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Abstract. As continental and global-scale paleoclimate model data become more readily available, biologists can 
now ask spatially explicit questions about the tempo and mode of past climate change and the impact of those changes on 
biodiversity patterns. In particular, researchers have focused on climate stability as a key variable that can drive expected 
patterns of richness, phylogenetic diversity and functional diversity. Yet, climate stability measures are not formalized 
in the literature and tools for generating stability metrics from existing data are nascent. Here we define “deviation” of 
a climate variable as the mean standard deviation between time slices over time elapsed; “stability” is defined as the 
inverse of this deviation. Finally, climate stability is the product of individual climate variable stability estimates. We 
also present an R package, climateStability, which contains tools for researchers to generate climate stability estimates 
from their own data. 

Introduction
Many hypotheses have been offered to explain 

geographic patterns of biodiversity from evolution-
ary and ecological perspectives (MacArthur, 1984). 
It has often been suggested that decreased extinction 
and increased speciation rates have led to an accu-
mulation of species in the tropics (Rohde, 1992; Rol-
land, et al. 2014). Proposed drivers of this diversifi-
cation rate pattern include reduced seasonality and 
long-term climate stability in the tropics, which, in 
addition to reducing extinction due to stochastic cli-
mate events, may have allowed species to specialize 
in narrow abiotic ecological niches and allowed a 
greater diversity of species to accumulate. Outside 
of the tropics, pockets of relatively stable condi-
tions, introduced by Heusser in 1955 as refugia, may 
have provided species with the means to escape cli-
mate-driven extinctions in the past. Conversely, in 
temperate climates, seasonality and cyclical warm-
ing and cooling may have both driven species to re-
main generalists to accommodate varying conditions 
(Gouveia, et al. 2013; Sandel, et al. 2011) and extir-
pated those species that could not accommodate such 
climatic stochasticity. Yet, it has also been suggested 
that climate instability has driven the formation of 
biodiversity hotspots in some systems, particularly 
as it pertains to allopatric speciation during glacial 
cycles (Mayr and O’Hara, 1986; Nakazawa and Pe-
terson, 2015).

With advances in climate modeling, more and 
higher-resolution climate data are available for bi-

ologists to infer how past climate change may have 
influenced modern biodiversity patterns. Recently, 
Loarie and colleagues (2009) proposed “climate ve-
locity” (the speed an individual would have to travel 
to track analogous climatic conditions) as a useful 
way to estimate potential climate change impacts on 
the position of organisms’ ranges. A simplified ver-
sion of this metric has also become common: divid-
ing the difference between past and modern climate 
variable values (e.g. average temperature, average 
yearly rainfall) by the time elapsed between the two 
values (e.g. Ornelas, et al. 2015). An even simpler 
metric of climate change is “climate anomaly”, the 
difference between climate variables between time 
slices of interest (e.g. Feng, et al. 2017). Howev-
er, while these metrics are useful for estimating the 
degree of climate change between two time points, 
none adequately characterizes the stability of cli-
mates over time.

With the advent of Paleoview (Fordham, et al. 
2017) and other paleoclimate assembly tools and 
datasets (e.g. Brown, et al. 2018; Fick and Hijmans, 
2017), as well as expanded computing capacity to 
process large climatological datasets, time slice cli-
matologies from climate model data are now more ac-
cessible than ever. There is also an increasing wealth 
of uneven time slice data from empirical inferences of 
climate based on geologic or archeological proxies.1 
While the time-frame and exact measure of climate 

1https://www.ncdc.noaa.gov/paleo-search/
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stability may vary according to the research question, 
we propose here a clear definition of climate stability, 
as well as provide an implementation of our metric to 
facilitate macroecological analyses predicated on cli-
mate stability hypotheses. For each climate variable 
of interest, deviation through time is calculated as the 
mean of standard deviations between time slices di-
vided by the time elapsed between time slices; “sta-
bility” is defined as the inverse of deviation through 
time. Finally, climate stability is the product of in-
dividual variable stability estimates that have been 
re-scaled between 0 and 1. Herein, we present an R 
package, climateStability, with functions to perform 
these calculations and visualize the results, as well 
as providing a set of world-wide climate temperature 
and precipitation deviation-through-time layers over 
the last 21kybp, from which climate stability can be 
quickly estimated. These data may then facilitate em-
pirical tests of two key hypotheses in bioeographic 
theory: 1) Diversity results from a cradle-like envi-
ronment where extinction resulting from climatic 
stocasticity is infrequent, and 2) Diversity results 
from repeated isolation events, often driven by cli-
mate change. We also discuss the challenges with 
temporal grain and interpretation when developing 
climate stability datasets.

General package structure and functionality. 
The climateStability R package allows users to:

1. Calculate stability for individual climate 
variables over even or uneven time slices.

2. Calculate overall climate stability from indi-
vidual climate variable stability estimates.

3. Visualize resulting estimates either in geo-
graphic space, or as a graph showing the re-
lationship between latitude and stability.

For the climateStability workflow, the user first pro-
duces rasters depicting estimated deviation through 
time for a single climate variable of interest by load-
ing a series of climatology estimates (as raster files) 
and stipulating the time elapsed between each time 
slice (either as a single value if the time elapsed be-
tween climatologies is the same for all, or as a vector 
of values specifying the time elapsed between clima-
tologies in order). This is repeated for each climate 
variable of interest. Next, for each variable, the user 
then calculates the inverse of the deviation and res-
cales the result to a scale between 0 and 1, in order 
to render comparable the stability estimates for each 

variable. Overall climate stability can then be esti-
mated by taking the product of stability estimates for 
each individual variable and rescaling the result to a 
scale between 0 and 1. Finally, climateStability pro-
vides two functions to graph the relationship between 
a given latitudinal band and stability (for single vari-
ables or overall climate)—one for raw latitude (-90° 
to 90°), and one for the absolute value of latitude (0° 
to 90°). We have also provided two raster layers of 
deviation estimates for global precipitation and tem-
perature from 21 to 1 kypb, as described below, and 
a vignette describing the basic climateStability work-
flow (Appendix 2).

Methods
Climate data. Paleoclimate estimates were de-

rived from the TRaCE21ka experiment (Liu, et al. 
2009; Liu, et al. 2014; Otto-Bliesner, et al. 2014) 
implemented using the Community Climate System 
Model, version 3 (CCSM3; Collins, et al. 2006; Ot-
to-Bliesner, et al. 2006; Yeager, et al. 2006). More 
details on these data are described by Fordham and 
colleagues (2017). Briefly, the CCSM 3 is a math-
ematical model that simulates coupled atmosphere 
and ocean climatic conditions given a particular set 
of parameters, such as those from the TraCE21ka ex-
periment, which sought to simulate the rapid global 
climate changes of the last 21,000 years. The mod-
el produces monthly snapshot estimates of the sim-
ulated climate over the duration of a particular run 
(20,000 years, in the case of TraCE21ka), which 
can then be processed into climatic means at a given 
time point. Using Paleoview, version 1.1 (Fordham, 
et al. 2017) we generated 20 100-year climatologi-
cal means for 1,000-year time slices between 1 and 
21 kypb for annual precipitation and mean tempera-
ture at a resolution of 2.5 degrees. We also selected 
eight climatologies (from 1, 2, 3, 4, 5, 10, 15, and 
21 kybp) from the original set of 20 to simulate an 
unevenly-sampled time slice series. This was done 
to demonstrate the properties of our climate stability 
measurement under such conditions as might exist 
when a researcher wishes to incorporate deeper-time 
slices or time slices based on empirical climate infer-
ences. We chose these specific time slices to simulate 
a “pull of the present” scenario where data becomes 
scarcer deeper in time.

Calculation. For each time interval, we calculat-
ed the standard deviation of a given variable at the 
beginning and end of the interval and divided the re-
sult by the length of the interval to quantify deviation 
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over time for each time slice, then averaged the result 
across all time slices. We then took the inverse of this 
metric and scaled it to between 0 and 1 to estimate the 
relative stability for each variable. Finally we multi-
plied the stability estimate for mean annual precipi-
tation by the stability estimate for mean annual tem-
perature to estimate overall climate stability over the 
last 21,000 years. We performed these calculations 
both for our original climate dataset and the thinned 
dataset (hereafter referred to as the “even dataset” 
and “uneven dataset”, respectively), and plotted the 
results as a both as raster maps and linear graphs of 
the relationship between stability versus latitude, all 
in the R programming platform (R Core Team, 2013). 
Code for these functions, as well as the temperature 
and precipitation deviation-through-time layers we 
produced can be downloaded as the R package cli-
mateStability2. Code for the analyses as described 
herein is available as Appendix 3.
 

Results
Over the last 21,000 years, temperature has been 

most stable in the tropics and decays as latitude in-
creases, but the patterns can be complex (e.g. low 
temperature stability in the Amazon Basin over the 
time period examined; Fig. 1). Other notable areas of 
low temperature stability are found in northern North 
America, Europe, and Asia as well as central Austra-
lia; high temperature stability areas include sub-Sa-
haran Africa and the Indian subcontinent. There is 
no consistent pattern between precipitation stability 
and latitude in this dataset (Fig. 2); instead, terrestrial 
precipitation stability appears highest in central Asia 
and Antarctica, whereas marine precipitation stabili-
ty appears highest in areas with cold ocean currents 
in the temperate southern Pacific and Atlantic (Fig. 
1). Overall climate stability appears more strongly 
dictated by precipitation stability than by tempera-
ture (Figs. 1 and 2).

Generally, the uneven time slice dataset estimat-
ed congruent patterns of temperature, precipitation, 
and overall stability compared to the even dataset 
(Supplementary Figure 1). The most dramatic dis-
agreements between the even and uneven datasets 
are found in the temperature stability estimates (Sup-
plementary Figure 2)—the even dataset estimates 
higher stability in the tropics, whereas the uneven 
dataset estimates higher stability in the temperate 
zones, especially in the southern hemisphere. These 

2https://github.com/hannahlowens/climateStability

trends are also reflected in the mean stability by lati-
tude plots (Fig. 2). 

Discussion
Our estimated geographic patterns of tempera-

ture stability largely reflect glaciation patterns over 
the past 21,000 years, conforming to a latitudinal 
gradient predicted in macroecological and biogeo-
graphic theory (Slobodkin and Sanders, 1969). Con-
versely, patterns of precipitation stability appear to 
follow atmospheric circulation patterns, with areas 
of lowest stability occurring in areas of atmospheric 
upwelling and highest stability occurring with down-
welling areas. Temperature and precipitation do not 
play the same role in defining species’ suitable abiot-
ic niches across the tree of life (Araujo and Guisan, 
2006); therefore, it may be informative to consider 
these variables separately when assessing the degree 
to which climate stability influences species diversi-
ty. Still, our metric of climate stability provides an 

Figure 1. Relative temperature, precipitation, and climate stabil-
ity based on even dataset. Darker colors indicate higher stability.
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intuitive means of quantifying a key macroecological 
driver of distributions of biodiversity.

Our larger aim with this contribution has been to 
provide a more formal basis for generating climate 
stability measures. Stability has been addressed more 
and more as a key hypothesis in the biodiversity liter-
ature, but there have been multiple types of measure-
ments and underlying data used (Garcia et al., 2014). 
While these uses are often reasonable in the con-

text of research questions, it can be hard to evaluate 
across studies, and different metrics can support very 
different conclusions regarding how climate change 
affects assemblages, species, and populations at local 
and regional scales (Garcia et al., 2014). We limit our 
definition here to climate stability. Climate stability 
or lack thereof can be a driver of habitat (e.g. veg-
etation) stability or instability, which is more like-
ly to be the ultimate driver of species’ extinction or 
persistence in the face of climate change (Ashcroft, 
2010). Clear labeling of the stability metric employed 
will help tremendously not only to understand broad-
er past trends, but also to make predictions about the 
effects of climate change in the future. 

As well, we urge reporting of temporal grain 
when considering climate stability metrics – stabil-
ity or lack thereof is determined in part by temporal 
smoothing imposed by sampling grain. Our even data-
set used 1,000 year time slices, but over longer time-
scales than the Late Pleistocene and Holocene, the 
lack of fine-grain and even climatological time-slices 
makes the inference of stability more challenging. As 
our simulated uneven dataset illustrates, estimates 
of climate stability may be greatly influenced by the 
rate of variation through time. Generally, we would 
expect a dataset with fewer time slices to estimate 
lower climate stability than a dataset with more time 
slices due to temporal smoothing. However, the un-
even dataset generally estimated higher temperature 
stability than the even dataset at all but the lowest 
latitudes (Fig. 2); when these differences mapped, 
it is clear that the uneven dataset estimated higher 
temperature stability particularly at middle latitudes 
(Supplemental Fig. 2). Given that the uneven dataset 
was largely biased toward modern time slices, this 
suggests that the rate of change in temperature de-
celerates at middle and high latitudes as we approach 
the present.

Finally, while the example provided herein used 
data from a single climate model under a single set 
of conditions, we recommend estimating climate sta-
bility with data from multiple climate models, when 
available. Different climate models have different 
sensitivities to climatic conditions, and may differ 
in their estimates of local and/or extreme phenome-
na—this is true of both past and future climate sim-
ulations. To generate particularly robust estimates of 
climate stability, researchers may want to either per-
form additional analyses to test how sensitive their 
results are to the climate model used, or use data 

Figure 2. Plots of temperature, precipitation, and climate stabil-
ity versus latitude. Solid line: even dataset; dashed line: uneven 
dataset.
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from ensemble model outputs such as those from 
the Paleoclimate Modelling Intercomparison Project 
(PMIP)3 and Coupled Model Intercomparison Proj-
ect (CMIP)4.

While our climate stability metric is not com-
pletely robust to the effects of uneven time slices, it 
consistently identifies areas of high and low stabili-
ty regardless of temporal resolution and distribution 
of climate data. We hope the contribution presented 
here precipitates a step forward from the qualitative 
assessment that the tropics are generally climatical-
ly stable to a more quantitative assessment of where 
the tropics are stable, over what time periods, and at 
what temporal and spatial resolution. This will facili-
tate more thorough examination of the role of climate 
stability in driving diversity patterns, which may, in 
turn, provide critical calibration needed for under-
standing how continuing and accelerating climate in-
stability may ultimately structure future biodiversity.

Software Availability
Software available on CRAN5.

Install the latest release in R as
install.packages(“climateStability”), and latest 
development version as devtools::
install_github(“hannahlowens/climateStability”).

Supplementary Materials
Supplementary Materials cited in the text are 
available at https://doi.org/10.17161/1808.28080.

License: GNU General Public License v. 3.0
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