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Running title:
Plant lags are linked to temperature-change velocity

Abstract

Aim: Current global warming is driving changes in biological assemblages by increasing
the number of thermophilic species while reducing the number of cold-adapted species,
leading to thermophilization of these assemblages. However, there is increasing evidence
that thermophilization might not keep pace with global warming, resulting in thermal lags.
Here, we quantify the magnitude of thermal lags of plant assemblages in Norway during the
last century and assess how their spatio-temporal variation is related to variables
associated with temperature-change velocity, topographic heterogeneity, and habitat type.

Location: Norway
Time period: 1905 - 2007
Major taxa studied: Vascular plants

Methods: We inferred floristic temperature from 16,351 plant assemblages and calculated
floristic temperature anomaly (difference between floristic temperature and baseline
temperature) and thermal lag index (difference between reconstructed floristic temperature
and observed climatic temperature) from 1905 until 2007. Using generalized least square
models, we analyzed how the variation in observed lags since 1980 is related to
temperature-change velocity (measured as magnitude, rate of temperature change, and
distance to past analogous thermal conditions), topographic heterogeneity, and habitat type

(forest vs non-forest).

Results: The floristic temperature anomaly increases overall during the study period.
However, thermophilization falls behind temperature change, causing a constantly

increasing lag for the same period. The thermal lag index increases most strongly in the
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period after 1980, when it is best explained by variables related to temperature-change
velocity. We also find a higher lag in non-forested areas, while no relationship is detected

between the degree of thermal lag and fine-scale topographic heterogeneity.

Main conclusions: The thermal lag of plant assemblages has increased as global warming
outpaces thermophilization responses. The current lag is associated with different
dimensions of temperature-change velocity at a broad landscape scale, suggesting

specifically that limited migration is an important contributor to the observed lags.
Keywords

lag dynamics, mountain biodiversity, plant assemblages, shifting isotherms, migration lag,
thermophilization

1| INTRODUCTION

Current global warming is causing a global redistribution of species at different spatial scales
with general poleward and upward shifts (Chen, Hill, Ohlemuller, Roy, & Thomas, 2011;
Feeley, Bravo-Avila, Fadrique, Perez, & Zuleta, 2020; Lenoir et al., 2020; Lenoir & Svenning,
2015; Rumpf et al., 2019; Steinbauer et al., 2018). Such directional shifts in species ranges
cause changes in local plant assemblages, with thermophilic species increasing and cold-
adapted species decreasing, resulting in a thermophilization of the assemblages (Blonder et
al., 2015; De Frenne et al., 2013; Gottfried et al., 2012). A growing number of studies suggest
that the thermophilization of plant assemblages fails to keep pace with global warming
(Bertrand et al., 2011; Freeman, Song, Feeley, & Zhu, 2021; Lenoir et al., 2020; Richard et
al., 2021). Such delayed responses result in a so-called “climatic lag” or “climate debt’, i.e. a
discrepancy between the thermophilization response of the species assemblages and
observed changes in climate. Given that these responses are related explicitly to
temperature, we use the terms “thermal lag” and "thermal debt” to differentiate from studies

that also include other climate variables alongside temperature.

Thermal lags have been detected across a broad range of taxa and ecosystems, but with
considerable variation in magnitude (Lenoir et al., 2020). For example, lowland forest
assemblages in France are found to lag further behind shifting isotherms at the macroclimate

scale than highland forest assemblages (Bertrand et al., 2011). Likewise, temperate
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mountain assemblages are shown to be slower at tracking macroclimate temperature change

than assemblages on tropical mountains (Freeman et al., 2021).

Quantifying the magnitude of thermal lags and assessing the main underlying determinants
for variations in thermal lags is needed to enhance our knowledge of broad-scale assemblage
dynamics. Bertrand and collaborators (2016) observed that greater thermal lag occurs in
plant assemblages found in historically warmer areas, and a recent study by Richard et al.
(2021) found that forest-structure traits (e.g. stand age) and natural and anthropogenic
disturbances modulate thermal lags in understory forest assemblages by altering
microclimate conditions. However, we still need a better understanding of the spatio-temporal
patterns of thermal lags to assess the impact of global warming on biodiversity and

ecosystem functioning (Bertrand, 2019; Blonder et al., 2015; Svenning & Sandel, 2013).

Another important factor to consider when trying to understand the causes of thermal lags is
temperature-change velocity, i.e. the spatial distance a species must migrate per time unit to
keep track of changing temperatures. This velocity is related to both the degree of
temperature change and to how steep the temperature gradient is across spatial gradients
(Garcia, Cabeza, Rahbek, & Araujo, 2014; Loarie et al., 2009). Areas with high topographic
heterogeneity at broad scales will generally have lower temperature-change velocity as steep
elevational gradients cover a wide temperature range within short geographical distances
(Loarie et al., 2009). As a result, plant species may only need to shift short distances to find
thermally suitable habitats in areas with low temperature-change velocity when climate is
changing. On the other hand, if species migration is limited by dispersion and high
temperature velocities occur, a greater thermal lag is more likely (Bertrand, 2019; Bertrand
et al., 2016; Jump, Matyas, & Pefiuelas, 2009; Lenoir et al., 2020). Therefore, we expect the
magnitude of thermal lag to be positively related to both temperature change (magnitude and
rate of change) and the spatial distance plant species need to migrate to find analogous

thermal conditions (i.e. conditions in which they occurred before the onset of global warming).

Using a macroclimatic approach may overlook microclimatic variation that allows species to
survive in a microclimatically heterogenous landscape (De Frenne et al., 2013; Graae et al.,
2018; Richard et al., 2021). Assuming that local species extirpations and colonization reflect
an equilibrium condition between local thermophilization and microclimate, topographic
heterogeneity at finer landscape scales may result in a perceived disequilibrium between

thermophilization and macroclimatic conditions. Using broad-scale estimates of thermal
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conditions may therefore lead to a greater perceived thermal lag in areas of fine-scale
topographical heterogeneity (Alexander et al., 2018; De Frenne et al., 2013).

In addition to topographic heterogeneity, the forest canopy may also affect macrothermal lags
through microclimatic conditions. Some studies have demonstrated that thermal lag in forest
plant assemblages is lower, as macroclimatic warming is buffered by canopy cover modifying
the microclimate (De Frenne et al., 2019; Richard et al., 2021; Zellweger et al., 2020). Hence,
the forest structure provides thermal microrefugia for species persistence (Zellweger et al.,
2020). Based on these findings, we also expect to find a larger macrothermal lag in forested

areas than in non-forested areas.

Our main aim is to quantify the magnitude of thermal lags of plant assemblages in Norway
during the last century and assess how their spatio-temporal variation is related to variables
associated with (i) temperature-change velocity, (ii) topographic heterogeneity at fine
landscape scales, and (iii) habitat type (forest vs. non forest). To address this aim, we
established a relationship between plant assemblages and temperature during a baseline
period (before recent global warming), and subsequently inferred a floristic temperature from
the composition of these assemblages. We use floristic temperature anomaly as our proxy
for thermophilization which is represented by the difference between the floristic temperature
and the temperature of the baseline period. The thermal lag index was correspondingly
determined by taking the difference between the floristic temperature and the observed

temperature of the sample year.

We assessed the temporal trend of the floristic temperature anomaly and the thermal lag over
the course of the 20th century. We then focused on the thermal lag after the onset of climate
warming in the region and investigated how baseline temperature, temperature-change
velocity, topographic heterogeneity, and habitat type (forest vs non-forest) are related to the

thermal lag magnitude.

We expect to find the most pronounced lag in warmer baseline conditions with the highest
temperature-change velocities, i.e. higher rates of temperature change and/or longer
distances to past analogous temperatures (Alexander et al., 2018; Loarie et al., 2009). On a
fine landscape scale, we expect to find more pronounced macrothermal lags in landscapes
with high topographic heterogeneity (due to a higher probability of finding suitable

microclimatic conditions and microthermal refugium within a short distance). In contrast, we
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expect smaller lags in forested areas caused by the buffering effect of the canopy cover
(Bertrand et al., 2016; Zellweger et al., 2020).

2 | MATERIALS AND METHODS

We illustrate the workflow of our analyses in Figure 1 from the data compilation step (climate
and plant assemblages) to the identification of the temperature breaking point and the
subsets used for the analyses (Historical, Baseline, Contemporary), followed by the
estimation of the floristic temperature anomaly and thermal lag index, and the final analysis

related to the temporal trends and possible determinants of temporal lag.

Compilation of plant assemblages (Figure 1a)

We compiled an occurrence dataset from the Global Biodiversity Information Facility (GBIF),
containing 605,637 records of terrestrial vascular plant species distributed across Norway.
These datasets are species check-lists from individual locations that have been curated,
digitized, and deposited to GBIF as occurrence data by university museums (Norwegian
University of Life Sciences, 2019; Norwegian University of Science and Technology, 2021;
University of Agder, 2021; University of Oslo, 2019a, 2019b). Each species occurrence in this
dataset is provided with information on geographical coordinates, survey date, and
collector(s). We standardized the coordinates for consistency and deleted occurrences with
obviously incorrect coordinates, e.g. keeping only records within the Norwegian mainland.
We harmonized the taxonomy using GBIF’s backbone taxonomy (The Global Biodiversity
Information Facility, 2020). After these steps, we checked the species lists and merged sub-
species to the species level, removing non-vascular species and taxa identified at the genus
level or above. We also deleted duplicated records that came with the same species names,
coordinates, years, and collector(s) (e.g. as a result of merging subspecies). Only some of
the species’ occurrences had elevation information, often as a minimum and maximum
elevation (meters above sea level — m a.s.l.). Therefore, we extracted elevation values for all
sampling points from a digital elevation model (DEM) at 25 m resolution obtained from the
Copernicus Program (Copernicus, 2016). This process resulted in a cleaned dataset
compilation of 511,170 occurrence records of plant species observations spread out over

Norway.

We reconstructed assemblages by assuming that a unique coordinate, survey date, and
collector represented a unique species assemblage and grouped the occurrence data by
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coordinates, date, and collector. After reconstructing the assemblages, we only kept species
that occurred in more than five assemblages and only retained assemblages containing a
minimum of five species. With these criteria, we ensured having sufficient species
representation in each assemblage to estimate floristic temperature using a “transfer
function” (see the section on Thermal lag index) (Bhatta, Grytnes, & Vetaas, 2018). This
resulted in a dataset compilation of 17,086 plant assemblages covering 1,111 species (see
Supplementary Information Table S1 for the full species list). The assemblages were
sampled from the beginning of the 20" century until 2007. The sampling sizes of these
assemblages are unknown and probably vary from a few square meters to more than one
square kilometer. This is also reflected in the number of species per assemblage which
ranges from 5 to 295, with an average of 10 species (SD %11, see also Supplementary
Information Figure S1), indicating that most assemblages represent a relatively small area.
There were 76 assemblages with more than 80 species, and six of them are in the
contemporary dataset. The crucial assumption for the analyses we have done is that the
occurrences within a single assemblage represent the same macroclimatic conditions. Based
on our knowledge of the original check-lists, we anticipate this to be a reasonable assumption
and, given the large variation in macroclimatic variation between assemblages in this dataset,
we can assume that any deviation within assemblages will be minor compared to the main

trends between assemblages.

Temperature data, break-point analysis, and dataset subsets

We obtained macroclimatic temperature data (Figure 1b) from the global climate dataset
CHELSAcruts at 30 arc-seconds (~1 km) resolution (Karger et al., 2017; Karger &
Zimmermann, 2018), covering the time period from 1900 to 2016. For each assemblage, we
calculated the following climatic variables: i) mean annual temperature (MAT), i) mean
temperature of the coldest month (Tcm), and iii) mean temperature of the warmest month
(Twm). Each temperature variable was calculated based on an average of five years prior to
the vegetation sampling year (including the survey year) to smooth out atypical extreme

fluctuations (following Steinbauer et al., 2018).

The analyses of floristic temperature anomaly and thermal lag only allow one temperature
variable to be used. To select the temperature variable among the three potential variables
(MAT, Tcm, Twm) that best explains the variation in species composition we used nonmetric
multidimensional scaling (NMDS) ordination on the species assemblage dataset on a subset

of the data from the time period prior to major temperature changes (Baseline subset; see
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below) and added the three temperature variables passively. These preliminary analyses
showed that mean annual temperature had the strongest correlation with plant assemblages
(R?=0.56), followed by Twm (R? =0.42) and Tcm (R? =0.37) (Figure S2). Therefore, we used
mean annual temperature for all remaining analyses. The ordination analysis was conducted

using the R package vegan, version 2.5-7 (Oksanen et al., 2013).

To identify a time period of relatively stable temperature, we used a break-point analysis to
identify the specific year that the trend of temperature increase started within our study area
(Figure 1c). We performed a structural change analysis to find break-points using a Bayesian
information criterion (BIC) (Andrews, 1993) and the strucchange package (Zeileis, Leisch,
Homik, & Kleiber, 2002). The break-point analysis for the full period suggested only one
break-point in mean annual temperature in the year 1988 (95% CI from 1983 to 1995, Figure
2a, Figure S3). Based on this, we selected a period in advance of this break-point to establish
a relationship between species assemblages and temperature. To make sure that the
temperature increase did not influence our relationship we selected 1979 as the end year of
this period and found that starting in 1950 ensured a large enough dataset to train the model.
As a result we divided the species assemblage data into three subsets (Figure 1d, Figure
S4): 1) Historical subset: for use in the backward prediction and also to evaluate the
robustness of the model (years 1905 to 1949; 6,279 assemblages), 2) Baseline subset: the
period before the temperature break-point with the purpose to train the transfer function
(years 1950 to 1979; 4,109 assemblages), and 3) Contemporary subset: for use in the
forward prediction and the thermal lag drivers analysis (years 1980 to 2007; 6,698

assemblages).

Floristic temperature anomaly and thermal lag index

We inferred the floristic temperature (Figure 1e) using a “transfer function” based on the
Hutchinsonian niche concept (Hutchinson, 1957), which assumes a unimodal response curve
with an ecological optimum of species with respect to the climate variable considered. Hence,
species assemblages can be used to infer climatic conditions of a particular area and time
period (Birks & Simpson, 2013). This modeling approach has been one of the most widely
used methods to reconstruct terrestrial paleoclimates (Chevalier et al., 2020). In
paleoclimatology, a transfer function is established by finding the relationship between
species assemblages and a specific climate variable for a training dataset from present-day
assemblages (Salonen et al., 2011). This function is then used to reconstruct past climates

from fossil assemblage data (Salonen et al., 2011). This principle can be applied more

8
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broadly to climatic variables, which can be inferred from the assemblage in the training set
during a specific time period. This can then be used to infer climatic conditions from
assemblages during other periods of time (Bertrand et al., 2011; Riofrio-Dillon, Bertrand, &
Gégout, 2012).

We built our transfer function by first establishing the relationship between species in the
assemblages and temperature using the Baseline period (1950-1979) as the training dataset,
and then inferring the floristic temperature from the assemblages during the Historical (1905—
1949) and Contemporary periods (1980-2007). To minimize geographical bias when making
the transfer function, we only used assemblages that were at least 500 m apart. We also
used NMDS to detect and remove any unusual assemblages (we identified and removed two
outlying assemblages) before using the Baseline subset to create the transfer function. To
estimate the floristic temperature, we used weighted averaging partial least squares (WA-
PLS) (ter Braak & Juggins, 1993), which is a powerful inverse approach widely used to
reconstruct climates in paleoecology (Liu, Prentice, ter Braak, & Harrison, 2020; ter Braak &
Juggins, 1993). The performance of the transfer function models was assessed by leave-
one-out cross-validation. We selected the most significant component with the lowest root
mean square error of prediction (RMSEP), the highest R?, and the lowest maximum bias (Liu
et al., 2020). We also evaluated weighted averaging (WA) with different deshrinking
(classical, inverse, or monotonic) techniques following Bhatta, Birks, Grytnes, & Vetaas
(2019) but these did not improve the model. The transfer function analysis was performed
using the IXTWAPLS package (Liu et al., 2020).

One issue with WA-PLS is that estimated values based on the training dataset tend to be
higher than observed values at the low end of the temperature range, and lower at the high
end (Liu et al., 2020). To address this bias, we removed assemblages with extreme
temperatures in the prediction phase and only included assemblages in the climatic
temperature range between -2.5 and 8.5°C (Figure S5). As a result, the final dataset consists
of 16,351 assemblages (Historical subset: 6,094 assemblages, Baseline subset: 4,049
assemblages, and Contemporary subset: 6,208 assemblages). Since the overestimation at
both ends persisted in the residuals, we subsequently used the residuals of the WA-PLS
model to fit a local nonparametric regression (LOESS) with a span of 0.75 to correct for the
remaining bias in the used temperature range. Finally, we corrected the predictions of the
WA-PLS using the difference between the residuals from the WA-PLS and LOESS models
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to infer the floristic temperature (Figure S5). This procedure was then used to estimate the
floristic temperature for each assemblage in the full dataset.

As a proxy of thermophilization we calculated the floristic temperature anomaly as the
difference between the floristic temperature and baseline temperature within a 1 km? grid cell
(mean MAT19s0-1979) for each assemblage (Figure 1f). A positive value indicates an increase
in the floristic temperature (meaning increasing number of thermophilic species and/or a

decrease of cold-adapted species) compared to the baseline period (1950-1979).

To estimate the presence and magnitude of thermal lags, we calculated a thermal lag index
for each assemblage represented by the difference between the estimated floristic
temperature and the observed macroclimatic temperature for the sample year (i.e. the
average for the five years prior to sampling) (Figure 1f). The thermal lag index will be zero
when the relationship between plant assemblages and climate during the Contemporary
period (1980-2007) is the same as during the Baseline period (1950-1979). A positive
thermal lag index would be found when the floristically inferred temperature is lower than the
observed temperature, and indicates that plant assemblages lag behind the estimated
warming (Bertrand et al., 2011). Note that with this approach the observed temperature
difference between the baseline temperature and the observed temperature at the year of
sampling is equal to the sum of the floristic temperature anomaly and thermal lag.. This
means that the variation we observe in thermal lag will be 100% explained by a model
containing the floristic temperature anomaly and the observed temperature change.
Additionally, the transfer function, predictions, and comparison with observed temperatures
are all based on macroclimatic data with a resolution of 1 km, meaning that the thermal lag
index is a macrothermal lag. A microthermal equilibrium might still be a possibility with a large
microclimatic heterogeneity within the 1 km cells, even if a large macrothermal lag is

observed.

Temporal analysis of floristic temperature anomaly and thermal lag

Prior to the analyses of what causes the magnitude of lags in the Contemporary period, we
assessed the temporal trends of floristic temperature anomaly and thermal lag indices during
the full study period (1905-2007; Figure 1g). Because different geographic areas have
warmed differently within Norway, the overall temperature trend is not directly comparable
with the average floristic temperature anomaly (or thermal lag) trends using all samples. To

be able to compare these trends with the overall temperature trend for Norway, we therefore

10



318
319
320
321
322
323
324
325
326
327

328
329
330
331
332

333

334
335
336
337
338

339
340
341
342
343
344
345
346
347
348
349

first removed potential spatio-temporal bias in the distribution of the assemblages. To do so,
we divided Norway into seven geographical zones (Figure S7) and five-year time intervals
and performed a stratified random sampling of five assemblages from each zone and time
interval. Next, we assessed the temporal variation of the floristic temperature anomaly and
the thermal lag using a generalized least square (GLS) model using the spatio-temporal bias-
corrected dataset. To explore any non-linear trends, we also visualized any trends by fitting
generalized additive models (GAMs) with a logit link and smooth functions of k=4. After
comparing the temporal trend of the thermal lag based on the uncorrected vs. bias-corrected
dataset (see Figure S8 a vs. b, respectively) we performed all analyses showing the temporal
trends with the latter dataset.

Determinants of thermal lag in the contemporary period

By using the Contemporary subset, we assessed the relationship between the thermal lag
index of each assemblage and (a) baseline temperature conditions, (b) temperature-change
velocity, (c) topographic heterogeneity at fine landscape scales, and (d) habitat type (forest

cs non-forest cover) (Figure 1h).
Macroscale

(a) Baseline temperature conditions: Previous research has shown baseline MAT to be an

important determinant of thermal lags in plant assemblages (Bertrand et al., 2016).
Therefore, we computed baseline temperature conditions from CHELSA as the average of
MAT1950-1979 Values, i.e. 30-year average normally used to capture long-term climatic

conditions.

(b) Temperature-change velocity: To represent the velocity of temperature change, we

calculated three different variables, namely (i) distance to past analogous thermal
conditions, (ii) magnitude of temperature change, and (iii) rate of temperature change.
Distance to past analogous thermal conditions was calculated by first identifying the
temperature of the point of the assemblage at the time of sampling (as a five-year average
before sampling) and then quantified the minimum Euclidean geographic distance to a
location with the same temperature during the period of 1969-1979. The calculated
distance represents the distance species have to migrate to encounter the same
temperature as they had before global warming and is influenced by the magnitude of
temperature change and broad-scale topographic heterogeneity. Distances were calculated

using the R-package nngeo (Dorman, Rush, Hough, Russel, & Karney, 2020). The

11
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magnitude of temperature change was estimated as the temperature change over time
since the baseline period (i.e. since 1979). We estimated the rate of temperature change

as:

Temp (survey year) — Temp (reference year)

Rate of temperature change =
survey year — reference year

where Temp (reference year) is the average temperature during the Baseline period (1950—
1979) at each assemblage location, and reference year is set to 1979. Temp (survey year) is
the 5-year average prior to the survey year for each assemblage location, and survey year is
the year of sampling for each assemblage. The outcomes represent thermal rate of change
since 1979.

Fine-scale

(c) Topographic heterogeneity at fine landscape scales: Here we calculated the following

topographic variables: (i) mean elevation, (ii) terrain ruggedness index (ruggedness), and (iii)
Shannon index of geomorphological landforms. We derived these variables from the 25-m
resolution DEM obtained from the Copernicus Program (Copernicus, 2016). Although mean
elevation is not a direct measure of topographic heterogeneity, we included this variable as
heterogeneity tends to increase with increasing elevation (Figure S10). We calculated the
latter two variables by applying the methodology proposed by Amatulli et al. (2018). Terrain
ruggedness measures the spatial variability in elevation and is estimated by the mean of the
absolute differences in elevation between a center cell and its eight surrounding cells, i.e. this
is a measure of heterogeneity within 3 x 3 grid cells (75 x 75 m) around the location of the
sampled assemblage (Riley, DeGloria, & Elliot, 1999). Here, flat areas have a value of zero,
whereas topographic heterogeneous areas have positive values (Amatulli et al., 2018). The
Shannon index of geomorphological landforms categorizes the spatial variability within a
certain area with the relative proportion of grid cells covered by landform types within a 3 x 3
window (75 x 75 m). Landform types include flat, peak, ridge, shoulder, spur, slope, hollow,
foot slope, valley, and pit (Amatulli et al., 2018). For this study and following Amatulli et al.
(2018), the Shannon index represents the diversity of the land types in a 10 x 10 window (250

meters); higher values indicate a higher diversity of landforms (Amatulli et al., 2018).

(d) Habitat type (Forest vs-non Forest cover) : By using the Corine Landcover (CLC) for

Norway (NIBIO, 2021), we determined for each assemblage whether its location concurred

with the vegetation type classified as forest. We included the following CLC as forest cover:

12
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“Forest” and “Shrub and /or herbaceous vegetation”. We assessed if setting the limit at
different forest types (as defined by CLC) had an impact on the GLS models but found that

this is not the case. Therefore, we include all the landcover types already mentioned as forest.

To define the relationship between the thermal lag index and the above-mentioned variables,
we used GLS models. Using the assemblages’ locations, we fitted different spatial correlation
structures to account for spatial autocorrelation. The exponential spatial correlation with a
nugget effect was selected based on its performance given by the Akaike information criterion
(AIC) and spatial autocorrelation in residuals. Even after this step, a low degree of spatial
autocorrelation remained in the residuals (Figure S11). We test-ran a limited number of
models without any spatial autocorrelation but demands on computer resources multiplied
manifold without substantial change in the outcomes. In addition, small levels of
autocorrelation in the residuals do not necessarily indicate a critical issue in the model fitting
(Beale, Lennon, Yearsley, Brewer, & Elston, 2010). We, therefore, opted to accept the low

degree of spatial autocorrelation as depicted in Figure S11.

We used the Contemporary dataset (1980-2007) to assess each explanatory variable
separately (Figure 1h). When evaluating the univariate models, we included the year of the
assemblage sampling as a covariable to account for the temporal variation in the thermal lag
prior to testing of each variable. We subsequently built three multivariate models. The first
one focuses on the macroscale baseline temperature and temperature-change velocity (i.e.
rate of temperature change and distance to past analogous thermal conditions). The second
one includes the above variables plus the magnitude of temperature change. In this model,
we excluded year as an explanatory variable due to its high correlation with the magnitude of
temperature change (Spearman’s r coefficient > 0.6, Figure S12). The third model focuses
on the fine-scale topographic heterogeneity (i.e. mean elevation, ruggedness, Shannon index
of landforms) and forest cover. Finally, we built a full model including all variables, but since
rate of temperature change and magnitude of temperature change were highly correlated,
we built two different models each including all the explanatory variables but one of either of
the temperature-change variables. We assessed the goodness-of-fit for each GLS model
through AIC where we gave preference to models with the lowest values of AIC. As a
measure of goodness-of-fit, we computed the R? likelihood-ratio using the rr2 package (lves
& Li, 2018). Note that correlation values among all our explanatory variables included in each

of the full models did not exceed a Spearman’s r coefficient of 0.6 (Figure S12).
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We conducted all data handling and analyses, and the creation of figures in the programming
environment Rv.4.2.0 (R Core Team, 2021). All GLS models were developed using the nime
package (Pinheiro, Bates, DebRoy, & Sarkar, 2020). Other R-packages used for data
handling and extraction and graphical visualization are: tidyverse v.1.3.1 (Wickham et al.,
2019) , raster 3.5-15 (Hijmans, Robert J. ; van Etten, 2012), sf v.1.0-9 (Pebesma, 2018), and
ggpubr v.0.4.0 (Kassambara, 2020).

3| RESULTS

Temporal trends of observed temperature and break-point (Figure 1c)

We find a constant increase in temperature since the beginning of the century (1905-2007,
9.8x1073°C yr1, 95% confidence interval (Cl): 0.005-0.014), with an endpoint of 1.77°C for
2007 compared to the overall mean of the baseline period (Figure 2a). The break-point
analysis suggests one break-point in 1988. The temperature was relatively stable from 1900
until 1988 (-7.2x10°°°C yr1, 95% CI: -0.008—0.005). From 1988, we find a temperature break-
point followed by a steep increase in temperature afterward (linear regressions indicate that
average temperatures in Norway increased by ~ 2.24 x 102°C yr?, (Cl: -0.02-0.07) Figure
2a. The decade before 1988 was relatively cold, with the coldest five-year average occurring
during 1980.

Transfer function and floristic temperature reconstruction (Figure 1e-f)

The transfer WA-PLS regression was built using the Baseline subset (1950-1979) which
included 4,109 plant assemblages and 1,111 species. The second component of the WA-
PLS model has the smallest RMSEP (1.48), the highest R? (0.73), and the lowest maximum
bias (8.19). The model performance and comparisons are summarized in Table S2, and a
scatter plot of the observed temperatures (MAT) against estimated floristic temperatures and
their residuals is shown in Figure S5. Trimming the temperature edges and the correction
fitting of the LOESS significantly improved the relationship between MAT and floristic
temperature for the baseline dataset (R? reached 0.85). The method used here is built on the
assumption that the plant assemblages are in approximate equilibrium during the period used
to train the model (i.e. the Baseline period during 1950-1979). To evaluate this assumption,
we tested for possible temporal trends in the thermal lag index during the Baseline period,

but no statistically significant trend was found (Figure S13).
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Temporal trends in floristic temperature anomaly and thermal lag index (Figure 19)

A linear regression indicates that the floristic temperature has an increasing trend with time
since the beginning of the 20" century, with a slope of 0.003°C yr! (Figure 2b; SE=9 x 10
4, R?=0.067, p<0.001). Looking at the contemporary period only (1980-2007), this trend is
more pronounced with 0.010°C yr! (SE=0.005, R?=3.03 x 10°3).

We identified a weak but linear increase in the thermal lag index with time since the beginning
of the century (estimated slope = 0.0049 yr, R?=0.079, Table 1; Figure 2c). During the
Contemporary period (1980-2007), the thermal lag index further increased to an average of
0.0493 °C yr* (SE=0.005, p<0.001; Table 1). The GAM regression reveals that both the
floristic temperature anomaly and the thermal lag index crudely follow the temperature
oscillation during the 20" century (Figure 2a). When temperatures were particularly cold
(until the end of the 1920s), we find negative floristic temperature anomaly. However, the
temperature cooling in this period was still larger than the floristic temperature, and we
observe a small negative thermal lag in the same period (Figure 2c). Floristic temperature
followed temperature increases during the 1930—40s, and for this time period we do not see
a thermal lag as the index was close to zero. However, these two events were minor
compared with the steadily increasing trend after 1988 (Figure 2). According to the additive
model, floristic temperature anomaly and thermal lag have increased monotonically since
1988 (Figure 2 b,c) with an acceleration towards the beginning of the 215t century. For the
endpoint year (2007), the linear models and GAMs suggested a floristic temperature anomaly
of 0.37°C and 0.60°C and thermal lag of 0.27°C and 0.51°C, respectively.

Variables influencing floristic temperature anomaly and thermal lag (Figure 1h)

The variations in the floristic temperature anomaly and the thermal lag index during the
Contemporary period (1980-2007) are influenced by different variables. On a macroscale,
the magnitude of temperature change alone has a strong positive influence on both the
floristic temperature anomaly (estimated slope=0.27, R?=0.085, p=<0.001, Figure 3a) and
the thermal lag index (estimated slope=0.70, R?=0.076, Figure 3d, Table 2). Hence,
assemblages located in areas with high temperature change experienced both higher floristic
temperature and larger thermal lags, and our analyses indicate that approximately 30% of
the warming is captured by the floristic temperature anomaly, while the remaining 70%

remains as thermal lag.
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From the univariate models accounting for time, we observe a positive relationship (Table 2)
between the thermal lag index and distance to past analogous temperatures (estimated
slope=0.14, p<0.001 Figure 3b, Table 2), rate of temperature change (estimated slope=2.13,
p<0.001, Figure 3c, Table 2), and the baseline temperature (estimated slope=0.02, p<0.001,
Figure 3e, Table 2). Hence, larger thermal lags are found in areas i) that are further away
from past analogous thermal conditions, ii) that have a higher rate of temperature change,
and iii) have warmer baseline conditions. The multivariate model to explain thermal lags for
variables related to temperature-change velocity includes time, distance to past analogous
thermal conditions, rate of temperature change, and baseline temperature (R>=0.126, Table
2).

At a final scale (Figure 1h), topographic heterogeneity explains a lower fraction of the
variation in the thermal lag index compared to the temperature-change velocity variables.
Including time in the univariate models, we found significant negative relationships between
the thermal lag index and terrain ruggedness (estimated slope=- 6.30 x 103, p<0.001, Figure
3f, Table2), suggesting that assemblages have a larger thermal lag in less rugged terrains.
For both geomorphological landform diversity (Figure 3g, Table 2) and elevation (Figure
3h), the relationship with the thermal lag index is not statistically significant (p>0.05). We
detect a significant difference in the lag index between forested and non-forested areas with
non-forested areas having on average 0.11 degrees larger lag than forested areas (p <0.001,
Figure 3i, Table 2). The multivariate model combining the variables for topographic
heterogeneity and forest cover has an R? of 0.042 (Table 2) and includes time, elevation,

Shannon index for landforms, ruggedness, and forest cover.

The full model including all the variables explains around 14% of the variance. Looking at
the marginal contribution (i.e. the contributions after all other variables in the model are
included) of the individual explanatory variables reveals that only magnitude of temperature
change and distance to past analogous thermal conditions have statistically significant
marginal contributions to the variation in the thermal lag index (Table 3). None of the
variables relating to topographic heterogeneity and forest cover explain a unique proportion
of the variance in this model, as indicated by the p-values associated with the marginal

contributions (Table 3).

4 | DISCUSSION
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Our analyses show that temperature in our study area has increased significantly since the
onset of the 20th century, and floristic assemblages have experienced clear thermophilization
(increase in floristic temperature compared to the baseline period) but also a strong lag in
this period. Both the floristic temperature increases and the temperature increase were most
pronounced in the period after 1980. However, the observed increase in floristic temperature
fails to keep track of the concurrent regional changes in temperature, resulting in a steadily
increasing thermal lag of species assemblages since 1980. Our thermal lags are consistent
with previous studies around the world for both terrestrial and marine organisms (Lenoir et
al., 2020), in different ecoregions across the Americas (Feeley et al., 2020), mountain forests
in Taiwan (O’Sullivan, Ruiz-Benito, Chen, & Jump, 2021), and the European Alps (Rumpf et
al., 2018).

Our study provides the first evidence on how a thermal lag can change during a longer time
period and supports the findings of Lenoir et al. (2013) that high latitudes have an increasing
thermal lag over time. Our finding also adds to the mounting evidence that contemporary
thermophilization of plant assemblages is occurring across different vegetation types around
Europe (Bertrand et al., 2011; Gottfried et al., 2012; Grytnes et al., 2014; Steinbauer et al.,
2018). In comparison to other studies, our detected thermophilization (0.010°C yr?, 1980—
2007) is similar to other studies (e.g. 0.02°C in forest lowlands, 1965-2008, Bertrand et al.
2011) or somewhat lower (e.g. 0.08 to 0.10°C in forest, 1995-2015, Richard et al., 2021).
Our results indicate that the magnitude of temperature change plays a key role in both
thermophilization and thermal lag of plant assemblages, an observation which is in
accordance with other studies (De Frenne et al., 2013; Feeley et al., 2020). We also
demonstrate that after 1980, the magnitude of thermal lags has a clear spatio-temporal signal
related to the temperature-change velocity, as we find that distance to past analogous
thermal conditions as well as magnitude and rate of temperature change significantly matter
in modulating thermal lags. In agreement with previous studies, our results also show that
thermal lag appears to be considerably larger under warmer conditions (e.g. Bertrand et al.,
2016; Lenoir et al., 2020; Richard et al., 2021).

Thermal lags can be caused by migration lags or extinction lags. Although it is challenging to
disentangle migration and extinction lags for the current analyses, the positive relationship
between thermal lags and distance to past analogous thermal conditions found in our study
suggests that migration distance plays a role in causing thermal lags. The evidence

presented here may therefore suggest that plant assemblages are too dispersal limited to
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keep up with the contemporary temperature-change velocities. How migration distance
influences thermal lags remains, however, poorly studied under current climate warming.
Studies from the European mountains (e.g. Grytnes et al., 2014, Rumpf et al. 2018) failed to
find a clear relationship between range shifts and traits associated to species’ dispersal

capacity (i.e. the degree by which species persist in their range area).

Contrary to our initial expectation, fine-scale topographic heterogeneity and forest cover show
a less consistent and generally weaker relationship to our estimates of thermal lags than
variables associated with temperature-change velocity. Earlier studies have indicated that
microclimatic refugia in topographically heterogeneous terrains can facilitate the persistence
of species outside their ‘ideal’ macroclimatic niche (De Frenne et al., 2019; Graae et al.,
2018), resulting in the detection of longer macrothermal lags. Nevertheless, based on the
topographic variables used, we find no supporting evidence for an important role for
microclimatic refugia in creating macroclimatic thermal lags (Figure 3 f-h). This is also the
case when considering the buffering effects of forest canopy (Richard et al., 2021; Zellweger
et al., 2020), potentially creating a higher perceived thermal lag in forested areas when
considering the relationship between species assemblages and macroclimate. When looking
at the differences between areas with forest canopy vs non-forested areas, we actually find
the opposite pattern with a significantly greater lag in non-forested areas. One possible
explanation of this discrepancy may be that a large part of our non-forest areas are from
arctic-alpine areas, which generally have a higher number of long-living species compared
to forest. Furthermore, the species response in these areas may also be slowed down by
other factors, such as soil development or land use (Rumpf et al., 2018). In this context, we
also note that we do not find any relationship with elevation, but this may be because the
effects of long-lived species and soil development may be counteracted by the effects of

distance to past analogous temperatures, which, in general, will be shorter in mountain areas.

It is important to note that our dataset includes a broad spatial and temporal extent, as well
as different types of vegetation, resulting in significant variation in the floristic temperature
anomalies and thermal lags. This data heterogeneity might be reflected in the low predictive
power of the models. However, we argue that regardless of the heterogeneity of the data,
empirical studies such as presented here can assess and estimate temperature-change

velocity and its ecological importance at the community level.
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For many plant species it is unknown how much thermal flexibility remains in their niche space
to respond to changing temperatures (Jackson & Sax, 2010), hence it is difficult to know when
(or if) the thermal debt will be paid off. Since global warming began several decades ago, we
could expect to see some signs of species assemblages catching up with temperature
increases, and that thermal lags would stabilize or decrease (‘assemblage self-regulation’)
(Blonder et al., 2015). However, after an initial warming phase and a slow vegetation
response at the beginning of the Contemporary period (Figure 2), we do not detect any trend
suggesting a slowdown or decrease, even after more than 20 years of warming. On the
contrary, we detect an accelerating lag towards the present, suggesting that temperature
change continues to outpace plant assemblages’ responses, as found for understory plants
in France (Bertrand et al., 2011; Richard et al., 2021).These findings trigger the question of
whether such thermal debts will continue to accumulate, pushing assemblages to potentially
critical breakpoints for ecosystem functioning (Alexander et al., 2018; Bertrand et al., 2016;
Lenoir et al., 2020), or whether other mechanisms are at play that will prevent loss of species

and consequently ecosystems.

Our chosen approach using transfer functions allowed us to gain new insights into the nature
and magnitude of vegetation thermal lags in the face of global warming. This approach has
previously been tested and used to study the effect of environmental change (Bertrand et al.,
2011; Riofrio-Dillon et al., 2012). One of the major assumptions of this approach is that there
is an approximate equilibrium between floristic temperature and observed temperature during
the period used for model calibration (our Baseline period). Since we have a dataset covering
multiple decades and across different geographical areas, we could confirm that species
assemblages in the baseline datasets were in a relatively stable equilibrium before the recent
global warming (Figure S13). It is also reassuring that our analyses reveal both floristic
temperature anomaly and thermal lag responses in the period prior to our Baseline period
(Historic period, 1905-1949), and that we find a negative lag when temperatures were
particularly colder (during the 1920s) and a positive lag when temperatures were warmer
(during the 1930—40s) (Figure 2). Nevertheless, these deviations are still substantially smaller
than those observed during the Contemporary time period. It is also important to consider
that as long as we account for observed temperature change, it is equally valid to understand
the described correlations with thermal lag as the correlation with the floristic temperature

anomaly.
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Assemblages are composed of individual species that respond to changes in their
environment depending on their niche requirements. Hence, species do not necessarily
respond synchronously in space and time to warming. However, our results suggest a
generalized species response to temperature-change velocity. Including abundance data and
functional groups might help to give a more detailed picture of the shifting dominance of
functional groups and species within assemblages and subsequently to understand the
consequences of assemblage reorganizations in response to global warming (Kullman, 2004;
Rumpf et al., 2019). Finally, we highlight that, although we focus in our study on temperature
change, combined effects with other climatic factors, such as precipitation (Feeley et al.,
2020) or vegetation structure (Richard et al., 2021) and non-climatic factors, such as land-
use change or populations dynamics (Bertrand, 2019), are needed in future studies to

achieve a holistic perspective of drivers of the thermal lags in plant assemblages.

5| CONCLUSIONS

Lagged responses in plant assemblages have a profound impact on vegetation functioning
and ecosystem dynamics. Overall, we find an increasing floristic temperature anomaly (i.e.
thermophilization) of the Norwegian plant assemblages during the last century, but also an
increasing thermal lag as global warming outpaces species response. Additionally, our
results suggest that thermal lags are associated with different dimensions of temperature-
change velocity on a broad landscape scale. More specifically, our study shows that the
magnitude of thermal lags depends on the additive effect of temperature-change velocity,
distance to analogous thermal conditions, baseline temperatures, and the length of time over
which the temperature change occurs. These factors might limit species’ range shifts to keep
track of their thermal niche under changing climate conditions and can result in increasing
lags due to migration distance and low thermophilization. However, it remains uncertain how
large the thermal lag can increase over time before critical tipping points are reached that
threaten vegetation and ecosystem functioning. For instance, the observed thermal lag may
reflect that the species live in suboptimal thermal conditions, potentially making them
vulnerable to other factors, such as habitat fragmentation and destruction, or which could
hinder their mobility in the landscape. Our study exemplifies that thermal lags are the result
of very complex spatio-temporal processes. These responses need to be considered jointly

to be able to obtain solid risk assessments of biodiversity responses to global warming and
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to be able to predict the magnitude of critical consequences for ecosystems and human well-
being.
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TABLES

Table 1. Generalized least square models of the variation of plant assemblages’ thermal lags
related to time (year) for the whole period (1905-2007) and the contemporary period (1980—
2007) using the temporal-spatial corrected subset.

Period Year Obs R2

Estimates 4.9 x 103
1905-2007 Std error 9 x 10+ 3045 0.079
P-value <0.001
Estimates 4.9 x 1072
1980-2007 Std error  5.5x 103 850 0.093
P-value <0.001

Std error = standard error; Obs =number of assemblages included in the models.
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830 Table 2. Generalized least square models of the variation of plant assemblages’ thermal
831 lags related to temperature-change velocity, baseline temperature conditions, topographic
832  heterogeneity, and forest: time, distance to past analogous thermal conditions, rate of

833 temperature change, magnitude of temperature change and baseline temperature,

834  elevation, terrain ruggedness, geomorphological landform diversity, and forest cover.

Dist to
anzlscig Rate of Magnitude Baseline
Model Year b temp temp R2 AlC Obs
thermal temp
o change change
conditions
(log)

Estimates 0.038

1 Std error  0.002 0.041 19244
P-value <0.001
Estimates 0.038 0.142

2 Std error  0.002 0.014 0.054 20691
P-value <0.001 <0.001
Estimates 0.024 2.13

3 Std error  0.002 0.204 0.055 20683
P-value <0.001 <0.001
Estimates 0.701

4 Std error 0.030 0.076 20535
P-value <0.001
Estimates 0.038 0.022

5 Std error  0.002 0.006 0.041 20776
P-value <0.001 <0.001
Estimates 0.02 0.011 1.848 -0.011

6 Std error  0.003 0.017 0.230 0.015 0.126 19134
P-value <0.001 <0.001 <0.001 0.467
Estimates 0.079 0.646 0.013

7 Std error 0.015 0.032 0.006 0.082 20496
P-value <0.001 <0.001 0.041

6208

Temperature-change velocity and Baseline temperature conditions

Model Year Elevation Shannon Ruggedness E?)(/isrt

2
Landforms R AIC

Estimates 0.038 0

8 Std error  4.580 0 0.040 19246
P-value <0.001 0.656
Estimates 0.038 0.006

9 Std error  0.002 0.033 0.040 19246
P-value <0.001 0.85
Estimates 0.038 -0.006

10  Std error 0.002 0.002 0.041 19244
P-value <0.001 <0.001

11 Estimates 0.04 -0.11 0.042 20775

Topographic heterogeneity and
forest cover
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Std error  0.002 0.029

P-value <0.001 <0.001
Estimates 0.04 0 0.00 -0.001 -0.01

12  Std error 0.002 0 0.034 0.004 0.031 0.042 19249
P-value <0.001 0.511 0.896 0.100 0.728

835 Std error = standard error; Dist = distance; temp = temperature; Obs = number of assemblages included in the
836 models.
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837 Table 3. Generalized least square models of the variation of plant assemblages’ thermal
838 lags testing the relation with several potential determinants related to time, temperature-
839 change velocity, baseline temperature conditions, topographic heterogeneity, and forest
840  cover. The correlation values among all the determinants included in each of the full models
841 do not exceed a Spearman’s r coefficient of 0.6.

Model 13 Model 14
Determinant Estimates Std error P-value Estimates Std error P-value
Year 0.02 0.003 <0.001
Rate of temp change 1.87 0.230 <0.001
Dist analog past
thermal conditions 0.11 0.017 <0.001 0.04 0.018 0.020
(log)
Baseline temp -0.01 0.015 0.407 0.01 0.015 0.641
Ruggedness -0.01 0.004 0.115 -0.01 0.003 0.065
Shannon landforms -0.01 0.033 0.772 -0.00 0.033 0.828
Forest cover 0.01 0.032 0.714 -0.00 0.032 0.962
AEQIIEE T 070 0037  <0.001
change
R? 0.126 0.145
AIC 19138 19020
Obs 6208

842 Std error = standard error; temp = temperature; Dist = Distance (to); Obs = number of assemblages included
843 in the models.

844
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Figure 2 | a) Temperature anomaly for Norway since 1905. Deviation from overall mean of
1950-1979 mean. Black lines are linear and generalized additive model (k=4) regressions,
horizontal bright red line shows breaking point confidence interval (95% CI from 1983 to
1995). b) Temporal trends of floristic temperature anomaly based on the bias corrected
dataset. ¢) Thermal lag index of the bias corrected dataset. For b) and c) the black line is a
linear regression of the temporal generalized linear model; yellow line is a generalized
additive model. Vertical dashed lines mark the start of the current global warming period as
defined by the break-point analyses (1988).
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Figure 3| a) Relationship between magnitude of temperature change and floristic
temperature anomaly. Relationships between the thermal lag index and the following
predictor variables: b) Distance to past analogous climatic conditions (log-transformed), c)
Rate of temperature change, d) Magnitude of temperature change, e€) Baseline
temperature, f) Terrain ruggedness index, g) Shannon index of geomorphological
landforms, h) Elevation, and i) Forest cover. Lines represent the fit of the univariate
generalized least square (GLS) models (Table 3 and Table 4). Each point represents a
plant assemblage in the Contemporary dataset (1980—-2007). The color bars in a, ¢, and d
reflect the year of assemblage sampling.
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