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Abstract

Current conservation policy has been shaped by the expectation, that for many species,
places with suitable climate will lie outside their current range thus leading to predictions of
numerous extinctions. Here we show that the magnitude of range shifts is often overestimated
as climate data used does not reflect the microclimatic conditions that many organisms
experience. We model the historic (1977-1995) distributions of 244 heathland and grassland
plant taxa using both macro- and microclimate data and project these distributions to present
day (2003-2021). Whereas macroclimate models predicted major range shifts (median 14 km
shift), microclimate models predicted localised shifts into favourable microclimate, generally
of less than 1 km, that more closely match observed patterns of establishment and extirpation.
Thus, improving protection of refugial populations within species’ existing geographic range
may, for species living in environments exposed to sunlight, be more effective than assisted

translocations and overhaul of protected area networks.
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Main text
It is widely predicted that places with suitable climate will soon lie outside the current range of
many species that cannot adapt®?3, such that survival will depend on how rapidly populations
can move*®. Many organisms are thought to face insurmountable range-shift barriers, leading
to the conclusion that the only viable option to prevent extinctions is to translocate them to
places where the climate is suitable’, or create habitat corridors that allow them to get there
of their own accord®. However, the expectation that species will have to undergo major range
shifts to avoid range loss is founded on the assumption of strong and smooth geographic
gradients in climate. These gradients would mean that temperature or precipitation changes
make swathes of species’ current ranges unsuitable and create swathes of suitable habitat
elsewhere. While clear climatic gradients occur at coarse spatial resolution, at finer resolutions
topography, soil and vegetation exert great influence on local climatic conditions, resulting in
considerable microclimate heterogeneity, particularly near the ground®°. These fine-
resolution variations can exceed the variability that occurs over continents in coarse-resolution
climate, and greatly exceed the magnitude of climate change expected over the next 100
years!!. For the most part organisms experience climate at these local resolutions, which are
orders of magnitude finer than the scales at which shifts are measured and modelled®?.
Despite this, there is little consensus on the extent to which microclimate matters for species
range shifts. On the one hand, it has been proposed that macroclimate data may overestimate
the thermal tolerances of species, and hence under-estimate the loss of suitable climate by
failing to capture warm microclimates in which species are driven to extinction*®. Conversely,
it has also been suggested that cool microclimates may buffer species against climate change
by providing suitable microrefugia®!41°

Understanding of the importance of microclimate on projected range shifts has been
hampered by an inability to quantify microclimate over extents and durations relevant to
species range shifts. Here we exploit recent advances in microclimate modelling®**1€ to test

whether macroclimate data over-estimate range shifts in comparison to microclimate. We
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define macroclimate as conditions interpolated from weather stations at 1.5 — 2 m above-
ground and at grid resolutions of 1 km or more. We define microclimate as the climatic

conditions that organisms experience at finer resolution, often closer to the ground.

Why range shifts may be overestimated

To illustrate the mechanism by which ranges may or may not be over-estimated by
macroclimate data, we first consider two hypothetical examples (Fig. 1). Firstly, we imagine a
situation in which the geographic range of a species with a true thermal tolerance of 8 - 12°C
is assessed at coarse resolution. We assume that each grid cell has +5°C of microclimatic
heterogeneity and any coarse grid cells with at least some suitable microclimate is occupied.
Consequently the thermal tolerance of the species, estimated from macroclimate data, is over-
estimated. When warming of 2°C is applied, under the assumption of perfect coupling, grid
cells predicted by macroclimate data to become climatically unsuitable are also those that lose
all suitable microclimate. Predictions based on microclimate and macroclimate are thus

identical (Fig. 1a).

Alternatively, we consider a species with the same geographic distribution as in the first
example and hence the same apparent thermal tolerance estimated by macroclimate data.
However, here we assume that near-ground temperatures are decoupled from macroclimate
across latitudes: at the species’ warmer range margins ground temperatures are hotter than
air temperatures. This phenomenon is widely observed, and arises because the ground
absorbs more solar radiation at lower latitudes (though the degree of decoupling is also
affected by snow and vegetation cover, and may not be so pronounced under forest
canopies)®. Thus a species living in the same fine-scale grid-cells must have a broader thermal
tolerance than in example 1a, in our case 8.6-16.4°C. Since solar radiation does not increase
in line with climate change, the broader thermal tolerance means that species may remain in

coarse grid cells that macroclimate predicts to become unsuitable (Fig. 1b).
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Our illustration shows that the major flaw in using macroclimate is not necessarily the climate
grid size per se. Rather, across the distribution of a species associated with open habitats,
there is a greater range of near-ground than macroclimate temperatures and the space-for-
time substitution used to estimate range-shifts thus breaks down under future climates. Given
that the greater spatial heterogeneity in near-ground temperature, means that range shifts
may not follow smooth latitudinal gradients, the resulting effects on projected range shifts

could be profound. Here we test whether this is the case.

Tests of how microclimate affects range shifts

We modelled associations between multiple climate variables and the distributions of 244
higher plant taxa (Table S1). For each taxon, species distribution models (SDMs) were
constructed and projected at three grid resolutions: across Europe at 0.5° (~50 km), Great
Britain at 5 km, and the Lizard Peninsula, in the southwest of Great Britain at 100 m. For
the 100 m resolution analyses, variables were derived from estimates of temperature at 5
cm above ground using a recently developed microclimate model*®. For the other two sets
of analyses, existing climate products were used!’8 representative of measurements
obtained by standard weather stations. Plant distribution records were sourced from
GBIF*, the Botanical Society of the British Isles?® and the Environmental Records in
Cornwall Automated database?!. Because our hypothesis may not apply to forest species,
we restrict our analyses to smaller plants and shrubs associated with open habitats. We
thus assigned grid cells with >50% forested cover as being unsuitable when projecting
distributions, though results without forest masking are presented in supporting information
(Extended Data Fig. 1; Tables S1-2). To allow independent validation of which climate data
best predicted observed range shifts, we modelled associations between historic species
distributions and climate (1977-1995), projected distributions to the present day (2003-
2021), and compared projected climate suitability at each spatial resolution to current

distributions.
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At each spatial resolution, we quantified range shifts in three different ways. First, as a
measure of the shift required to track climate change, for each taxon we calculated the mean
of the distances between each grid cell predicted to be occupied historically and the nearest
climatically suitable grid cell under recent conditions (setting this to zero if a grid cell was
suitable in both periods). Second, for comparison, we also calculated the converse
measure: the distance between each grid cell predicted to be occupied currently and the
nearest location with suitable climate historically. Lastly, to enable calculation of the direction
of shift, we computed the suitability-weighted centroid of each species’ range in the two

periods and calculated the magnitude and direction of the centroid shift.

Overall, while macroclimate models predicted major range shifts, the predicted shift required
to track microclimatic changes was low and likely within the dispersal capability of the
majority of species. To track climate change at 0.5° resolution across Europe, species
would have had to shift on average between 3.7 and 62.4 km, with a median of 14.0 km
(Fig. 2a; Tables 1 and S1). At 5 km resolution across Great Britain, species would have had
to shift between 28.6 m and 52.1 km, with a median of 5.2 km (Fig. 2b; Tables 1 and S1).
At 100 m resolution across the Lizard Peninsula, however, species would have had to have
shifted between just 0 m and 8.1 km, with a median of just 114 m, equating to just 4.4 m
per year (Fig. 2c; Table S1). The distance between each grid cell predicted to be suitable
currently and the nearest location with suitable climate historically was similarly affected by
resolution (Extended Data Fig. 2; Table S1). There were similar discrepancies in the
predicted centroid shifts. Determined from 0.5° resolution models, shifts ranged from 2.9 to
163.9 km with a median of 46.5 km and in a predominantly northerly direction (Fig. 2d;
Tables 1 and S2). Determined from 5 km resolution models, shifts ranged from 850 m to
80.1 km with a median of 15.7 km, again in a predominately northerly direction (Fig. 2e;
Tables 1 and S2). By contrast, shifts determined using 100 m microclimate data, ranged

from 36.3 to 2,580 m with a median of 679 m, equating to just 25 m per year and shift
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direction was inconsistent, reflecting the lack of strong latitudinal gradients in climate (Fig.

2f; Tables 1 and S2).

To ensure our results were not biased by restricting our fine-scale model calibration to a
small geographic area, meaning that taxa’s full climate tolerances may not have been
adequately captured, we also constructed models using historic records and near-ground
temperature from across Europe at 0.5° grid resolution. We then projected the present day
distributions of these taxa across the Lizard Peninsula at 100 m resolution. These models
resulted in even more pronounced discrepancies with the macroclimate models. The
median distance required to track climate was just 24 m (Extended Data Fig. 3c; Tables 1
and S1) and the median centroid shift was just 65 m (Extended Data Fig. 3g; Tables 1 and

S2).

To ensure our results were not biased by peculiarities of the climate of the Lizard Peninsula,
we modelled, at 100 m resolution, the historic and current distributions of Erica tetralix
(Cross-leaved Heath), at 73 geographically and climatically disparate localities across
Europe, each 40 x 40 km in size. This species was selected as it is a keystone species of
European heathland, its range is almost entirely confined to Europe and adequate data
were available for model validation at each of the selected sites. Again shifts predicted by
microclimate models were lower than those predicted by macroclimate models. Whereas

macroclimate models predicted shifts of 16.2 km (at 0.5° resolution) and 2.0 km (at 5 km

resolution), the median shift predicted by microclimate models was 244 m. Similarly, while
the centroid shift predicted by macroclimate models was 33.7 km (at 0.5° resolution) and

5.2 km (at 5 km resolution), the median shift predicted using microclimate data was just 818

m (Tables 1 and S3).

Why microclimate affects range shifts
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To investigate why the use of microclimate data might affect range shifts, particular in relation
to the climate niche of species, we evaluated how the three sets of models affected the
predicted probability of species persisting across the Lizard Peninsula. To ensure model
outputs were comparable at all three resolutions, we resampled (effectively smoothing) the
coarse-resolution model outputs to 100 m and quantified the maximum projected suitability in

any given 100 m grid cell.

At all three resolutions, the maximum projected suitability across the Lizard Peninsula in the
historic and current periods were closely correlated such that when recent climate was
predicted to be more suitable for a taxon, the historic climate was also more suitable (Fig. 3;
Extended Data Fig. 4). Macroclimate suitability was in general lower than microclimate
suitability in the recent period implying that, when modelled using microclimate data, species
have a higher predicted probability of persistence (medians: 0.5° 0.639, 5 km 0.717, 100 m
0.870). Additionally, the slope of the relationship between recent and historic microclimate
suitability was shallower than that for macroclimate suitability such that the discrepancy was
most marked for those species for which macroclimate suitability was low (0.5° Fi242 =
572.4, P < 0.0001, slope = 0.775; 5 km: Fi237=907.8, P <0.0001, slope = 0.997; 100 m:
F1243=71.9, P <0.0001, slope = 0.624), implying that for those species with low predicted
probability of occurrence the likelihood of persisting was predicted to be much lower when
predicted using macroclimate data. Resultantly, models constructed using 0.5° resolution
data predicted the extirpation of six species from the Lizard Peninsula, including two
keystone heathland species, Calluna vulgaris and Erica vagans, for which the Lizard
Peninsula received its Natura 2000 designation and which certainly persist currently (Fig.
4). Models constructed using 5 km resolution data predicted the extirpation of one species:
Viola lactea. By contrast, models constructed using 100 m resolution near-ground data
predicted that all 244 taxa would remain extant. As recent distribution records?! suggest
that all taxa remain relatively common, there is strong evidence that the use of

macroclimate data over-estimates the risk of extirpation.
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The smaller range shifts and retention of species predicted by microclimate models also
appear to be more accurate than predictions of macroclimate models. Despite high turnover
in occurrence records between the two periods, extirpations were predicted with far greater
accuracy by microclimate models, performing significantly (P < 0.05) better than would be
expected by chance for all except two taxa. By contrast, extirpations predicted by 5 km data
were predicted with greater accuracy than a random model for only 52% of taxa, and
extirpations predicted by 0.5° models, performed worse than a random model (Table S5).
Scale-discrepancies in the ability of the models to accurately predict establishments were

less pronounced, but nevertheless microclimate models still performed better (Table S5).

Relative importance of scale and near-ground temperature

In our hypothetical example we proposed that the major flaw when using macroclimate data
was not necessarily resolution per se, but rather the discrepancy between near-ground and
ambient air temperature, which may be exacerbated by data resolution. To test this further,
we carried-out two additional sets of analyses. First, we constructed 0.5° resolution SDMs
for Europe using estimates of temperature 5 cm above ground. Both the distance needed
to track climate across Europe and the shift in the centroid of the potential distribution were
predicted to be moderately but significantly lower when using near-ground coarse
temperature than above-ground coarse (macroclimate) temperatures (suitable cell shift:
12% lower, paired t1 242 = 2.37, P< 0.05; centroid shift: 37% lower, paired t; 242 = 10.98, P<
0.0001, Tables 1 and S1-4). Second, we constructed 100 m resolution SDMs for the Lizard
Peninsula using temperatures representative of those obtained by weather stations, 1.5 - 2
m above ground. 97 (39%) of the taxa were predicted to be extirpated from the Lizard
Peninsula using these high-resolution, above-ground temperatures. For the remaining taxa,
however, the predicted range shifts was lower than predicted using near-ground
microclimate data (suitable cell shift: paired t1148=2.42, P < 0.05; centroid shift paired t1 14s

=2.23, P < 0.05; Table 1). These analyses suggest that height above ground is a major flaw
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of macroclimate models, but that height is not particularly important once temperature is

measured at a biologically-relevant resolution.

It is possible that we found such a striking difference between macro- and microclimate
projections because we selected species associated with open habitats, for which the
greater effects of solar irradiance on near-ground temperatures are particularly
pronounced. In forests, the canopy functions as a thermal insulator and buffers sub-canopy
microclimatic conditions??, even though forest understories also have high microclimate
heterogeneity?®24.  Nevertheless, for the taxa studied, our hypothesis was supported.
Projections of species range shifts made using macroclimate data systematically over-
estimate range shifts, partially because spatial gradients in temperature were
underestimated and hence thermal tolerances over-estimated. Coupled with the existence
of fine-resolution heterogeneity in climate, the resulting effects on projected range shifts is
substantial. This raises the question of why it is still commonly perceived that large range

shifts are necessary, to which there are several possible answers.

First, observed range shifts are generally assessed using coarse-resolution data*?® such that
all populations must go extinct from a region for that grid cell to become newly unoccupied,
whereas the occurrence of just one new individual is enough to ensure that it would be
considered as newly occupied. In consequence, range expansion at coarse resolutions would
appear to be much faster than range contraction, and long-distance movement will appear to
be a common response to climate change. Given the disproportionate number of studies that
document range expansions relative to range retractions?, the magnitude and scale-
dependency of observed range shifts is rather uncertain®®. Second, the perception of a need
for large range shifts may be disproportionally influenced by early studies on animals in which
large range shifts were documented®. More recent and comprehensive assessments of
climate-induced species redistributions®, point to more idiosyncratic responses, particularly
among plant species. Comparing our modelled projections to observed shifts for the same
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taxa (Table S6) would seem to support this contention. Our predicted magnitudes of range
shifts, when modelled using microclimate, are much closer to the magnitude of observed shifts
than our predictions based on macroclimate data. Likewise, as with our range shifts modelled
using microclimate data, there is very little consistency in direction. Third, where observed
range shifts and extirpations have not matched the predictions of macroclimatic changes,
this is often attributed to a lagged-response?’, and thus potentially an extinction debt that
has yet to be paid?. Fourth, the majority of projected shifts to date have used climatic and
biological data with grid cell sizes much larger than those used in this study!?. It is only
recently that methods for generating fine-resolution climate datasets have been
developed?®, and very rarely have these been used to project species range shifts®2530,
Last, where projections have been made they are often poorly tested, inevitably because the
intention is often to predict future changes. Thus, the most common way to test the
performance of SDMs is to use cross-validation techniques within species current, observed
distributions. Such approaches suffer from the problems associated with autocorrelation,
thereby potentially overestimating model performance®!. This issue is illustrated well with our
own coarse-scale models. Despite an inability to accurately predict extirpations, standard

cross-validation metrics suggested good performance (Table S7).

Conclusions

Our findings do not suggest that climate does not pose a threat to species. Despite marked
differences in predicted range shift distances, turnover in microclimate suitability was higher
than macroclimate suitability and approximately half of taxa were predicted to lose suitable
climate space irrespective of the resolution of climate data used. Rather our results suggest
that many species distribution changes in responses to climate are likely to be localised and
difficult to infer using coarse-resolution data. These localised shifts could fragment
populations, alter demography and affect community composition and ecosystem function.
We caution against assuming long-distance range shifts will occur as an immediate response

to climate, and hence that the redesign of protected area networks®* and assisted
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colonisations’ are the most pressing conservation priorities. Finite conservation resources and
competing land-uses in many instances render such approaches impractical, emphasising the
need for robust measures for carrying-out conservation in situ®. Rather, we emphasise the
need to implement measures that sustain viable populations of species within their current
geographic range. Conservation of areas that retain suitable microclimate could provide a
practical and cost-effective means of reducing extinction threat because this can be targeted

at specific locations.
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Tables

Table 1. Range shifts predicted by each of the models between the two study periods: 1977-1995 and 2003-
2021. Suitable cell shifts refer to the mean distances between each grid cell predicted to be occupied historically
and the nearest climatically suitable grid cell under recent conditions (and vis-versa). Centroid shifts refer to
the magnitude and direction of the shift in the suitability-weighted centroid of predicted. For the first six models,
the median values across taxa are shown. For models 7-9 the estimated values for Erica tetralix are shown.
For the 10" model, median values across 73 sites are shown. For model 6, the 73 taxa predicted to be
extirpated are excluded in the calculation of median suitable cell shifts. Values for individual taxa are shown in
Tables S1-4.

Model description Suitable cell shift (km) Centroid shift
Historic to Historic to Magnitude Direction (°)
recent recent (km)

1. Europe (constructed and projected at 0.5° | 14.0 7.2 46.5 347

grid resolution using temperatures 1.5-2m
above ground)

2. Great Britain (constructed and projected at5 | 5.2 2.1 15.7 .343
km grid resolution using temperatures 1.5-2m
above ground)

3. Lizard Peninsula (constructed and projected | 0.1 0.1 0.6 145
at 100m grid resolution using temperatures 5
cm above ground)

4. Europe (constructed and projected at 0.5° | 6.1 0.4 29.3 96
grid resolution using temperatures 5 cm above

ground)

5. Lizard Peninsula (constructed using 5 cm | 0.0 0.0 0.1 20

above ground temperatures across Europe at
0.5° grid resolution and projected at 100 m
resolution)

6. Lizard Peninsula (constructed and projected | 0.0 0.0 0.8 138
at 100m grid resolution using temperatures 1.5
m above ground)

7. Erica tetralix Europe (constructed and | 16.2 11.7 33.7 324
projected at 0.5° grid resolution using
temperatures 1.5-2m above ground)

8. Erica tetralix Great Britain (constructed and | 2.0 1.2 5.2 2
projected at 5 km grid resolution using
temperatures 1.5-2m above ground)

9. Erica tetralix Lizard Peninsula (constructed | 0.0 0.3 1.8 334
and projected at 100m grid resolution using
temperatures 5 cm above ground)

10. Erica tetralix 73 sites across Europe | 0.3 0.2 0.8 67
(constructed and projected at 100 m grid
resolution using temperatures 5 cm above
ground)
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Methods

Climate data

Monthly global gridded 0.5 degree climate data for the period 1979-2021 were obtained from
the Climatic Research Unit!’ and the data for Europe and surrounding nearby land areas
(32°W - 50°E, 27°N - 83°N) extracted from this. Monthly 1 km gridded climate data for Great
Britain were obtained from the Met Office'® and coarsened to a grid resolution of 5 km to match
the resolution of plant distribution data. Monthly 100 m gridded temperature data for the Lizard
Peninsula were obtained by aggregating the hourly outputs from a microclimate model,
microclima, previously developed for the study region!®. Using this approach, mesoclimatic
effects (cold-air drainage, coastal exposure and elevation) are determined from the coarse-
resolution climate surfaces using thin-plate spline models, with coastal exposure and elevation
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included as predictors. Differences between mesoclimate (T;,.s,) Microclimate temperatures
(Tmicro), in this case for 5 cm above ground, are then determined from terrain, vegetation and

ground properties using energy balance equations such that

THR
Tmicro — Tmeso = (Rnet —-L-G)
PCy

Where R, is the net radiation flux, L is the latent heat flux, G the ground heat flux, 4z
resistance to heat loss, p the density of air and c,, the specific heat of air at constant pressure.
Assuming p and ¢, to be approximately constant and L and G to be relatively small and
proportional to net radiation®, T,,;.ro — Tmeso 1S thus a linear function of R.e, the gradient of
which is a measure of the thermal coupling of the surface to the atmosphere, which varies as
a function of both the structure of the vegetation and wind speed, and in this instances, fitted
using 89,250 field measurements of temperature obtained using data-loggers deployed at 35

locations across the study sitel?.

To derive 100m resolution temperature data for the 73 Erica tetralix locations across Europe,
we used the R3 package microclima'®®®, which automatically downscales sub-daily climate
data from the National Centres for Environmental prediction®®, using high-resolution digital
elevation data. Here, instead of field calibration data to determine the relationship between
temperature and net radiation, an entirely from first principles microclimate model,
NicheMapR?® is used to derive the slope for a point location at the centre of each study area,
and the same slope then applied across the study area, but with wind speed and radiation
altered by terrain. The same approach was used to generate microclimate temperatures 5 cm
above ground across Europe at 0.5° resolution, but here mesoclimatic effects are not modelled
(see online code®). To derive 100m resolution macroclimate temperature measurements for
the Lizard Peninsula, we used microclima'® to model the mesoclimatic effects, but omitted the

further step of modelling near-ground temperatures.
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Monthly 100m gridded rainfall data for the Lizard Peninsula were derived by spatially
interpolating 5 km gridded rainfall data using a thin-plate spline, with 200m resolution elevation
data included as an additional covariate. Interpolation was performed using the fields
package® for R%. The same procedure was used to downscale rainfall at 73 locations across
Europe, though using rainfall data the Climatic Research Unit. At all scales, monthly data
were used to reconstruct, for two study periods: 1977-1995 and 2003-2021, the 19 widely

used “Bioclim” variables presented in Hijmans et al*®, following the Anuclim method“.

Species distribution data

Records of vascular plants across the Lizard Peninsula were obtained from Environmental
Records in Cornwall Automated (ERICA) database, a compilation of verified local biodiversity
records curated by members of the Cornwall and Isles of Scilly Federation for Biological
Recorders?!. Records georeferenced to a precision of >100m were removed and the
remaining data used to determine the presence of species within each 100m grid cell in each
of two study periods. The 244 taxa present in at least 20 grid cells in the historic period and
associated with heathland and grassland were selected for all subsequent analysis (Table
S1). For the same taxa, occurrence records from across Great Britain were obtained from the
Botanical Society of the British Isles?®, and their presence in 5 km grid cells determined in the
same two periods. Plant records from across Europe and surrounding land masses (32°W -
50°E, 27°N - 83°N) were downloaded from the Global Biodiversity Information Facility
(GBIF)™°. For the fine-resolution E. tetralix analyses, only records georeferenced to <100 m
were used. At each of the three resolutions plant distribution records are recorded in a similar
way: they represent the presence of a taxa at any given location recorded by volunteer citizen

scientists, but absences are not recorded.

Modelling distributions
We used species distribution models*? to predict distribution shifts for each taxon at each of

the three spatial resolutions. In each instance we constructed the model using historic
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distribution and climate data and projected distributions forward to the present day, thus
permitting robust empirical validation. Because the ‘bioclim’ variables were correlated with one
another, and to ensure greater transferability between regions or time periods*3, we performed
Principal Components Analyses (PCA), and used the first 7 components, which together
explained >99% of the variance, as climatic predictors of species distributions. To do so, the
bioclim variables from both periods were averaged prior to performing the PCA and then
predicted separately for both periods, thereby ensuring that relationships between bioclim
variables and principal components were identical in both periods. The relationship between

principal components and bioclim variables is shown in Table S8.

To account for spatial biases in recording effort**4°, which is particularly pronounced in the
European datasets (with a paucity of records from Eastern Europe), we subsampled the data
in a manner proportional to the log-transformed number of visits to each square such that
presences were less likely to be generated from grid cells with high visit coverage, whereas
pseudo-absences were more likely to be generated from grid cells with high coverage. The
number of visits to each square was calculated as the number of unique date, species and
record ID combinations in each grid cell and thus represents the total observer effort of all
analysed taxa. For each species, pseudo-absences were generated from within the convex
hull of occurrences geographically, to avoid over-representing climates that fall outside a

species’ geographic range“®.

To account for methodological uncertainties in models, we generated species distribution
using three varied, but widely used model classes, namely Maxent*’, General Additive
Models*® and random forests*®. To account for possible spatial autocorrelation in model
coefficients, we spatially-kriged the residuals of each distribution model using inverse-distance
squared weightings and creating new distribution models with same sub-sampled distribution

data, but with this variable included as an autocovariate®. The results reported are from a
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final probabilistic weighted (by cross-validation True Skill Statistic, TSS) ensemble distribution

each species and period, constructed using the ‘sdm’ package®! for R34,

We investigated whether our results could be biased because 100m resolution models, based
only on data from the Lizard Peninsula, might underestimate species’ full climate envelope.
To do so, we fitted models using historic 0.5° resolution plant and climate data from the
European region, here using temperature estimates for 5 cm above ground. For all taxa, we
then projected the models in both periods at 100 m resolution across the Lizard Peninsula. To
compare the relative importance of resolution and the use of near-ground data, we also fitted
and projected species distribution models at 0.5° across Europe using near-ground estimates
of climate, and across the Lizard Peninsula at 100 m resolution using estimates of climate for

1.5-2 m above ground.

As the taxa for which analyses were performed were associated with open habitats, we
masked areas with 50% forest cover as unsuitable in the ensemble distribution predictions,
though results without masking are also presented in supporting information. Forest cover

data in each 0.5° grid cell across Europe were sourced from CORINE®?2and for Great Britain

and the Lizard Peninsula, from the UKCEH Land Cover Map 2020°3,

Model validation

We independently evaluated the ensemble models within the time period for which they were
projected using the Boyce index using the ‘ecospat’ package for R>. We also determined the
proportion of number that establishments and extirpations between the two time periods were
accurately predicted. Probabilistic ensemble projections of distributions were thus converted
to binary outputs using a predicted probability of occurrence threshold set separately for each
taxa that ensured that 90% of observed presences occurred in grid cells with suitable climate.

To account for incomplete observer coverage, and hence the likelihood that an apparent
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absence in either period is a false absence, we computed the fraction of apparent
establishment and extinction (in both periods) that were predicted by each ensemble model.
For each taxa, we then generated an equivalent number of historic and more recent records
randomly and assessed model performance in the same way. The randomisation process was
repeated 1000 times, and the proportion of times the model performed better than random

assessed.

Range shifts

We quantified range shifts in three different ways. First, we computed the suitability-weighted
centroid of each species’ climatically suitable range in the two periods and calculated the
magnitude and direction of the centroid shift. Prior to doing so, we converted the distributions
to a Lambert Azimuthal equal area projection (EPSG:3035) to avoid over-weighting suitability
at higher latitudes. The centroids were then converted to the World Mercator projection
(EPSG: 3395), for calculating the direction of the shift. The magnitude of the shift was then
calculated using the ‘spDists’ function associated with R package ‘sp’®°, which calculates true
Euclidian distance irrespective of projection geometry. Second, we converted the probabilistic
projections of species distributions to binary output using the procedure described above.
Then, for each historically occupied grid cell, we calculated the centre-to-centre distance
between that grid cell and the nearest climatically suitable location under present day
conditions, setting this distance at zero if the grid cell was suitable in both periods.
Calculations were performed using the spDists’ function to account for projection geometry.
Third, for comparison, we also calculated the distance between each grid cell predicted to

be occupied currently and the nearest location with suitable climate historically.

Data availability
The global gridded 0.5 degree climate dataset is available from

https://crudata.uea.ac.uk/cru/data/hrg/. The UK gridded climate dataset is available from

https://www.metoffice.gov.uk/research/climate/maps-and-data/data/haduk-grid/datasets.
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Datasets required to generate the 100m resolution gridded climate dataset for the Lizard
Peninsula are included with R package microclima'® available from

https://github.com/ilyamaclean/microclima. Plant distribution datasets required to run the

models are published online®. Forest cover datasets are publically available from UKCEH®>?

and https://land.copernicus.eu/pan-european/corine-land-cover

Code availability
All data and code used for the analysis are available on request from the corresponding
author and are published online®. The microclima'® R package is available from

https://github.com/ilyamaclean/microclima.
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Figures

a  Macroclimate corresponds to mean microclimate b  Current macroclimate decoupled from microclimate
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Fig. 1. Microclimate and range shifts. Latitudinal gradients in macroclimate, microclimate, species’ current
occupancy and predicted occupancy under projected future climate. Coarse grid cells represent macroclimate,
fine grid-cells represent microclimate. The outline colour of the coarse grid-cells and the labels in large font above
them give macroclimate mean annual temperature. The fill colour of the fine grid-cells indicate microclimate mean
annual temperature and the text in small font below each coarse grid-cell shows the range of microclimate
temperatures within each coarse grid-cell. Microclimatic temperatures within each coarse grid cell range from -5 to
+5°C from the macroclimate temperature. Crosses indicate which coarse grid-cells are projected to be suitable
using macroclimate. Points indicate which fine grid-cells are currently occupied or will be suitable under warming,
based on the species’ true thermal tolerance. In (a) a hypothetical species with a true thermal tolerance range of 8
to 12°C occupies all grid coarse cells with suitable microclimate (top row). Microclimate is coupled with microclimate
and increases as latitude decreases towards the equator. Although macroclimate over-estimates the species’
thermal tolerances, when uniform warming of 2°C is applied to all cells (bottom row), coarse- and fine resolution
data yield exactly the same predicted range shift. This is because grid-cells predicted to be climatically unsuitable
by macroclimate data, are also those that lose suitable microclimatic conditions. In (b) a hypothetical species with
the same current geographic distribution as in (a) is shown (top row). Here, microclimate is decoupled from
microclimate and increases by a greater amount than macroclimate as latitude decreases towards the equator, as
might be expected as latitudinal gradients are driven by solar radiation. Here the macroclimate thermal tolerance
is again estimated as 4-17°C, but the true thermal tolerance is greater than in the first example. The decoupling
between macro and microclimate decreases with climate change. Consequently, coarse- and fine resolution data
yield different predicted range shifts, with fine-scale data predicting that species persists at its warm range margin.
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Fig. 2. Range shifts predicted using macro- and microclimate data. Top: how far taxa would need to move
in order to track climatic changes. Here the mean distances between each grid cell predicted to be occupied
historically (1977-1995) and the nearest location with climatically suitable conditions under recent condition
(2003-2021) is predicted using (a) 0.5° and (b) 5 km grid resolution macroclimate data and (c) 100 m grid
resolution microclimate data for each of 244 plant taxa. Bottom: here the magnitude and direction of the shift
in the suitability-weighted centroid of each taxa’s distribution is shown, modelled at (d) 0.5°, (e) 5 km and (f)
100 m resolution.
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Fig. 3. Suitability predicted using macro- and microclimate. Here the relationship between the maximum
current (2003-2021) and historic (1977-1995) predicted probability of occurrence on the Lizard Peninsula is
shown for all taxa, demonstrating that when microclimate (green) data are used, the relationship is shallower
than when macroclimate (purple) data are used. In consequence, when modelled using microclimate data,
fewer extirpations are predicted. The green and purple dashed lines are the line-of-best fit for the modelled
relationship for microclimate and macroclimate respectively. In (a) macroclimate occurrence is derived from
0.5° grid resolution models and in (b) from 5 km grid resolution models.
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Shifts in climatically suitable conditions predicted using macro- and microclimate data. In (a) the historic
(1977-1995) and recent (2003-2021) probability of occurrence of Calluna vulgaris is modelled across Europe
using 0.5° grid resolution species distribution models and in (b) outputs from this model are resampled
projected to the Lizard Peninsula (50.1°N, 5.2°E) showing that mean suitability of macroclimate is reduced from
0.507 to 0.461 and would therefore become extirpated from the Lizard Peninsula. In (c) the historic (1977-
1995) and recent (2003-2021) probability of occurrence of C. vulgaris is modelled across the Lizard Peninsula
at 100 m grid resolution using microclimate estimates of temperature for 5 cm above ground. The species is
predicted to retain suitable microclimate and therefore persist in places that broadly match those in which it
currently occurs, as shown by the red squares on the maps, which are localities from which there are historic
(left) and recent (right) records. The grey shaded polygons cover grid cells with >50% woodland cover, which
were masked out for analyses reported upon in the main text. Note that few data from Eastern Europe were
available for training the models. It is thus possible that true range of C. vulgaris extends further east across
Europe than is implied by our models.
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