects of canopy openness on the variability of microclimatic variables were landscape-
64specific. Host plants in agricultural settings experienced strong microclimatic fluctuations and
65low short-term variability in VPD. In urban settings, urban heat island effects increased night
66temperature, but also showed microclimatic buffering effects similar to the ones in forest
67settings. Our findings stress the functional implications of landscape-specific microclimatic

68profiles at the appropriate organism-centred scale. We discuss the significance of such



69microclimatic profiles for ecological studies dealing with ectotherms under climate and land

70use change.



71INTRODUCTION

72Structural habitats (e.g. particular woodland types) have often been assumed to be functional
73habitats for particular species based on the simple presence of the species. Environmental
74correlates of presence-only distribution data help our understanding of the complex nature of
75a species’ habitat. Hence, such information has frequently been used to make future range
76predictions under different scenarios of climate change. However, the very same structural
77habitat may provide different thermal conditions at different latitudes (or under different
78levels of climate change). Thermophilous ectotherms may occupy, for example, sandy or
79rocky habitats in the north of Europe, grassy or shrubby habitats at intermediate latitude and
80forest habitats in the south of Europe (e.g., Grayling butterfly Hipparchia semele; Tropek et
81al. 2017). Hence, the organism may find its functional habitat in different structural habitats
82under different macroclimatic conditions (Van Dyck 2012). Moreover, although niche
83conservatism (i.e., the tendency of species to retain ancestral ecological characteristics) has
84often been assumed for species with a specific affiliation with a particular habitat type (Wiens
85& Graham 2005), modifications in resource-use and in habitat-use have been documented in
86species that deal successfully with rapidly changing anthropogenic landscapes. Examples
87include Turdus merula blackbirds that expanded their use of woodland habitat into urban
88environments (Evans et al. 2009) and Aedes aegypti mosquitoes that expanded their habitat
89use from African forests into domestic habitats throughout the world (Xia et al. 2021). In the
90latter case, females switched their larval sites from natural water containing tree holes to

91artificial containers like clay pots, which provides multiple opportunities for range expansion.

92Understanding how living conditions of species alter in response to human-induced rapid
93environmental change requires the study of the combined effects of climate and landscape-
94scale habitat availability (Wilson et al. 2010). The majority of animal species are small-sized

95terrestrial insects (Wilson, 1992), which have complex life cycles and whose larvae develop



96in close interaction with the (thermal) environment on a small scale (Dillon et al., 2016;
97Pincebourde et al., 2016; Pincebourde & Woods, 2012, 2020). Although the role of
98microclimates for understanding the ecology of insects have long been acknowledged
99(Willmer, 1982), few studies have looked at how dominant structural habitats at the landscape
100scale may affect temperature and humidity experienced by such organisms at fine resolution

101(e.g. on their host plants).

102A bottom-up, resource-based approach to identify a species’ functional habitat within and
103across different structural habitat types (i.e. land cover types) has been shown to be a much
104more appropriate way to conceive habitat in insects, than the much more widespread, top-
105down structural habitat or biotope-based approach (Dennis et al. 2003; Turlure et al. 2019).
106This is true for both fundamental and applied ecological studies that need to understand and
107delineate a species’ habitat (Van Dyck 2012). This matter has been particularly addressed for
108species of conservation interest (e.g. glacial relict species that rely as larva on microclimatic
109buffering of specific components of the vegetation within structural habitat types; Turlure et
110al. 2010). We argue that it may be equally important for understanding how successful,
111rapidly spreading species are able to deal with microclimatic conditions in different structural
112habitats. As has been shown for forest species in bees, dung beetles and dipterans, light and
113microclimate conditions provided by local woodlots may indicate suitable habitat,
114independent of landscape composition of the wider landscape (Williams & Winfree, 2013;

115Righi et al., 2018).

116Grass-feeding insects that make use of a number of widely distributed grass species that occur
117under a range of environmental conditions (i.e. both within and outside forest), may be such
118an example. For species with such an ecological profile, structural habitat-based approaches
119do not grasp well their functional habitat. Here, we address the issue of microclimatic

120variation at the level of grasses that grow under a range of environmental conditions within



121and outside forest. This approach is of general interest to larger communities of grass-feeding
122insects. Here, we are particularly interested in testing its significance within the context of an
123insect that recently expanded its ecological niche and habitat use from forest to different types
1240f more open, anthropogenic environments. We tested for microclimatic differences between
125ancestral habitat (i.e. forest) and two recently colonized environments (i.e., agricultural and

126urban landscape settings) in the case of the Speckled Wood (Pararge aegeria).

127We focus on microclimate variables, i.e. at the level of the host grass species that grow in the
128grass layer accompanied by nearby canopy. On the one hand, nearby woodlots may provide
129microclimatic conditions that protect larval stages and grass blades from heat stress,
130regardless of the nature of the wider landscape. At the level of the host plant, even small
131nearby woodlots could provide shade, block wind and retain outgoing radiation (Geiger et al.,
1322003; Siile et al, 2020). However, on a landscape scale, forest, agricultural and urban climatic
133conditions differ significantly: forests typically buffer fluctuations in temperature and
134humidity with effects gradually diminishing towards the forest edges (Lin et al., 2020) and
135cause sub-canopy cooling during summer (Haesen et al., 2021). Agricultural and urban
136landscapes are characterized by more open, early succession environments and smaller,
137dispersed woodlots. The corresponding conditions in these landscapes are generally warmer,
138drier and less buffered (Geiger et al., 2003; Boggs & McNulty, 2010; Ewers & Banks-Leite,

1392013; von Arx et al., 2013; Middel et al., 2015).

140Urban climates are, particularly in temperate-zone regions, generally warmer and dryer than
141surrounding areas because of 1) heat-absorption by building materials with a high heat
142retention capacity, 2) reduction in evaporation and heat-dissipating capacity due to a reduced
143vegetation cover, 3) restricted air circulation because of buildings and 4) ‘waste heat’ caused
144by engines (i.e. Urban Heat Island effect; Arnfield, 2003; Larsen, 2015). This can affect an

1450rganism in various ways. Relatively warmer conditions in urban habitats may increase



146metabolic rate and, indirectly, available food abundance (Lowe et al., 2014; Serruys & Van
147Dyck, 2014; Merckx et al., 2018; Chick et al., 2021). Urban conditions may also affect heat
148stress risks (Kaiser et al., 2016; Pincebourde et al., 2016). For example, mosquito larvae
149(Aedes albopictus) growing in areas that are more exposed to urban heat effects during fall,
150survived better when compared to growing conditions in rural microclimates. During a hot

151summer, however, the effect is reversed (Murdock et al., 2017).

152 Although the measurement of VPD has gained much more attention in studies on plant
153microhabitats (Davies-Colley et al., 2000; von Arx et al., 2013; Siile et al., 2020; Aguirre et
154al., 2021), it may also matter for microclimates that affect small organisms like insects. VPD
155is exponentially related to changes in temperature under constant humidity and is regarded as
156the ‘drying power’ of the air on wet surfaces (Monteith & Unsworth, 2013). Measuring such
157‘drying power’ may have significance for understanding how desiccation stress affects growth
158and survival in drought-sensitive ectotherms, either directly (Tarrant & McCoy, 1989; Shipp
159& Gillespie, 1993; Rickards & Boulding, 2015) or indirectly via decreased plant growth
160(Bauerfeind & Fischer, 2013; Massmann et al., 2019). As temporal variation in microclimatic
161conditions may affect the development of traits and life-history decisions in microclimate-
162sensitive ectotherms (Doody et al., 2006; Pincebourde & Woods, 2012; Parmentier et al.,
1632017), we introduced two novel variables other than standard deviation that reflect different
164rates of temporal variation (i.e., short-term variability and day-to-day variability of VPD).
165These variables are assumed to reflect the way caterpillars or other grass-feeding insects
166experience predictability of drought conditions over time. At least in P. aegeria, larvae are
167known to use microclimatic information to change developmental strategies accordingly

168(Shreeve, 1986a).

1691n this paper, we measured microclimatic conditions at the level of tufts of grasses during

170extremely warm summer. We compared these with standardized measures gathered at nearby



171weather stations and tested whether these differences (i.e. microclimatic effects) differed
172between landscape types. Because all sampled sites had a similar vegetation configuration
173(1.e. grass layer with nearby canopy), we predict that the climatic differences from weather
174station data are larger than the microclimatic differences measured between landscape types.
175Since all weather stations were located in flat, open fields, we also predict that, even when
176controlling for canopy openness, the agricultural microclimate is most similar to the weather

177station measures.

178Secondly, we tested whether the raw climatic measures of a grass habitat in agricultural and
179urban landscape types are different from those of forest habitats, and whether measures
180gathered from these two anthropogenic landscape types differed from each other. We predict
181more extreme temporal variation in temperature and humidity in agricultural settings than in
182forest settings. Levels of temporal variation in urban locations are predicted to be higher
183compared to forest settings (i.e. reduced buffering effect of large-scale canopy cover), but
184lower than agricultural settings (i.e. higher night temperatures in urban landscapes due to the

185urban heat island effect).

186

187MATERIALS AND METHODS
188Sample sites

189We selected four study areas consisting each of an urban, an agricultural and a forest location
190(latitudinal range: 50° 51' 0" N £ 6' 0"; study areas: Aalst, Brussels, Leuven and Tienen; see
191Fig. 1). Urban built area of the cities ranges from 13.6 km?* (Tienen) to 128.86 km? (Brussels).
192Each of the 12 sample locations were chosen at a 61.8 acres (25 hectares) grid area and were
193characterized by their dominant land cover type (i.e. 1) buildings and other impervious

194surfaces, i1) meadows and pastures or iii) tree cover; land cover of interest > 70% at a grain



195size of 500 m?). Tree types within the sample locations all consisted of deciduous trees. In
196each of these locations, P. aegeria temales have been repeatedly observed since 2016 (S.
197Braem, A. Kaiser, C. Turlure and T. Merckx, personal observations). Urban sample locations
198were at two city parks (Aalst and Leuven), a cemetery (Brussels) and a small woodland patch
199near the city centre (Tienen). Agricultural locations consisted of small woodlots, hedgerows
200and sunken lanes along meadows and cultivated fields. Locations differed with an altitudinal
201range of 80 m at most (see description Fig. 1) and showed usually limited topographic
202variation within location (maximum altitude difference between two sample sites never
203exceeded 20m, except in the agricultural site in Leuven where the maximum difference was

20442m).
205
206Climatic measures

207Microclimatic measures were taken during a period of six weeks from the 13" of June until
208the 25" of July 2018. This period covers the start of summer conditions during which the
209species spends its life in large parts as egg or larva (i.e., in between two peaks of adult stages,
210which represent the first two annual generations) and may be particularly vulnerable to
211microclimatic conditions (Schweiger et al., 2006; Oliver et al., 2015; Pateman et al. 2016).
2120ur Belgian study system experienced exceptionally warm and dry weather at that time
213(average temperature: 20.5°C during June & July 2018 vs. 17.3°C June & July 1830-2010;
214precipitation: 19 mm/m? vs. 100 mm/m? for the same 42-day period averaged for 1830 - 2010;

215Belgian Meteorological Institute KMI-RMI Brussels-Ukkel).

216Within each location we measured temperature and relative humidity (RH) in two sample
217sites, using climatic sensors connected to a data logger (HOBO U23 v2; temperature accuracy

2180f + 0.2°C from 0° to 50°C and a RH accuracy of = 2.5% from 10% to 90% and +5% below

10



21910% and above 90%; Onset Computer Corporation, 2010). The sensors measured relative
220humidity and temperature every 30 minutes. Every week for six weeks, we randomized
221sample sites by moving the two HOBO sensors to a different sample site, positioning them

222within a 100m perimeter of the previous sampling site (see Fig. 1b-d as example).

223 Although several herbivorous insects can be found on grasses, we selected a number of grassy
224microhabitats that corresponded to the oviposition site search profile of Pararge aegeria as an
225instructive case. During summer, females prefer tufts of grass in a humid and thermally
226buffered, semi-canopy-shaded microhabitat (Shreeve, 1986b, Schweiger et al., 2006; Oliver et
227al., 2015; Pateman et al. 2016). We positioned the microclimatic sensors at tufts of host grass
228at 12 cm above ground and in partial or nearly full shade of the surrounding canopy layer,
229which were always deciduous. We did not use any casing to shield off the HOBO climatic
230sensors to better simulate biologically realistic conditions and thus increase sensitivity to
231variation in wind and direct exposure to solar radiation (Terando et al., 2017). However, to
232avoid direct heating through the semi-transparent lid of the HOBO sensor, sensors were
233provided with a green plastic roof (& 90 mm), positioned at 15 mm above the sensor (see Fig.
2341e). Nine of the 144 data logger series were lost due to either issues with the HOBO climatic

235sensors or failure of data transfer from the logger.

236Degree of canopy openness was recorded for each sample site by taking a picture while
237poisoning the camera 12 cm above ground and facing a fisheye lens camera skywards with the
238horizontal part of the frame in an east-west orientation (full-frame Fisheye Converter FCON-
239T01 with a diagonal 130° angle of view; Olympus Tough TG-4 camera). Afterwards, we
240corrected for the southward position of the sun (at the highest point of the sun path, solar
241zenith angle ranged between 27° and 32°) by using only the 75% southside-segment of the
242picture. This procedure resulted in canopy segments with a zenithal angle of 41.8° and an

243azimuthal angle of 74.3° with the centre point 7.0° tilted to the south. We used ImageJ

11



244freeware (https://imagej.nih.gov/ij/) to transform pictures into black and white format and

245]owered brightness thresholds manually until mostly sky-obstructing vegetation was turned
246black and sky was turned white. Canopy openness was expressed as the percentage of white
2470n the cropped pictures. Canopy openness was lacking for the three sample locations around

248Tienen.

249Hourly macroclimatic measures were recorded by The Royal Meteorological Institute of
250Belgium (KMI-RMI). Unfortunately, we only obtained measures over the course of a four
251week period and therefore had to deal with a lower sample size when testing for microclimatic
252differences (see below). We selected three of their nearby weather stations to retrieve these
253data: Bauvechevain (for all sites near Tienen and the forest site in Leuven), Melle (for all sites
254near Aalst), and Zaventem (for all sites near Brussels and the agricultural and urban site from
255Leuven; Fig. 1). All three weather stations were located in flat and open fields. At these
256stations, ambient temperature and relative humidity were measured 2 m above ground under
257standardized measuring conditions (i.e. casings with ‘Stevenson screens’ preventing the

258sensors from being directly exposed to sunlight or wind).

259

2600ffset variables and microclimatic effects

261We obtained temperature and relative humidity (RH) data directly from HOBO climatic
262sensors and we derived Vapour Pressure Deficit (VPD) from the measurements of
263temperature and RH (Tetens 1930; Monteith & Unsworth 2013; for details on the calculation,
264see von Arx et al., 2013). To quantify the microclimatic conditions at the level of the host
265plant in different landscapes relative to the data from the weather stations (i.e. surrounding
266macroclimate), we used so-called offset microclimatic variables (De Frenne et al., 2019;

267Haesen et al., 2021). Microclimatic offset variables were calculated for each of the 135

12
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268weeklong sample series by subtracting average and standard deviation of local measures of
269temperature, RH and VPD of a single weeklong sample series with the corresponding
270averages and standard deviations from the nearby weather stations data. The selected nine
271offset variables included offset day average (7:00 — 21:00 GMT+1), offset night average
272(21:00 — 7:00 GMT+1) and offset standard deviation of T, RH and VPD. In all statistical
273models, each of these calculated variables per sample series are treated as single replicates.
274Correlation analysis showed a strong correlation between standard deviation and range (i.e.
275maximum — minimum). However, standard deviation is less sensitive for short-lasting but

276extreme measures.

277

2780ther variables to tests for landscape type differences

279We used the microclimatic data to test for differences in microclimate relative to landscape
280type. For each of the 135 weeklong time series, we used day mean, night mean, their standard
281deviation, range, minimum and maximum value of temperature, RH and VPD. These 18
282intercorrelated variables were standardized and integrated by a principal component analysis

283(PCA) using R function ‘prcomp’ (R Core Team 2018).

284Next, we introduced two variables reflecting the variability of VPD that aims to exclude
285variation caused by repeated diurnal oscillations or by long-term trends over multiple days.
286These variables were interpreted as negative correlates of predictability. For each of the
287weeklong time series, short-term variability of VPD was calculated by taking the mean of the
288residual variation (see ‘random’ in Appendix S1: Figure S1), after decomposition of time-
289series-wide trends (see ‘trend’ in Appendix S1: Figure S1) and day-night variation (see
290°cyclical’ in Appendix S1: Figure S1), using a decomposition algorithm that relies on moving

291averages (i.e. ‘decompose’ function in R; Hyndman & Athanasopoulos, 2021). ‘Day-to-day

13



292variability of VPD’ represents how the standard deviation of VPD differs, on average, from
293day to day and was calculated as follows: for one 7-day sequence of data, the difference in
294standard deviation was calculated between measures of day 2 and day 3, day 3 and day 4, day
2954 and day 5, and day 5 and day 6. Then, the average of those four values represented the ‘day-

296to-day variability’. Day 1 and day 7 were omitted from the calculation.

297

298Statistical modelling

2990ffset climatic variables to test for differences with weather station data for each landscape

300¢ype

301All statistics was performed using R 3.5.0 (R Core Team 2018). The effect of landscape type
3020n offset variables of T, RH and VPD was analysed with a linear mixed model with week as
303random effect. Due to a limited amount of categories in our random factor (i.e. four weeks for
304offset variables), we used Bayesian models using the brms package from R Studio (Biirkner,
3052017). For every model, non-flat, weakly informative priors were specified (Appendix S1:
306Section S3). ‘Landscape type’ and ‘canopy openness’ showed high collinearity as sites in
307agricultural landscape were usually less enclosed by overhanging vegetation, while forest
308sample sites had most overhanging vegetation (Appendix S1: Section S2, Fig. S2). Including
309°canopy openness’ as a categorical random variable (10 categories: 0-10%, 10-20%, ..., 90-
310100%) resulted in very similar results as models without this random variable. Therefore, we
311excluded ‘canopy openness’ as a fixed effect and tested each of our nine variables against

312°‘canopy openness’ as a fixed effect for each landscape in separate general linear models.

313For the Bayesian model output (in R syntax: ‘offset variable ~ landscape type + (1|week)’) of
314each of the nine microclimatic offset variables tested, we conducted two tests. First, we

315derived the means of the microclimatic variables from the posterior samples for each

14



316landscape type, and tested the deviance from zero with distribution boundaries calculated at a
31795% credibility interval (CI). Second, we tested the difference of the microclimatic variables
318between landscape types. For this, we performed a non-linear hypothesis testing for each
319landscape type pair (agri vs. urban, agri vs. forest and urban vs. forest). We applied

320Bonferroni corrections to the threshold confidence interval.

321Landscape differences in microclimate by PCA

322Between-landscape differences were tested with the two first principal components that
323together explained 77% of the variation (PC1 explained 59 % and PC2 19%; Table 1) using a
324linear mixed model with week (N=6) as a random effect (Bates et al., 2015). In R syntax:
325‘PCI or PC2 ~ landscape type + (1|week)’. A pairwise comparison was made among the least
326square means of the three landscape type, using linear contrasts. Bonferroni corrections were
327applied. We also present the results of the two variables that had the highest loadings in each
3280f the two principal components, separately. These four variables, short-term variability of

329VPD and day-to-day variability of VPD were modelled similarly as PC1 and PC2.

330

331RESULTS

3320ffset variables show landscape-related microclimatic differences

3330utput of the Bayesian mixed linear models are summarized in Fig. 2 and presented in
334Appendix S1: Table S2 ; between-landscape differences are presented in Appendix S1: Table
335S3. Offset RH was higher than zero in all three landscape types, indicating consistently more
336humid conditions near the grass layer. Humidity offset variables were highest during the day
337(day: 10-20% higher; night: 5-15% higher). Diurnal averages were highest in forest with an
338offset day RH +17.69% (95% CI: 14.29 — 20.83). Derived from the offset standard deviation,

339sample locations from agricultural settings showed higher temperature variability (i.e. +1.17

15



3400ffset standard deviation of T; 95% CI: 0.48 — 1.77), but had equal variability for humidity.
341Urban and forest landscape settings showed lower variability in humidity compared to
342weather stations (urban: -1.81 offset standard deviation of RH; 95% CI: -3.21 - -0.46; forest: -
3432.62 offset standard deviation of RH; 95% CI: -4.01 - -1.23), but not in temperature and VPD.
344For offset day and offset night T, there was little deviation from zero, indicating that average

345temperature was similar to weather station data.

346Agriculture settings scored highest in offset standard deviation (i.e. least climatically
347buffered) of temperature, RH and VPD compared to the other landscape types (Fig. 2). Offset
348day T was significantly higher when compared with the forest setting and offset day VPD was
349significantly higher than the other two landscape types (Fig 2). Offset night T was higher in

350urban than in forest sites (+0.85 offset day T; value tested against lies outside 98.3% interval).

351

352Effect of canopy openness on microclimate depends on landscape type

353Average canopy openness differed strongly between landscape types (mean canopy openness
354in agricultural settings + SE: 50 + 5%; urban settings: 37 + 5%; forest settings: 24 + 5%).
3550nce the dataset was subdivided in agricultural, urban and forest landscape types, distinct
356patterns on how canopy openness affects temperature and humidity offset variables became
357clear (Appendix S1: Table S1). For offset day T, RH and VPD in agricultural settings, we did
358not find an effect of canopy openness, whereas during the night offset T and offset VPD
359decreased and offset RH increased with canopy openness. In urban and forest settings, offset
360day T significantly increased with canopy openness while offset night T decreased with
361canopy openness. Offset night RH increases with canopy openness in urban (estimate = 0.18;
362F,» =10.43, p <0.01) and in agricultural settings (estimate back-transformed from a log-

363transformation = 0.13; F,,, = 0.39, p <0.01), while in forests there was no such an effect

16



364(estimate = 0.039; Fi, = 0.39, p = 0.54). In agricultural settings, offset standard deviation of
365T increased with canopy openness (estimate = 0.027; Fi,; = 6.97, p < 0.05). In urban settings,
366standard deviation of the three different offset variables was not affected by canopy openness.
367In forest settings, offset standard deviation of T and VPD increased with canopy openness
368(offset standard deviation of T: estimate = 0.023; F,, = 13.654, p < 0.01; offset standard

369deviation of VPD: estimate = 0.002; F,, = 13.654, p <0.01).

370

371Hotter and dryer conditions in agricultural settings, warmer nights in urban settings

372A high PCl-score corresponded mainly with dry and hot day values and overall with more
373variable conditions (i.e., high standard deviation and range). A high PC2 corresponded with
374colder and more humid night conditions (see Table 1). For PC1, agricultural settings had
375significantly higher values compared to forest settings, while for PC2, agricultural settings
376had significantly higher values compared to both urban and forest settings, indicating colder

377and more humid nights (Fig. 3 and Appendix S1: Table S4).

378The two highest contributing variables for PC1 were VPD standard deviation and day VPD.
379These showed similar trends as their corresponding offset variables in Figure 2, with higher
380day VPD and higher VPD fluctuations in agricultural settings compared to the other landscape
381types (Table 2). The two highest contributing variables for PC2 were night temperature and
382minimum temperature. On average, we observed 0.7°C higher night temperature in urban
383settings compared to the other two landscape types and 1.2°C higher minimum temperature in

384urban settings when compared to forests.

3850ur novel variables of VPD variability as a proxy measure of temporal predictability of

386microclimate had similar effects standard deviation of VPD: agricultural settings showed

17



387stronger day-to-day and short-term variability compared to forest settings. Short-term VPD

388variability in agricultural settings was also higher than in urban settings (Table 2).

389

390DISCUSSION

3910ur study tested for differences in microclimatic profiles at the level of tufts of host grass that
392grow in woodland, agricultural land and urban environments, respectively. The study of
393microclimates has recently regained growing interest in the context of biodiversity responses
394to ongoing climate change (De Frenne et al. 2021), which is particularly significant for insects
395(Ma et al. 2021). There is a large community of grass-feeding insects, which interact on this
396small scale with their (thermal) environment. These insects include habitat generalists that can
397make use of similar grasses that occur in different structural habitat types (e.g. Popillia
398japonica; Lemoine et al. 2013), but also forest specialists that have recently expanded their
399habitat and host plant use beyond forest (e.g. P. aegeria; Vandewoestijne & Van Dyck 2010).
4000ur results confirm that there is a significant difference between weather station data and
401microclimatic data measured at the level of the grasses, but here we show that such
402differences vary among landscape types. Microclimates at the level of the grass layer were
403better buffered under forest conditions than under non-forest conditions in anthropogenic
404landscapes. However, some of the microclimatic variables under urban conditions showed
405more resemblance to forest conditions than to the other non-forest landscape type, i.e.
406agricultural landscape. This clear difference between the two non-forest landscape categories
407opens new avenues for exploring microclimatic opportunities and undervalued resources of

408grass-feeding insects in anthropogenic landscapes.

409

410Microclimate measures of grass habitat nearby trees deviates from weather station data

18



411The ecological relevance of using readily available weather station data to interpret species-
412environment interactions at the microclimatic level has been criticized lately (Haesen et al.,
4132021; Lembrechts & Nijs, 2020). Our case study analysed this issue for microclimates around
414tufts of grass growing in different landscape settings, i.e. in forest, agricultural and urban
415landscape. Our study demonstrated that weather station measures taken with shielded sensors
4162 m above ground in open field do not correspond well with the habitat-specific microclimatic
417conditions at the level of the grass layer. Consequently, we endorse the plea for a more
418biologically realistic positioning of climatic sensors when studying organismal responses to

419climate (Ashcroft, 2018; Suggitt et al., 2011).

420As predicted, microclimatic conditions deviated significantly from time-matched measures of
421nearby weather station, particularly in terms of higher relative humidity and the related VPD.
422This is in accordance with well-established work on near-ground microclimate (Geiger et al.,
4232003) showing that RH can increase with 10% or more at ground surface, when compared to
4242 m above ground. In contrast with the overall opposite trends at bare ground, increasing
425humidity closer to the ground is only observed under the presence of vegetation layers such as
426grasses (Geiger et al., 2003). Surrounding tree canopy and understorey vegetation at each
427sample site likely contributed as well to higher humidity and buffering of humidity levels in
428comparison with open field conditions (De Frenne et al., 2013; Geiger et al., 2003). Overall,
4290ffset values showed that average day and night temperatures at the height of the grass
430corresponded well with those measured 2 m above ground and behind Stevenson

431screens. .This effect was opposite to what one would expect from near-ground microclimates
432in dense grass vegetation (and other vegetation near ground), which ensures better thermal
433buffering: surface layers receive less direct solar radiation during the day and receive
434relatively higher infrared ground radiation during the night (Geiger et al., 2003; Morecroft et

435al., 1998; von Arx et al., 2013). However, other mechanisms may counter this higher-
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436buffering-near-ground effect. For example, in an open field with little ground vegetation,
437thermal buffering capacity at 12 cm above ground is generally lower than that at 2 m height.
438This is caused by the relatively cooler ground surface at night due to convective cooling, and
439a relatively decreased surface cooling during the day due to wind-generated boundary layer
440eftects (wind speed is usually lower during the night; Geiger et al., 2003; Munro, 1987). This
441also confirms why we only found higher thermal variability near-ground-offset values in
442agricultural but not in forest and urban landscape types. (Geiger et al., 2003; Morecroft et al.,

4431998; von Arx et al., 2013).

444

445Microclimate of grass habitat nearby trees is affected by landscape

446ln agricultural landscapes, offset variables of standard deviation of temperature, day-to-day
447variability in VPD and short-term variability in VPD all showed higher values, when
448compared to urban and forest conditions. Therefore, as predicted, agricultural settings were
449characterized by stronger fluctuations in both temperature and humidity. Agricultural sites
450were more exposed to sun radiation, drought and heat, which creates harsher microclimates
451for drought-sensitive insects. Nevertheless, variation of canopy openness did not exert
452microclimatic changes in day temperature for grasses on agricultural sites, while there was a
453positive effect for grasses in the other two landscape types. Small-scale effects by wind and
454s0i1l humidity, which were not measured in our current study, may also contribute to the
4550bserved microclimate effects. During summers in the temperate-zone region, urban areas
456typically have drier soils and lower wind speeds (Larsen, 2015), open fields have drier soils
457and stronger winds (von Arx et al., 2013) and forests wetter soils and lower wind speeds
458(Boggs & McNulty, 2010; Morecroft et al., 1998; von Arx et al., 2013). Hence, woodlots in

459agricultural sites are likely to experience more wind, partly dampening solar heating at solar-

20



460exposed sample sites, making these microsites in a way more similar to canopy-shaded

461microsites.

462Forest conditions provided higher buffering capacity in grassy sites for both temperature and
463humidity. However, lower canopy openness is not likely to be the only mechanism, as our
464results showed that contributing effects of canopy openness were relatively low; the effects
465may interact with other factors such as soil moisture and wind speed (Boggs & McNulty,
4662010; von Arx et al., 2013). Assuming higher soil humidity, as typically observed for forest
467soils, our results on RH and VPD are in agreement with those of von Arx et al. (2013): wet
468soils maintain high above ground humidity levels, which will dampen the effects of canopy
469cover on near-ground VPD. The humidity effect of canopy cover was much more pronounced
470for grasses growing in urban and agricultural sites (i.e., on relatively drier soils). For
471temperature, the forest canopy effect was more pronounced (Appendix S1: Table S1).
472However, we need to be cautious with this comparison, as von Arx et al. (2013) retrieved data
473measured at 2 m above surface. Higher above surface heat is disseminated more strongly than
474air moisture (Geiger et al., 2003), which may explain why canopy cover and soil moisture

475interact with temperature in a different way at different heights above ground.

476A second reason why landscape effects may overshadow local effects (e.g., canopy cover)
477relates to the higher-order thermodynamic effects of large forests. Large forests become more
478thermodynamically stable in terms of evapotranspiration and temperature with increasing
479vegetation abundance per surface unit (Whittaker, 1975; H. Zhang & Wu, 2002). Increased
480vegetation complexity increases the capacity to capture and dissipate solar energy, making
481landscapes where such vegetation is dominant, more resilient to deal with external fluxes,
482which can be detected at both the macro- (Ehbrecht et al., 2021; Norris et al., 2011; Schneider

483& Kay, 1994) and micro-climatic level (Redmond et al., 2018; von Arx et al., 2013).
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484We detected Urban Heat Island effects as night temperature was on average 0.7°C higher
485around grass tufts in urban sites than around grasses in agricultural and forest sites. These
486urban heat effects were expected to be mild for two reasons. First, built-up surface areas of
487most urban areas were relatively small. Larger cities, such as Birmingham (229.8 km?),
488generated 0.7°C to 3.4°C higher night temperatures during the summer (Azevedo et al., 2016).
489Hence, the increase we observed was at the lower end of this range. Second, woody and
490grassy vegetation that surrounded a tuft of grass will help dampen local Urban Heat Island
491effects, especially during the day (Yan, 2019; Y. Zhang, 2017). This has also been argued by
492Kaiser et al. (2016), showing 1°C higher average day temperature — but not night temperature
493— in urban sites compared to agricultural sites. Kaiser et al. (2016) analysed the effect of
494urbanisation on larval microclimate in P. aegeria and took measurements at 1 m height in late
495summer to early spring. Although such an experimental set-up does not allow direct
496comparison with our findings, it does stress the importance of season- and height-dependent
497microclimatic conditions within a species’ functional habitat (Ashcroft, 2018; Suggitt et al.,
4982011; Vermunt et al., 2012). As predicted, relatively higher night temperatures, but not higher
499day temperatures, contributed to higher microclimatic buffering capacity in urban sites
500compared to agricultural sites.

501

502Microclimatic properties of host grasses out of forest: an insect’s viewpoint
503Egg and larval development

504The landscape-specific effects on local microclimates around grass tufts provide insight on
505how grass-feeding insects are exposed to different microclimatic conditions. To the butterfly
506P. aegeria, which expanded its habitat use from forest to agricultural and urban environments
507over the last decades, agricultural microclimates pose a significant challenge for early

508development. Later larval stages are, to some extent, able to tolerate a larger thermal range as
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509they are able to move to the cooler and more humid centre of the grass sward under high
510temperatures (Berger et al., 2011; Kaiser et al., 2016). For example, Kaiser et al. (2016) found
511no differences in larval survival when — from second instar onwards — being exposed to dryer
512environments or when comparing agricultural vs. woodland ecotypes (however, their
513experiment was not performed during periods of extended drought and heat, thereby
514mitigating the risks of desiccation in more exposed environments). In contrast, the egg and
515first instar stages are more likely to be affected by heat stress, as has been shown in several
516satyrine butterfly species and other Lepidoptera (Bergman, 1999; Clark & Faeth, 1998;
517Karlsson & Wiklund, 1985; Klockmann et al., 2017; Potter et al., 2011; Zhang et al., 2015).
518At 30% relative humidity and 20°C (VPD: 1.63 kPa), Karlsson & Wiklund (1985) showed P.
519aegeria egg survival to be at 29% only. 3% of our obtained values for mean day VPD
520exceeded 1.63 kPa in forest, 10% in urban areas and 23% in agricultural areas (Appendix S1:
521Fig. S3). Hence, during hot summers, our measurements suggest that oviposition sites with
522low risk of desiccation are less frequently available in agricultural landscape settings. Urban
523habitats could provide microclimatic conditions for eggs and larvae that are far more similar
524to those found in forest habitat. Additionally, higher urban night temperatures may benefit
525larval development as it increases foraging rate overnight and induces overall faster larval
526growth (Berger et al., 2011; Chown & Nicolson, 2004). So, at the smaller spatial scale,
527immobile egg stages may benefit from microhabitats that are sufficiently hygrothermally
528buffered against climatic extremes (e.g., semi-shaded conditions in the grass, 12 cm above
529ground and near larger, dense vegetation). However, at the larger spatial scale of a few
530meters, more mobile and larger life stages may benefit from both patches of elevated solar
531radiation used for basking and patches that are more buffered against climatic extremes
532(Anthes et al., 2008; Woods, 2013; Pincebourde et al. 2021). This shows that microclimatic

533mosaics at various spatial scales — from egg microhabitats to the structural habitat in a
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534landscape — need to be taken into account when studying how microclimate affects an insect’s
535survival in times of climatic change.
536

537Microclimate and environmental predictability

538Short-term and day-to-day variability in VPD reflect variation in desiccation risks over the
539span of hours or days, respectively. These values were again higher in grasses in agricultural
540landscape, where surrounding vegetation was lower and wind exposure higher. On the short-
541term, a canopy-open spot is more exposed to the fluctuating conditions of cloudiness that may
5420r may not let sunbeams pass, but a spot that is covered by canopy is never exposed whether
543sunny or not. On a day-to-day resolution, uncertainties about the microclimate may impose
544constraints on larval foraging behaviour (e.g., decisions to move to the base of the plant, or to
545increase foraging). These levels of environmental predictability at different temporal
546resolutions open new perspectives for studies on how organisms deal with life-history
547strategies, ranging from (ir)reversible plasticity, learning to bet hedging (Botero et al., 2015;
548Joschinski & Bonte, 2020). In sticklebacks, for example, higher thermal uncertainty on a
549week-to-week temporal resolution has been shown to induce bet-hedging strategies for egg

550size (Shama, 2015).

551Microhabitat and adult behaviour

552The spatial patterns of the microclimatic variations are experienced differently for flying
553adults — where microclimates significantly fluctuate both horizontally (Montejo-Kovacevich
554e¢t al., 2020) and vertically (Pryke et al., 2012) — when compared to mobile larvae and even
555more when compared to the eggs or the little mobile first instar larvae. Our results imply that
5560viposition sites with a hydrothermally buffered microclimate are differently distributed and
557possibly harder to find in microhabitats in agricultural landscape than in urban and forest

558landscapes. Such differences in spatial configuration are likely to have fitness consequences
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559for searching females that need to balance energetic costs with microclimatic preferences
560during oviposition (Garcia-Barros & Fartmann, 2009; Resetarits, 1996; Shreeve, 1986b).
561Microclimatic preference and site selection strategies are therefore expected to differ relative
562to the type of environment. For example, Braem et al. (2021) showed that ovipositing
563butterflies of agricultural landscape origin were more willing to accept locally available
564oviposition sites than butterflies of forest origin, even when microclimatic conditions were not
565optimal. In a common garden laboratory experiment, females of the agricultural ecotype laid
566more and heavier eggs under high ambient temperatures compared to conspecific females of
567the forest ecotype (Karlsson & Van Dyck, 2005). Therefore, mapping the spatial
568configuration of microclimates could benefit future research on movement and reproductive
569ecology of small ectotherm organisms, especially those that colonize areas undergoing rapid
570environmental change (Fagan et al., 2013).

571In conclusion, we showed that agricultural, but not urban, habitat settings reduced the
572microclimatic buffering of host plants in space and time, when compared to microhabitat
573settings in forest landscapes. We emphasize the possible implications of these differences for
574grass feeding butterflies and insects occupying similar niches, in particular during immobile
575stages of higher hydrothermal sensitivity and during extreme weather conditions. Although
576this study was initially inspired by the specific resource-based habitat point of view of the
577larval stages of P. aegeria, the significance of our results is much broader as they allow to
578better understand how microclimatic conditions around and on grasses are shaped in different

579anthropogenic environments.
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908

909Table 1. Variable contributions to the principal components PC1 and PC2. Loadings are

TABLES

910indicated as percentages relative to PC1 and PC2. Rows are ordered along descending ratio of

911% contributing to PC1 relative to % contributing to PC2. In grey are contributions of >20%.

912T: temperature; RH: relative humidity, VPD: vapour pressure deficit.

913

PCI PC2
914 (59 %) (19 %)

Minimum RH 8% (-) 0% (-)
Day mean VPD 92 % 1% (-)
Day mean T 79 % 1% (-)
Range RH 83 % 1%
Standard deviation RH | 77 % 3%
Standard deviation

91 % 4%
VPD
Maximum VPD 83 % 7%
Range VPD 83 % 8%
Day mean RH 77% () 7%
Maximum T 72 % 10 %
Standard deviation T 61 % 26 %
Range T 44 % 41 %
Night mean VPD 42 % 46 % (-)
Night mean RH 39% (-) 44 %
Night mean T 27 % 47 % (-)
Minimum VPD 6 % 21 % (-)
Maximum RH 4% (-) 16 %
Minimum T 11 % 50 % (-)
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915Table 2. Landscape type differences for the two variables that contributed to most of the
916variation of PC1 and PC2, respectively, and for two proxy measures of microclimatic
917predictability. Relative contributions to PC1 or PC2 are shown between brackets. The table
918presents a pairwise comparison among least square means among the three landscape types,
919based on linear mixed model output with week (N=6) as a random effect. Numerator and
920denominator degrees of freedom for all estimates are 2 and 127 respectively. *’:

921logarithmically transformed in the linear mixed model.

Main variables PC1
Standard deviation VPD* Day VPD*
(91.06%) (91.80%)
Predictors Estimates SE  tratio p Estimates SE tratio p
agri-urban  0.19  0.068 2.78 0.019 0.15 0.072  2.037 0.13
agri - forest  0.27  0.072 3.81 0.0006 0.26 0.076  3.46 0.002
urban - forest 0.083 0.071 1.17  0.73 0.12 0.076  1.53 0.39
Main variables PC2
Minimum night temperature Night temperature
(50.23%) (47.03%)
Predictors Estimates SE  t.ratio p Estimates SE tratio p
agri-urban  -1.12  0.278 -4.038 0.0003 -0.72 0.23  -3.18 0.006
agri - forest -0.51  0.29 -1.73  0.26 -0.051 024  -0.21 1
urban - forest 0.62  0.29 2.13  0.11 0.67 0.24 2.83 0.016
VPD predictability
Day-to-day VPD variability Short-term VPD variability
Predictors Estimates SE  tratio p Estimates SE tratio p
agri-urban  0.19 0.095 198 0.15 0.19 0.073  2.55 0.035
agri - forest  0.29 0.1 29 0.013 0.29 0.076  3.75 0.0008
urban - forest 0.1 0.099 1.015 0.94 0.1 0.076 132 0.57
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923FIGURE LEGEND

924Fig. 1: Overview of the sample sites. a: Twelve sample locations in and around four Belgian
925cities that are characterized by agricultural (square), urban (triangle) or woodland (circle)
926landscape settings. Crosses represent nearby weather stations from The Royal Meteorological
927Institute of Belgium in Melle (M), Zaventem (Z) and Bauvechevain (B). Altitude of all
928weather locations Grey lines depict Belgian borders. White coloration in the upper left
929represents the North Sea and Easter Scheldt region. Altitude (in meter above sea level) for all
930sample locations and weather stations are (from West to East): 15, 8, 18, 62, 60, 73, 61, 45,
93155, 49, 86, 87, 59, 33, 101. b,c & d: examples of sample locations for forest, urban and
932agricultural landscape types, respectively. Green shading represents woodland cover.
933Diamond marks indicate sample sites and numbers below the marks represent the week during
934which measures were made, with week 1 starting on the 13™ of June 2018. e: sample site with

935HOBO U23 v2 climatic sensor placed 12 cm above ground in the grass layer.

936

937Fig. 2. Posterior distribution of the landscape type-related estimates of the nine microclimatic
938variables. Thick lines mark the posterior 66%-credible interval around the mean. Thin lines
939mark the posterior 95%-credibility interval around the mean. When this line crosses the
940dashed line at zero, there is no difference between the HOBO sensor data and the weather
941station data within the 95%-credibility interval. ‘u’: urban; ‘f’: forest; ‘a’: agricultural
942(intercept). Horizontal lines with asterisks indicate differences in which the value tested

943against lies outside the 98.33% credibility interval.

944Fig. 3. Mean value (+ SE) of the first two principal components representing climatic
945variability relative to landscape type. A high PCl1-score (explained 59 %) corresponds to
946variables that relate to hot and dry daytime conditions and stronger fluctuations during the

947day. A high PC2-score (explained 19%) corresponds to colder and more humid night
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948conditions. a: agriculture; u: urban; f: forest. Horizontal lines with asterisks indicate

949differences with Bonferroni-corrected p-values lower than 0.02 (*) or 0.002 (**).
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