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1 | INTRODUCTION

Unprecedented rates of environmental change worldwide have fu-
elled growing concern about how ecosystems will respond to these
changes (Sala et al., 2000). However, even in well-studied cases
where we have a fairly good understanding of changes over the past
several decades, forecasting future dynamics and describing future
states has proven difficult (Dietze et al., 2018). One key hurdle in
most empirical statistical models and many process-based models is
the assumption of stationarity that the current relationships among
system components will hold in the future, when in many cases data
actually exhibit non-stationarity (McKenzie & Littell, 2017; Turco
et al., 2018; Wolkovich et al., 2014). We define non-stationarity as
a change in the relationship, either in direction or magnitude (from
a significant relationship to no relationship and vice versa) between
variables over time. Such non-stationarity is often combined with
the additional hurdle of needing multivariate statistics such as prin-
cipal component analysis (PCA) to reduce the dimensionality of com-
plex datasets.

Changes in the global climate system are creating increasingly
non-analogue climate conditions (Garcia-Lépez & Allué, 2013), with
expectations of non-stationarity among climate drivers. Highly
coupled climate characteristics may begin to decouple, chang-
ing the relationships between drivers (Williams & Jackson, 2007,
Williams et al., 2007; Marino et al., 2011; Deng & Wei, 2015; Cook
& Wolkovich, 2016; Wu et al., 2018; Hao et al., 2019). For exam-
ple, temperature and drought used to be highly coupled in Europe
with drought conditions necessary for extreme heat generation; in
recent decades, this relationship has been decoupled, with extreme
heat events occurring without drought (Cook & Wolkovich, 2016).
This sort of decoupling complicates the assessment of ecological re-
sponse to the changing climate, as characteristics that could be once
treated as a suite of conditions now need to be treated as potentially
independent with possibilities for synergistic effects.

While we know that real-world data are rarely stationary, in-
corporating non-stationarity into model predictions is challenging
(Wilmking et al., 2020). It has proven both difficult to find suitable
alternative modelling approaches and difficult to determine which
key relationships to address, as non-stationarity can occur across
drivers, between a driver and response, or across responses,
and these relationships may change over space or time. Many
fields from meteorology (Hao et al., 2019) and hydrology (Jain &
Lall, 2001; Milly et al., 2008), to ecology (Foody, 2004; da Silva
Cassemiro et al., 2007; Wimberly et al., 2008), evolution (Squartini
& Arndt, 2008) and dendrochronology (Wilmking et al., 2020) are
beginning to address this issue. For example, Jain and Lall (2001)
used moving window regressions to assess non-stationarity in
flooding events over time. Yet, assumptions of stationarity re-
main commonplace (e.g. Cueto & Casenave, 1999; Estrada-Pefa
& Venzal, 2007; Jarema et al., 2009; Loarie et al., 2008; Palmer
et al., 2017; Pinto et al., 2011; Short & Trembanis, 2004; Silverberg
et al., 2013; Sousa et al., 2007; Voigt et al., 2003). It is thus crucial

for the field of ecology, to properly analyse and interpret data, to

address this issue via discussion, awareness, education and meth-
odological developments.

Here we explore how long time-series data can be used to iden-
tify non-stationary relationships among ecologically important cli-
mate characteristics, and how this identification of non-stationarity
may affect conclusions related to ecological response to climate
change. We specifically focus on long-term records of climate char-
acteristics at the Niwot Ridge Long-Term Ecological Research site,
a high elevation alpine ecosystem in the Front Range of the Rocky
Mountains in Colorado. In this system, changes in temperature,
precipitation and growing season length have occurred over the
37-year measurement period. We first ask whether these changes
can be considered as a stationary suite of coupled characteristics
relating to climate change using covariance-based analyses—moving
window principal component analysis (PCA) and moving window
correlations. We are not necessarily advocating for using PCA
over other methods, but rather are examining the assumptions of
a commonly used analysis and the potential impacts on results. We
then detail the consequences of different explanatory variable ap-
proaches that treat climate changes as a suite of coupled character-
istics or independently in predicting changes in alpine tundra plant
biomass over time. Lastly, we discuss approaches to better under-
stand the complexity of changes in climate variables, including the
value of univariate drivers as well as breakpoint analyses, in an ef-
fort to strengthen investigations of ecological responses to climate
over time.

The goal of this paper is to explore how to both incorporate the
complexities of climate change into ecological analyses while also
appreciating the challenges of covariance-based analyses of climate
variables over time. By examining a commonly used type of covari-
ance-based analysis, PCA, we hope to spur further discussion about
these broad analytical issues. While we expect that there is no one
tool or method to examine non-stationarity among co-occurring
climate drivers, it is critical—from both a statistical and conceptual
perspective—to treat climate change as a complex, multidimensional
and likely non-stationarity phenomenon when addressing key eco-
logical questions about how climate is driving ecological responses.

2 | MATERIALS AND METHODS

The data used in this analysis come from the Saddle Site of the Niwot
Ridge Long-Term Ecological Research site in the Front Range of the
Colorado Rocky Mountains (40.05°N, -105.59°W, 3,530 m eleva-
tion). Climate data have been recorded at this site since the 1950s.
Here we focus on climate data from 1982 to 2018, a period with more
complete data featuring additional variables not measured before the
1980s. Since this is an alpine ecosystem with a summer growing sea-
son, we mainly focus on summer (June-August) climate variables that
are important for plant growth. The following nine climate variables
were used in the analysis: mean summer temperature (meanT; mean
of mean daily summer temperatures), growing degree days (GDD;

number of degree days in June, July and August with a minimum daily
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temperature above 5°C), growing season length (GSL; number of days
in which the temperature never goes below -3°C for three consecu-
tive days), ice off date (IceOff; day of year when Green Lake 4, in the
valley adjacent to the Saddle Site, is clear of ice), potential evapotran-
spiration (PET; calculated from daily max and min temperatures and
daily precipitation, Gavin, 2019), moisture deficit (MD; calculated from
daily max and min temperatures and daily precipitation using the modi-
fied Thornthwaite index with a field capacity of 75, Gavin, 2019), first
day since May 1 with a 5-day running max temperature above 12°C
(Days12C), first day since March 1 with a 5-day running max tem-
perature above 5°C (Days5C) and total summer precipitation (Precip).
We chose the -3°C, 5°C and 12°C cut-offs as they are all biologically
relevant freezing or mortality thresholds for plants, pikas and trees,
respectively (Sakai & Otsuka, 1970; Sebastian et al., 2016; Stewart
et al., 2015). Moisture deficit serves as a drought index and we did
not use minimum or maximum temperatures as they were correlated
with mean temperature and are used as inputs to calculate other vari-
ables (e.g. GSL, GDD, Days5C, Days12C). Temperature data were re-
corded by a thermohygrograph (1982-1986), a Campbell Instruments
CR21X data logger (1986-2000), a Campbell Instruments CR23X data
logger (2000-2012) and a Campbell Instruments CR1000 data logger
(2012-2018). Precipitation data were recorded by a chart recorder
(1982-2018). Winter precipitation was corrected for overcatch as rec-
ommended by Williams et al., (1998) with a correction factor of 0.39.
Data were infilled when necessary following established methods at
our site and described in Niwot Ridge LTER public datasets on the
Environmental Data Initiative Website (https://portal.edirepository.
org/nis/browseServlet?searchValue=NWT).

To ask whether relationships among these key characteristics were
stationary across the 37-year time series, we conducted moving win-
dow PCA and moving window correlations. Moving window analyses
involve taking a subset (window) of the dataset of a particular amount
of time and then shifting the start point of the window one time point
at a time until the whole dataset has been covered by the window. It
thus involves performing many separate PC analyses and correlations
and then plotting and examining how the results change over time. We
define non-stationarity as a change in the relationship, either in direc-
tion or magnitude (from a significant relationship to no relationship and
vice versa) between variables over time. We conducted PCA on scaled
variables using the rda() function in the vecan R package (Oksanen
et al., 2019). Data were checked for linearity, an assumption of PCA,
by plotting all possible raw variable pairs. To assess how many compo-
nents to retain, we used parallel analysis (Horn, 1965) with the hornpa()
function in the HornPA R package; the magnitude of the eigenvalues in
our PCA compared to the parallel analysis suggested retaining the first
two components. For correlations, we used the cor.test() function in
the car package, using the Pearson method (Fox & Weisberg, 2019).
We did not exhaustively run all pairwise correlations but rather focused
on correlations between each variable and temperature (temperature
strongly and consistently loaded on PC1). We conducted the PCA and
correlations on the entire dataset, on 10-year windows of data, and
on 15-year windows of data. We chose these window sizes to balance

having enough data within each window (i.e. more years than variables)

and having enough windows to examine the trends over time. For ref-
erence, these window sizes correspond to between a half and a quar-
ter of our total dataset and we used two window sizes to examine the
consistency of the results and ensure the results are not an artefact of
window size. For much longer datasets (e.g. hundreds of years tree ring
data), it is recommended to use at least 30-year windows (Wilmking
etal., 2020); longer window sizes are preferable because they are not so
affected by outliers. We developed these methods based on consider-
ation of the above points; there was no previous literature on methods
to set window length. While the direction of a variable loading on an
axis is necessary for interpretation, to analyse just the strength of the
loading of a variable onto a PCA axis, we extracted the absolute value
of the PC scores for each variable for each window. To formally assess
the non-stationarity in variable correlations and inform sub-setting
the dataset, we conducted a breakpoint analysis using the SEGMENTED
R package (Muggeo, 2008). We also conducted breakpoint analysis on
the individual climate variables over time to see whether breakpoints
in the individual variables drove non-stationarity. We fit linear mod-
els using zero, one, two and three breakpoints, and compared models
using the ANOVA() function in the sTats R package.

Our second objective was to determine the consequences of dif-
ferent explanatory variable approaches that treat climate changes
as a suite of coupled characteristics or independently in predicting
changes in alpine tundra plant biomass over time. Plant biomass is
defined as annual net primary productivity (ANPP) and data come
from 14 years of above-ground biomass clippings in five 0.2 m by
0.5 m wet meadow tundra plots also at the Saddle Site. Biomass data
were not collected yearly and are thus only available for a subset of
years for which we have climate data. We used linear mixed effects
models implemented with the Imer() function in the LmMe4 package
(Bates et al., 2015) to assess the relationships between plant bio-
mass and the first PCA axis (which assumes stationarity), versus
relationships solely based on independent climate characteristics
(temperature, growing degree days and growing season length), with
plot as a random factor (to account for repeated sampling). For these
mixed effects models, we report the conditional R? (R% ) and mar-

cond'
. 2(p2
ginal R (Rmarg

) values (Nakagawa & Schielzeth, 2013) as calculated by
the r2_nakagawa() function in the perrormaNCE R package (Lidecke
et al.,, 2020). As a follow-up to the breakpoint analysis, we also ran
separate models for the 1992-1995 time period, and 2008-2018
time period, which corresponded to periods of time in which climate
variables were coupled and decoupled. We also explored the cre-
ation and effectiveness of a new PC variable by calculating a mean
PC score for each year by averaging the PC scores of any moving
window containing that year, which is an attempt to integrate the
idea of non-stationarity into PC scores. All analyses were done in R
version 3.5.3 (R Core Team, 2019).

3 | RESULTS

Principal component analysis of all 37 years of data separated the

climate data into two principal axes that explained 71% (52.79% plus
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18.53%) of variation in the data. The first axis generally described
warming and extended growing season while the second axis de-
scribed moisture stress (Figure 1). The variable loadings (displayed as
vectors in Figure 1) suggested that temperature, GDD, ice off dates,
evapotranspiration, and days until 5-day running 5°C and 12°C are
all strongly associated with axis one while GSL was moderately as-
sociated with axis one (Table 1). Precipitation and moisture deficit
were strongly associated with the second axis (Table 1).

Ten-year and 15-year moving window PCA demonstrated that
temperature and GDD reliably loaded strongly onto axis one while
the other variables loading on axis one in the all-years PCA did
not reliably load on that axis across all moving windows (Figure 2,
Figure S1). This suggests non-stationarity in these climate data, par-
ticularly between temperature/GDD and the other variables. An al-
ternative explanation for such moving window PCA results is that,
if the amount of variation explained by certain variables changes,
the first and second axes in a particular window could potentially
be switched, or certain variables could be strongly correlated with
PC3 or other axes. Such switching is unlikely the case in our data,
as temperature and GDD always loaded strongly onto axis one. The
other variables sometimes loaded strongly on axis one, but this was
inconsistent, suggesting non-stationary relationships between those
variables and temperature or GDD. For example, across 10-year
windows GSL and days to 5-day running 5°C varied from a strong
loading (~0.75) in three windows to a very weak loading (~0) in three
windows. The temporal patterns of PC1 score fluctuations also dif-
fered across the variables (Figure S1). Some variables (Precip, MD,
Days5C) showed multiple fluctuations in their PC1 loadings while
other variables (Days12C, GSL) started with high loadings which
then decreased in windows starting in the 1990s before increas-
ing again. This visual non-stationarity was further evidenced and

1985
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®©
5 1996
< 1987
bt 1986 1994 2018
c
2 1982 2017 200 o
5 2009
2 o] . Daystzc 2000 2003
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PC1: 52.79% variation explained

FIGURE 1 Principal component analysis of nine summer (June-
August) climate variables over 37 years at Niwot Ridge, Colorado.
Points are years distributed in climate space; vectors indicate the
direction and extent of correlation between climate variables and
each axis. Variables and their abbreviations are defined in the
methods. Temp is the mean summer temperature

TABLE 1 Axes scores, loadings and correlations for the

nine climate variables for the first two principal components

in the full 37-year principal component analysis. The table is
sorted by absolute value of PC1 score. GDD = growing degree
days, Temp = mean summer temperature, PET = potential
evapotranspiration, Days12C = first day since May 1 with a 5-day
running max temperature above 12°C, lceOff = Green Lake 4
ice off date, GSL = growing season length, Days5C = first day
since March 1 with a 5-day running max temperature above 5°C,
MD = moisture deficit, Precip = summer precipitation. Loadings
were calculated with the scores() function in vegan with scaling
set to 0. Correlations between the ith variable and the jth PC
were calculated with the equation p; = a; (Aj/a,.,.)l/z, where a; is
the loading for the ith variable in the jth PC, 4 is the eigenvalue
associated with that PC and ¢; is the variance of the ith variable
(Cadima & Jolliffe, 1995) and can be above 1

PC1 PC2

Variable Score Loading Correlation Score Loading Correlation

GDD 132 043 1.02 -0.31 -017 -0.14
Temp 129 042 1.00 -044 -0.24 -0.20
PET 122 040 0.94 -0.21 -0.12 -0.10
Days12C -1.17 -0.38 -0.90 -0.09 -0.10 -0.04
lceOff -1.01 -0.33 -0.78 -0.24 -0.13 -0.11
GSL 090 0.29 0.69 -074 -040 -0.34
Days5C  -0.85 -0.28 -0.65 -042 -0.23 -0.19
MD 069 022 0.53 091 0.50 042
Precip -047 -0.15 -0.36 -118 -0.65 -0.54

confirmed by moving window correlational analysis of temperature,
GDD and GSL.

While temperature and GDD were strongly positively cor-
related throughout the study period (stationary relationship), the
correlation between temperature and GSL changed over time (non-
stationary relationship, Figure 3), becoming uncorrelated in the
1990s. The other six variables also exhibited non-stationary rela-
tionships with temperature, as correlations ranged from strong and
significant to weak and non-significant over time (Figure S2). We
use temperature and GDD as an example of a stationary relation-
ship and temperature and GSL as an example of a non-stationary
relationship. Breakpoint analysis identified two breaks in the tem-
perature and GSL correlation coefficients. For the 10-year windows,
breakpoints were at windows beginning in 1990 and 1997. For
15-year windows, breakpoints were at windows beginning in 1992
and 1994. Note that these breakpoints do not correspond with
changes in instrumentation. We also confirmed these results with
climate data from the nearby D1 climate station with more consis-
tent instrumentation to test for the potential influence of instru-
ment changes at the Saddle (Figure S3). Furthermore, correlation
results using Spearman correlations were consistent with the
Pearson correlations (Figure S4). Individually, temporal trends in
temperature and days to 5-day running 12°C both exhibited break-
points, which likely contributed to the non-stationarity in the PCA

and correlations (Figure S5).
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FIGURE 2 Moving window PCA of (a) 10-year windows (n = 28) and (b) 15-year windows (n = 23). The legend refers to window number,
where window 1 = 1982-1991 (10-year windows) or 1982-1996 (15-year windows). To facilitate comparison of the strength of loading of the
variables on each PCA axis, we show the absolute values of the first two axes scores of each variable calculated in each window. Variables
that load reliably on an axis are expected to have non-stationary relationships with variables with sometimes strong and sometimes weak
loadings on an axis
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and temperature and GDD from 1982 to 2018. Correlation coefficients are Pearson r values, and the significance of the correlations in

(a) and (b) are by either triangles (significant, p < 0.05) or circles (not significant, p > 0.05). While the sample size is smaller than the whole
dataset (n = 10 or 15 vs. n = 37), the trends in these graphs are not affected by sample size, as each point within each panel was calculated
on the same number of samples (10 or 15). To check that the result of the correlation coefficient dropping to ~0 in some windows was not an
artefact of the small sample size in the windows (i.e. 10 years or 15 years), we randomly selected 10 samples spread out across all decades of
the dataset for 500 trials and always found that r > 0.40 for temperature and GSL; thus, this result is driven by correlations over consecutive
years of data, not the smaller sample size
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FIGURE 4 Relationship between mean
(+SE) annual net primary productivity
(ANPP; i.e. plant biomass) and (a) PC1, (b)
mean summer temperature, (c) growing
degree days and (d) growing season
length. Lines are shown for significant
(Linear Mixed Effects Model, p < 0.05)
predictors. PC1 and GSL significantly
predicted ANPP while temperature and
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FIGURE 5 Relationship between mean (+SE) annual net primary productivity (ANPP; i.e. plant biomass) and (a) PC1, (b) mean summer
temperature (Temp), (c) growing degree days (GDD) and (d) growing season length (GSL) for the dataset divided into two subsets (1992-1995

and 2008-2018). Lines are shown for significant (Linear Mixed Effects Model, p < 0.05) predictors. Temp R?

=0.47,R?

marg

=0.16; GSL R?

cond

2
,=0.46,R

con marg

= 0.17. Dividing the data enables analysis of relationships between different predictor variables and a response variable for time

periods during which the different predictor variables are correlated and uncorrelated with each other. The division of the data into these

time periods was based on the breakpoint analysis

The purpose of examining these climate data for non-stationarity
is ultimately to understand relationships between climate and eco-
logical variables, in this case, plant production (above-ground bio-
mass). There was a significant positive relationship between the first
axis score of the PCA and plant biomass (Rfond =0.31, Riarg =0.04,
p = 0.01, Figure 4). Consistent with the moving window analysis
showing non-stationarity between temperature/GDD and GSL
(Figure 2), plant biomass was not significantly related to either mean
,=0.30, anarg =0.02, p = 0.05) or growing

= 0.01, p = 0.12, Figure 4) but was
related to growing season length (RfomI =0.31, Rﬁmg =0.04,p=0.01,
Figure 4). When the dataset was divided into two time periods, there

2
summer temperature (Rcon

2
,=029,R

marg

degree days (R?

con

were significant relationships between temperature, GSL and plant
biomass in the 1992-1995 timeframe and not the 2008-2018 time-
frame (Figure 5).

4 | DISCUSSION

Many studies in ecology involve the measurement of climatic and
other environmental variables and the analysis of the relationship
between those variables and the abundance, growth or distribution
of organisms. Such studies are especially important now to under-
stand how changing climate drivers are already impacting organ-
isms and ecosystems and to predict future changes. It has become
a frequent practice in ecology to conduct PCA or other covariance-
based approaches on tens of climate variables to use axes scores as
predictor variables in regression models with ecological responses
(e.g. Cueto & Casenave, 1999; Estrada-Pefia & Venzal, 2007,
Jarema et al.,, 2009; Loarie et al., 2008; Pinto et al., 2011; Short &
Trembanis, 2004; Silverberg et al., 2013; Sousa et al., 2007; Voigt
et al., 2003). It is also common for climatologists to use PCA to ana-
lyse climate data (Ehrendorfer, 1987; Huth & Pokorna, 2005; Tadi¢

et al., 2019). However, this method assumes not only linearity but

also stationarity in the climate data, an assumption that we tested
in this paper. While our climate variables were linearly related, the
assumption of stationarity (according to our definition, see methods)
was not met and clouded important conclusions about drivers of the
responses of our ecological variable, plant biomass. Below, we pre-
sent a decision-making tree for considering how to best use PCA or
other covariance-based approaches in temporal analyses (Figure 6).

The first thing to consider when deciding whether to use cova-
riance-based approaches is if they are critical to helping answer the
study questions or achieving the study goals, and if the data necessary
to meet the requirements of the method are available (Figure 6). If the
goal is to reduce the dimensionality of the dataset or develop a metric
that takes multiple variables into account, extracting PCA axes scores
and using them as predictor variables may be appropriate, or even
necessary if a suite of variables is at play and there is no one obvious
driver. For example, in our dataset, model selection with exhaustive all
subsets regression showed that multiple individual predictor variables
and combinations of predictor variables are very similar (within 2 AIC)
in their model fits for a given response variable (Table S1). When using
PCA, it is also important to conduct parallel analysis to decide how
many components to contain. If the goal is to delve into nonlinear
trends, examine interactions among variables or simply find the best
set of predictor variables, extracting PC scores is not appropriate. In
that case, PCA can still be useful for examining relationships among
variables and selecting uncorrelated variables across the whole time
period (Figure 6). However, as shown here, some variables may be cor-
related for only specific time periods so even in this case it could be
beneficial to conduct moving window PCA and correlations. In our
case, the goal was to develop a metric that described not just summer
warming, but a hotter, drier and longer summer, to use data from both
terrestrial and aquatic systems to inform this metric, and ultimately
assess the effects of climate on tundra primary production. After
conducting the PCA on all years of data, the first principal compo-

nent emerged as a potential ‘extended summer’ metric, as it included
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FIGURE 6 Decision-making process on
how to use PCA in an analysis involving a
time series of climate and ecological data.
MW = moving window, VIFs = variance
inflation factors. Other methods could
include, but are not limited to, generalized
additive models, polynomial models,
random forest models, all subsets

Climate & ecological
time series

—

. . )
Dimension reduction

Variable combination
Utilize all data sources
N\ J

Non-linear trends
Variable interactions
Best predictive model

or forward or backward stepwise 4 N
regressions, generalized least sum models, MWPCA
but it is outside the scope of this paper MW correlations
to compare and discuss all of these N\ Y,
methods [ Stationary ] [Non-stationary]
4 N N [ Y4 N\
. . Use PCA and VIFs to Use PCA and VIFs to
Parallel analysis iETEl EREED examine data & select || examine data & select
Extract PCA axes Extract PCA axes . .
variables variables
AN AN AN N\
v v v
4 (MW regression with PCA ) 4 . X ith N h
egression wit
Regression with | Sl A .
PCA scores Regression with mean PCA||  original variables Other methods
score for each year Breakpoint analyses
I\ _/ \__Breakpoint analyses / \_ VAN J

temperature, growing season length, and evapotranspiration and high
values on this axis corresponded to summers characterized by high
values of these variables (2002, 2012, 2018).

However, it is important to appreciate that climate variables may
be correlated for only specific time periods within a longer time se-
ries. Conducting moving window PCA and moving window correla-
tions (Figure 2, Figure 3) is one approach to address this possibility.
In our data, these analyses demonstrated that variables thought to
be strongly correlated with a PCA axis were not always strongly cor-
related with that PCA axis throughout the whole course of the data-
set, which could be caused by climate change and/or a combination
of interannual and interdecadal variation. In particular, the relation-
ship between growing season length and temperature was non-sta-
tionary, going from significantly correlated with relatively strong
correlation coefficients between 0.5 and 0.75 to not significantly
correlated with correlation coefficients near zero; this non-station-
arity was confirmed with breakpoint analysis and appeared to be
driven by a transition in the 1990s.

It is also important in any modelling framework to consider bio-
logical mechanisms that underpin the inclusion of a climate variable;
warmer temperatures do not necessarily lead to a longer growing
season length unless there are consecutive days of warmer tempera-
tures at the start and end of the growing season. Furthermore, spring
and fall temperatures may change at different rates than summer
temperatures. For example, studies have shown that climate change
and warming may actually increase temperature fluctuations in the
spring, which can lead to frost damage in plants (Gu et al., 2008;
Marino et al., 2011; Righby & Porporato, 2008), and these types of
dynamics are difficult to incorporate into models.

The issue of non-stationarity becomes especially problematic
when trying to interpret a PCA-derived metric in the context of

an ecological response. Thus, because of this non-stationarity, we

would either choose not to proceed with extracting axes scores and
regressing them with our ecological response (Figure 6, but we have
done so here for illustration) or try to incorporate the non-stationar-
ity into the models. For example, we found that wet meadow tundra
biomass increases significantly as the first axis of the all-years PCA
increases, suggesting that the warmer, drier, longer summer is ben-
eficial for plant growth in this particular ecosystem type. Without a
moving window PCA, the relationship would suggest that warmer
temperatures, more growing degree days, longer growing season
length, earlier ice off dates, less time to reach 5 days at 5°C or 12°C
and more evapotranspiration were all associated with increasing
biomass, or that one or a few of these variables drove increasing
biomass but could not be easily statistically isolated from the others.
The moving window PCA suggests that further partitioning is both
possible and advisable in light of non-stationarity, as only tempera-
ture and growing degree days reliably loaded strongly on axis one
over the all of the windows. Thus, we ran individual linear regres-
sions to see whether variables such as temperature, GDD and GSL
were also significantly related to biomass. Interestingly, the two vari-
ables most strongly correlated with the first principal component,
temperature and GDD, did not significantly predict plant biomass
while GSL did, although R? values were quite low for all variables.
Alternatively, we suggest two avenues to incorporate non-sta-
tionarity into the modelling framework (a) depending on the length
of the dataset, explore sub-setting the response variable into either
moving windows or different time periods based on the breakpoint
analysis and (b) calculating a new PC score predictor variable where
the value for each year is the average value of all of the moving win-
dows that contain that year. Note that the first method incorporates
non-stationarity directly into the analysis while the second method
seeks to indirectly take it into account by calculating a new variable.

In our dataset, for the first method we divided the biomass data into
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two timeframes—the first four years from 1992 to 1995 and the most
recent years 2008-2018, and conducted the same four regressions
with PC1, temperature, GDD and GSL. These subsets correspond to
a time period in which temperature and GSL were decoupling, and a
time period in which temperature and GSL were already decoupled.
In this particular case, these subsets were driven by the gap in our
data; in an ideal case with biomass data for every year, the breakpoint
analysis would have suggested breaking the dataset into 1982-1990,
1991-1997 and 1998-2018 periods. The results highlighted that
the trends in the data are driven by the oldest data, which contain
years with two of the coldest summers (Figure 5) but also show that
GSL and temperature can have the same relationship with biomass
when they are more tightly coupled. Interestingly, this method also
suggests non-stationarity between the predictor variable and the re-
sponse variable. This concept must be considered from an ecological
perspective (e.g. the relationship between temperature and biomass
could be non-stationary if plant species composition has changed or if
the plant species have evolved) as well as a data perspective (e.g. the
range of values for different time periods). For the second method,
we calculated a ‘non-stationary PC1' score which is, for each year,
the average PC1 score of that year across any moving windows that
contained that year. This essentially provides more data input into
a year's PC scores, compared to just one PCA of the whole dataset.
However, regressing this new metric against biomass yielded a similar
R? and p value as the original PC1 axis score; further work is needed
to determine if this is a viable solution in other datasets.

Our results highlight the difficulties in interpreting extracted PCA
axes scores and using them in subsequent analyses. In our example,
we used simple variable axes loadings to interpret the first two princi-
pal components, which is the commonly used default approach (Cueto
& Casenave, 1999; Dixit & Geevan, 2002; Pinto et al., 2011; Silverberg
et al., 2013; Sousa et al., 2007; Voigt et al., 2003). However, when dis-
cussing PCA axis interpretation at length, researchers have cautioned
against using simple axes loadings for axis interpretation (Cadima &
Jolliffe, 1995; Jackson, 1991; Jolliffe, 2002; Peres-Neto et al., 2003)
and have suggested calculating a correlation between an input vari-
able and an axis score. This correlation may or may not be as strong as
the axis loading because it also takes into account the variance of the
input variable and the component (Cadima & Jolliffe, 1995). While this
correlation is important to check, in our case the correlations match up
with the variable loadings such that temperature and growing degree
days are more correlated with PC1 than GSL (Table 1).

If there are certain variables of interest or a goal is to test inter-
actions between variables, or compare multiple models, it may be
better to select variables of interest and test them directly (Figure 6).
This is especially true if a variable of interest strongly loads on the
PCA axis. In this case, it would be best to simply run a regression be-
tween the response variable and the variable of interest. Focusing
on a limited number of focal variables also facilitates easier model
interpretation and allows for more effective exploration of nonlin-
ear trends including, but not limited to, running polynomial models,
generalized additive models, or broken stick regression models, or

testing for interactions among variables. PCA can still be a useful tool

to examine relationships and correlations between variables and help
select predictor variables for future regression analyses. For example,
to find the best combination of predictor variables of plant biomass,
we conducted all subsets multiple regression with the nine variables
(Table S1). This would not be feasible in a dataset containing tens or
hundreds of variables (for computational time, over fitting, or pro-
ducing many different equally good models), so PCA could be helpful
in selecting variables to input into multiple regression models. This
can be achieved by examining the effective visualization of variable
correlations that PCA provides and deleting variables that have simi-
lar principal component loadings or weak axes loadings. Other tech-
niques analysing multicollinearity such as variance inflation factors
(VIFs) may also be used in conjunction with PCA for deciding which
variables to remove (Alin, 2010; Jolliffe, 2002; Lafi & Kaneene, 1992).

Non-stationary data are widespread in ecology, yet assumptions
about stationarity are commonly violated. Part of the problem is a
lack of discussion on this topic, as well as development of alternative
analysis tools. Here, we have illustrated how non-stationarity among
climate drivers can lead to misinterpretation of results and presented
how moving window PCA, moving window correlation analyses, and
breakpoint analysis can be useful for understanding the data struc-
ture and interpreting results. We have also suggested several ways
to incorporate non-stationarity into the analysis. Future work should
test these ideas with different datasets and expand and refine them,
as we expect that each dataset will present its own complexities. We
conclude that PCA or other covariance-based approaches are helpful
tools for data exploration and dimension reduction, but caution must
be exercised in interpreting results from models that assume a con-
sistent relationship among variables through time. There is a critical
need to predict how climate drivers will affect organisms and eco-
systems. To successfully make such predictions, we must acknowl-
edge, and take into account, that interactions among the drivers may

be as complex as the interactions among the biotic responses.

ACKNOWLEDGEMENTS

This work was funded by the Niwot Ridge Long-Term Ecological
Research program (NSF DEB - 1637686). We thank members of the
2019 NSF external site review committee for helpful feedback on our
research program that helped inspire this manuscript. We thank all of
the Niwot Ridge LTER field technicians for collecting the climate data
used in this manuscript. We thank Laura Dee for helpful discussions
about the topics in this manuscript. We thank the editors and two

anonymous reviewers for their help improving this manuscript.

AUTHORS' CONTRIBUTIONS

C.P.B., C.T.W. and K.N.S. conceived the study; C.T.W., E.C.F. and
L.M.H. processed the data; C.P.B. led the writing of the manuscript
and performed the presented analyses. All authors contributed criti-
cally to the drafts and gave final approval for publication.

PEER REVIEW
The peer review history for this article is available at https://publons.
com/publon/10.1111/1365-2745.13572.


https://publons.com/publon/10.1111/1365-2745.13572
https://publons.com/publon/10.1111/1365-2745.13572

BUENO pe MESQUITA ET AL.

Journal of Ecology 1499

DATA AVAILABILITY STATEMENT

Raw climate and biomass data are available on the NWT LTER ar-
chives on the Environmental Data Initiative (https://portal.edire
pository.org/nis/browseServlet?searchValue=NWT), under the fol-
lowing Package IDs: knb-Iter-nwt.83.1, knb-Iter-nwt.78.3, knb-Iter-
nwt.416.10, knb-Iter-nwt.405.4, knb-Iter-nwt.16.4. Processed data
and R code are available on GitHub (https://github.com/cliffbueno/
Manuscripts/tree/master/MovingWindow) released
with Zenodo https://doi.org/10.5281/zen0do.4321409 (Bueno de
Mesquita et al., 2020).

and were

ORCID
Clifton P. Bueno de Mesquita https://orcid.org/0000-0002-2565-7100

Emily C. Farrer https://orcid.org/0000-0001-8003-8831

REFERENCES

Alin, A. (2010). Multicollinearity. Wiley Interdisciplinary Reviews:
Computational Statistics, 2(3), 370-374. https://doi.org/10.1002/
wics.84

Bates, D. M., Maechler, M., Bolker, B., & Walker, S. (2015). Fitting lin-
ear mixed-effects models using Ime4. Journal of Statistical Software,
67(1), 1-48. https://doi.org/10.1088/1742-6596/43/1/292

Bueno de Mesquita, C. P., White, C. T., Farrer, E. C., Hallett, L. M., &
Suding, K. N. (2020). Data from: Taking climate change into account:
non-stationarity in climate drivers of ecological response. Zenodo,
https://doi.org/10.5281/zenodo.4321410

Cadima, J., & Jolliffe, I. T. (1995). Loadings and correlations in the inter-
pretation of principal components. Journal of Applied Statistics, 22(2),
203-214. https://doi.org/10.1080/757584614

Cook, B. I., & Wolkovich, E. M. (2016). Climate change decouples drought
from early wine grape harvests in France. Nature Climate Change,
6(7), 715-719. https://doi.org/10.1038/nclimate2960

Cueto, V. R., & De Casenave, J. L. (1999). Determinants of bird species
richness: Role of climate and vegetation structure at a regional scale.
Journal of Biogeography, 26, 487-492. https://doi.org/10.1046/
j.1365-2699.1999.00299.x

da Silva Cassemiro, F. A., de Souza Barreto, B., Rangel, T. F. L. V. B,, &
Diniz-Filho, J. A. F. (2007). Non-stationarity, diversity gradients and
the metabolic theory of ecology. Global Ecology and Biogeography,
16(6), 820-822. https://doi.org/10.1111/j.1466-8238.2007.00332.x

Deng, W., & Wei, G. (2015). Decoupling of seasonal temperature and
precipitation over the western Pacific during the early mid-Holo-
cene. International Journal of Climatology, 35(5), 794-800. https://doi.
org/10.1002/joc.4009

Dietze, M. C., Fox, A., Beck-Johnson, L. M., Betancourt, J. L., Hooten, M.
B., Jarnevich, C. S., Keitt, T. H., Kenney, M. A, Laney, C. M., Larsen,
L. G., Loescher, H. W., Lunch, C. K., Pijanowski, B. C., Randerson, J.
T.,Read, E. K., Tredennick, A. T., Vargas, R., Weathers, K. C., & White,
E. P. (2018). Iterative near-term ecological forecasting: Needs, op-
portunities, and challenges. Proceedings of the National Academy of
Sciences of the United States of America, 115(7), 1424-1432. https://
doi.org/10.1073/pnas.1710231115

Dixit, A. M., & Geevan, C. P. (2002). Multivariate ordination approach
for identification of sub-regional homogeneities in Gujarat, western
India. Journal of Environmental Management, 62, 13-23. https://doi.
org/10.1006/jema.2001.0481

Ehrendorfer, M. (1987). A regionalization of Austria's precipitation cli-
mate using principal component analysis. Journal of Climatology, 7(1),
71-89. https://doi.org/10.1002/joc.3370070107

Estrada-Pena, A., & Venzal, J. (2007). Climate niches of tick species in the
Mediterranean region: Modeling of cccurrence data, distributional

constraints, and impact. Journal of Medical Entomology, 44(6),
1130-1138.

Foody, G. M. (2004). Spatial nonstationarity and scale-dependency in
the relationship between species richness and environmental deter-
minants for the sub-Saharan endemic avifauna. Global Ecology and
Biogeography, 13(4), 315-320. https://doi.org/10.1111/j.1466-822X.
2004.00097.x

Fox, J., & Weisberg, S. (2019). An R companion to applied regression (3rd
ed.). SAGE Publications.

Garcia-Lopez, J. M., & Allué, C. (2013). Modelling future no-analogue cli-
mate distributions: A world-wide phytoclimatic niche-based survey.
Global and Planetary Change, 101, 1-11. https://doi.org/10.1016/j.
gloplacha.2012.12.001

Gavin, D. (2019). Index of /~dgavin/software. Retrieved from https://
pages.uoregon.edu/dgavin/software/

Gu, L., Hanson, P. J,, Post, W. M., Kaiser, D. P,, Yang, B., Nemani, R.,
Pallardy, S. G., & Meyers, T. (2008). The 2007 Eastern US spring
freeze: Increased cold damage in a warming world? BioScience, 58(3),
253-262. https://doi.org/10.1641/b580311

Hao, Z., Phillips, T. J., Hao, F., & Wu, X. (2019). Changes in the depen-
dence between global precipitation and temperature from obser-
vations and model simulations. International Journal of Climatology,
39(12), 4895-4906. https://doi.org/10.1002/joc.6111

Horn, J. L. (1965). A rationale and test for the number of factors in fac-
tor analysis. Psychometrika, 30(2), 179-185. https://doi.org/10.1007/
BF02289447

Huth, R., & Pokorna, L. (2005). Simultaneous analysis of climatic trends
in multiple variables: An example of application of multivariate sta-
tistical methods. International Journal of Climatology, 25(4), 469-484.
https://doi.org/10.1002/joc.1146

Jackson, J. E. (1991). A user's guide to principal components. John Wiley &
Sons. https://doi.org/10.1158/1078-0432.CCR-12-2891

Jain, S., & Lall, U. (2001). Floods in a changing climate: Does the past
represent the future? Water Resources Research, 37(12), 3193-3205.
https://doi.org/10.1029/2001WR000495

Jarema, S., Samson, J., McGill, B., & Humphries, M. (2009). Variation in
abundance across a species' range predicts climate change responses
in the range interior will exceed those at the edge: A case study with
North American beaver. Global Change Biology, 15, 508-522. https://
doi.org/10.1111/j.1365-2486.2008.01732.x

Jolliffe, I. T. (2002). Principle component analysis. International Journal of
Clinical Monitoring and Computing (2nd ed., Vol. 2). Springer. https://
doi.org/10.1007/BF01884351

Lafi, S. Q., & Kaneene, J. B. (1992). An explanation of the use of prin-
cipal-components analysis to detect and correct for multicollinear-
ity. Preventive Veterinary Medicine, 13(4), 261-275. https://doi.
org/10.1016/0167-5877(92)90041-D

Loarie, S. R., Carter, B. E., Hayhoe, K., Mcmahon, S., Moe, R., Charles, A.,
& Ackerly, D. D. (2008). Climate change and the future of California's
endemic flora. PLoS ONE, 3(6), e2502. https://doi.org/10.1371/journ
al.pone.0002502

Lidecke, D., Makowski, D., Waggoner, P., & Patil, I. (2020). Assessment
of regression models performance. Zenodo, https://doi.org/10.5281/
zenodo.3952174

Marino, G. P, Kaiser, D. P, Gu, L., & Ricciuto, D. M. (2011).
Reconstruction of false spring occurrences over the southeastern
United States, 1901-2007: An increasing risk of spring freeze dam-
age? Environmental Research Letters, 6(2), 1901-2007. https://doi.
org/10.1088/1748-9326/6/2/024015

McKenzie, D., & Littell, J. S. (2017). Climate change and the eco-hydrol-
ogy of fire: Will area burned increase in a warming western USA.
Ecological Applications, 27(1), 26-36. https://doi.org/10.1002/eap.
1420

Milly, P. C. D., Betancourt, J., Falkenmark, M., Hirsch, R. M,
Kundzewicz, Z. W., Lettenmaier, D. P., & Stouffer, R. J. (2008).


https://portal.edirepository.org/nis/browseServlet?searchValue=NWT
https://portal.edirepository.org/nis/browseServlet?searchValue=NWT
https://github.com/cliffbueno/Manuscripts/tree/master/MovingWindow
https://github.com/cliffbueno/Manuscripts/tree/master/MovingWindow
https://doi.org/10.5281/zenodo.4321409
https://orcid.org/0000-0002-2565-7100
https://orcid.org/0000-0002-2565-7100
https://orcid.org/0000-0001-8003-8831
https://orcid.org/0000-0001-8003-8831
https://doi.org/10.1002/wics.84
https://doi.org/10.1002/wics.84
https://doi.org/10.1088/1742-6596/43/1/292
https://doi.org/10.5281/zenodo.4321410
https://doi.org/10.1080/757584614
https://doi.org/10.1038/nclimate2960
https://doi.org/10.1046/j.1365-2699.1999.00299.x
https://doi.org/10.1046/j.1365-2699.1999.00299.x
https://doi.org/10.1111/j.1466-8238.2007.00332.x
https://doi.org/10.1002/joc.4009
https://doi.org/10.1002/joc.4009
https://doi.org/10.1073/pnas.1710231115
https://doi.org/10.1073/pnas.1710231115
https://doi.org/10.1006/jema.2001.0481
https://doi.org/10.1006/jema.2001.0481
https://doi.org/10.1002/joc.3370070107
https://doi.org/10.1111/j.1466-822X.2004.00097.x
https://doi.org/10.1111/j.1466-822X.2004.00097.x
https://doi.org/10.1016/j.gloplacha.2012.12.001
https://doi.org/10.1016/j.gloplacha.2012.12.001
https://pages.uoregon.edu/dgavin/software/
https://pages.uoregon.edu/dgavin/software/
https://doi.org/10.1641/b580311
https://doi.org/10.1002/joc.6111
https://doi.org/10.1007/BF02289447
https://doi.org/10.1007/BF02289447
https://doi.org/10.1002/joc.1146
https://doi.org/10.1158/1078-0432.CCR-12-2891
https://doi.org/10.1029/2001WR000495
https://doi.org/10.1111/j.1365-2486.2008.01732.x
https://doi.org/10.1111/j.1365-2486.2008.01732.x
https://doi.org/10.1007/BF01884351
https://doi.org/10.1007/BF01884351
https://doi.org/10.1016/0167-5877(92)90041-D
https://doi.org/10.1016/0167-5877(92)90041-D
https://doi.org/10.1371/journal.pone.0002502
https://doi.org/10.1371/journal.pone.0002502
https://doi.org/10.5281/zenodo.3952174
https://doi.org/10.5281/zenodo.3952174
https://doi.org/10.1088/1748-9326/6/2/024015
https://doi.org/10.1088/1748-9326/6/2/024015
https://doi.org/10.1002/eap.1420
https://doi.org/10.1002/eap.1420

1500 Journal of Ecology

BUENO pe MESQUITA ET AL.

Climate change: Stationarity is dead: Whither water management?
Science, 319(5863), 573-574. https://doi.org/10.1126/science.
1151915

Muggeo, V. M. R. (2008). segmented: An R package to fit regression mod-
els with broken-line relationships. R News, 8/1, 20-25.

Nakagawa, S., & Schielzeth, H. (2013). A general and simple method
for obtaining R? from generalized linear mixed-effects models.
Methods in Ecology and Evolution, 4(2), 133-142. https://doi.org/
10.1111/).2041-210X.2012.00261.X

Oksanen, J., Blanchet, F. G., Friendly, M., Kindt, R., Legendre, P.,
McGlinn, D., Minchin, P. R., O'Hara, R. B., Simpson, G. L., Solymos,
P., & Stevens, M. H. H. (2019). vegan: Community ecology package.
https://CRAN.R-project.org/package=vegan

Palmer, G., Platts, P. J., Brereton, T., Chapman, J. W., Dytham, C., Fox, R.,
Pearce-Higgins, J. W., Roy, D. B., Hill, J. K., & Thomas, C. D. (2017).
Climate change, climatic variation and extreme biological responses.
Philosophical Transactions of the Royal Society B: Biological Sciences,
372(1723), 20160144, https://doi.org/10.1098/rsth.2016.0144

Peres-Neto, P. R., Jackson, D. A., & Somers, K. M. (2003). Giving mean-
ingful interpretation to ordination axes: Assessing loading signif-
icance in principal component analysis. Ecology, 84(9), 2347-2363.
https://doi.org/10.1890/00-0634

Pinto, E., Coelho, M., Oliver, L., & Massad, E. (2011). The influence of
climate variables on dengue in Singapore. International Journal of
Environmental and Health Research, 21(6), 415-426. https://doi.
org/10.1080/09603123.2011.572279

R Core Team. (2019). R: A language and environment for statistical comput-
ing. R Foundation for Statistical Computing.

Rigby, J. R., & Porporato, A. (2008). Spring frost risk in a changing climate.
Geophysical Research Letters, 35, https://doi.org/10.1029/2008G
L033955

Sakai, A., & Otsuka, K. (1970). Freezing resistance of alpine plants.
Ecology, 51(4), 665-671. https://doi.org/10.2307/1934046

Sala, O. E., Chapin Il F. S., Armesto, J. J., Berlow, E., Bloomfield, J., Dirzo,
R., Huber-Sanwald, E., Huenneke, L. F., Jackson, R. B., Kinzig, A.,
Leemans, R., Lodge, D. M., Mooney, H. A., Oesterheld, M., LeRoy
Poff, N., Sykes, M. T., Walker, B. H., Walker, M., & Wall, D. H. (2000).
Global biodiversity scenarios for the year 2100. Science, 287(5459),
1770-1774. https://doi.org/10.1126/science.287.5459.1770

Sebastian, N., Erika, H., & Christian, K. (2016). Critically low soil tem-
peratures for root growth and root morphology in three alpine plant
species. Alpine Botany, 126(1), 11-21. https://doi.org/10.1007/s0003
5-015-0153-3

Short, A. A. D., & Trembanis, A. C. (2004). Decadal scale patterns in beach
oscillation and rotation Narrabeen Beach, Australia - Time series,
PCA and wavelet analysis. Journal of Coastal Research, 20(2), 523-532.

Silverberg, J. I., Hanifin, J., & Simpson, E. L. (2013). Climatic factors are
associated with childhood eczema prevalence in the United States.
Journal of Investigative Dermatology, 133(7), 1752-1759. https://doi.
org/10.1038/jid.2013.19

Sousa, S., Martins, F., Alvimferraz, M., & Pereira, M. (2007). Multiple lin-
ear regression and artificial neural networks based on principal com-
ponents to predict ozone concentrations. Environmental Modelling &
Software, 22, 97-103. https://doi.org/10.1016/j.envsoft.2005.12.002

Squartini, F., & Arndt, P. F. (2008). Quantifying the stationarity and time
reversibility of the nucleotide substitution process. Molecular Biology
and Evolution, 25(12), 2525-2535. https://doi.org/10.1093/molbev/
msn169

Stewart, J. A. E., Perrine, J. D., Nichols, L. B., Thorne, J. H., Millar, C. I.,
Goehring, K. E., Massing, C. P., & Wright, D. H. (2015). Revisiting the

past to foretell the future: Summer temperature and habitat area
predict pika extirpations in California. Journal of Biogeography, 42(5),
880-890. https://doi.org/10.1111/jbi.12466

Tadi¢, L., Bonacci, O., & Brlekovi¢, T. (2019). An example of principal
component analysis application on climate change assessment.
Theoretical and Applied Climatology, 138(1-2), 1049-1062. https://
doi.org/10.1007/s00704-019-02887-9

Turco, M., Rosa-Céanovas, J. J., Bedia, J., Jerez, S., Montavez, J. P., Llasat,
M. C., & Provenzale, A. (2018). Exacerbated fires in Mediterranean
Europe due to anthropogenic warming projected with non-station-
ary climate-fire models. Nature Communications, 9, 3821. https://doi.
org/10.1038/s41467-018-06358-z

Voigt, W., Perner, J., Davis, A. J., Eggers, T., Schumacher, J., Bshrmann,
R., Fabian, B., Heinrich, W., Kdhler, G., Lichter, D., Marstaller, R.,
& Sander, F. W. (2003). Trophic levels are differentially sensitive
to climate. Ecology, 84(9), 2444-2453. https://doi.org/10.1890/
02-0266

Williams, J. W., & Jackson, S. T. (2007). Novel climates, no-analog
communities, and ecological surprises. Frontiers in Ecology and the
Environment, 5(9), 475-482. https://doi.org/10.1890/070037

Williams, J. W., Jackson, S. T., & Kutzbach, J. E. (2007). Projected distri-
butions of novel and disappearing climates by 2100 AD. Proceedings
of the National Academy of Sciences of the United States of America,
104(14), 5738-5742. https://doi.org/10.1073/pnas.0606292104

Williams, M. W.,, Bardsley, T., & Rikkers, M. (1998). Overestimation of
snow depth and inorganic nitrogen wetfall using NADP data, Niwot
Ridge, Colorado. Atmospheric Environment, 32(22), 3827-3833.
https://doi.org/10.1016/51352-2310(98)00009-0

Wilmking, M., Maaten-Theunissen, M., Maaten, E., Scharnweber, T.,
Buras, A., Biermann, C., Gurskaya, M., Hallinger, M., Lange, J., Shetti,
R., Smiljanic, M., & Trouillier, M. (2020). Global assessment of rela-
tionships between climate and tree growth. Global Change Biology,
26(6), 3212-3220. https://doi.org/10.1111/gcb.15057

Wimberly, M. C., Baer, A. D., & Yabsley, M. J. (2008). Enhanced spatial
models for predicting the geographic distributions of tick-borne
pathogens. International Journal of Health Geographics, 7, https://doi.
org/10.1186/1476-072X-7-15

Wolkovich, E. M., Cook, B. I., McLauchlan, K. K., & Davies, T. J. (2014).
Temporal ecology in the Anthropocene. Ecology Letters, 17(11),
1365-1379. https://doi.org/10.1111/ele.12353

Wu, D., Chen, X., Lv, F., Brenner, M., Curtis, J., Zhou, A., Chen, J., Abbott,
M., Yu, J., & Chen, F. (2018). Decoupled early Holocene summer tem-
perature and monsoon precipitation in southwest China. Quaternary
Science Reviews, 193, 54-67. https://doi.org/10.1016/j.quasc
irev.2018.05.038

SUPPORTING INFORMATION
Additional supporting information may be found online in the

Supporting Information section.

How to cite this article: Bueno de Mesquita CP, White CT,
Farrer EC, Hallett LM, Suding KN. Taking climate change into
account: Non-stationarity in climate drivers of ecological
response. J Ecol. 2021;109:1491-1500. https://doi.
org/10.1111/1365-2745.13572



https://doi.org/10.1126/science.1151915
https://doi.org/10.1126/science.1151915
https://doi.org/10.1111/J.2041-210X.2012.00261.X
https://doi.org/10.1111/J.2041-210X.2012.00261.X
https://CRAN.R-project.org/package=vegan
https://doi.org/10.1098/rstb.2016.0144
https://doi.org/10.1890/00-0634
https://doi.org/10.1080/09603123.2011.572279
https://doi.org/10.1080/09603123.2011.572279
https://doi.org/10.1029/2008GL033955
https://doi.org/10.1029/2008GL033955
https://doi.org/10.2307/1934046
https://doi.org/10.1126/science.287.5459.1770
https://doi.org/10.1007/s00035-015-0153-3
https://doi.org/10.1007/s00035-015-0153-3
https://doi.org/10.1038/jid.2013.19
https://doi.org/10.1038/jid.2013.19
https://doi.org/10.1016/j.envsoft.2005.12.002
https://doi.org/10.1093/molbev/msn169
https://doi.org/10.1093/molbev/msn169
https://doi.org/10.1111/jbi.12466
https://doi.org/10.1007/s00704-019-02887-9
https://doi.org/10.1007/s00704-019-02887-9
https://doi.org/10.1038/s41467-018-06358-z
https://doi.org/10.1038/s41467-018-06358-z
https://doi.org/10.1890/02-0266
https://doi.org/10.1890/02-0266
https://doi.org/10.1890/070037
https://doi.org/10.1073/pnas.0606292104
https://doi.org/10.1016/S1352-2310(98)00009-0
https://doi.org/10.1111/gcb.15057
https://doi.org/10.1186/1476-072X-7-15
https://doi.org/10.1186/1476-072X-7-15
https://doi.org/10.1111/ele.12353
https://doi.org/10.1016/j.quascirev.2018.05.038
https://doi.org/10.1016/j.quascirev.2018.05.038
https://doi.org/10.1111/1365-2745.13572
https://doi.org/10.1111/1365-2745.13572

