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Synopsis Over the last few decades, biologists have made substantial progress in understanding relationships between

changing climates and organism performance. Much of this work has focused on temperature because it is the best kept

of climatic records, in many locations it is predicted to keep rising into the future, and it has profound effects on the

physiology, performance, and ecology of organisms, especially ectothermic organisms which make up the vast majority of

life on Earth. Nevertheless, much of the existing literature on temperature–organism interactions relies on mean tem-

peratures. In reality, most organisms do not directly experience mean temperatures; rather, they experience variation in

temperature over many time scales, from seconds to years. We propose to shift the focus more directly on patterns of

temperature variation, rather than on means per se, and present a framework both for analyzing temporal patterns of

temperature variation and for incorporating those patterns into predictions about organismal biology. In particular, we

advocate using the Fourier transform to decompose temperature time series into their component sinusoids, thus

allowing transformations between the time and frequency domains. This approach provides (1) standardized ways of

visualizing the contributions that different frequencies make to total temporal variation; (2) the ability to assess how

patterns of temperature variation have changed over the past half century and may change into the future; and (3) clear

approaches to manipulating temporal time series to ask ‘‘what if’’ questions about the potential effects of future climates.

We first summarize global patterns of change in temperature variation over the past 40 years; we find meaningful changes

in variation at the half day to yearly times scales. We then demonstrate the utility of the Fourier framework by exploring

how power added to different frequencies alters the overall incidence of long-term waves of high and low temperatures,

and find that power added to the lowest frequencies greatly increases the probability of long-term heat and cold waves.

Finally, we review what is known about the time scales over which organismal thermal performance curves change in

response to variation in the thermal environment. We conclude that integrating information characterizing both the

frequency spectra of temperature time series and the time scales of resulting physiological change offers a powerful new

avenue for relating climate, and climate change, to the future performance of ectothermic organisms.

Introduction

Predicting the effects of changing global tempera-

tures on organisms, populations, and ecosystems has

become a key focus of ecology (Pachauri et al. 2014).

We now have precise and accurate descriptions of

how mean temperatures have changed across the

globe over the last 100 years (Pachauri et al. 2014)

and rigorously-tested models predicting how mean
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temperatures will change into the future (Diffenbaugh

and Field 2013). In parallel, a large and growing lit-

erature documents biological impacts of past changes

in mean temperatures (Parmesan 2006; Sinervo et al.

2010; Sunday et al. 2012) and predicts effects on di-

verse organisms of projected increases in mean tem-

peratures (Deutsch et al. 2008; Huey et al. 2012;

Norberg et al. 2012; Khaliq et al. 2014; Magozzi and

Calosi 2015). Although mean temperatures provide a

useful statistical description of a complex variable, or-

ganisms in nature rarely experience means because

temperatures vary in space (Sears et al. 2011; Potter

et al. 2013; Pincebourde and Suppo 2016) and time

(Wang and Dillon 2014).

The most obvious temporal fluctuations in temper-

ature occur at daily and yearly periods, which are

driven by diurnal and annual fluctuations in the dura-

tion and angle of solar radiation, respectively. Although

these cycles account for most of the total variation to

which organisms are exposed (Stine et al. 2009;

Wang and Dillon 2014), there are many other time-

scales over which meaningful variation occurs

(Gilman et al. 2006; Reside et al. 2010). For example,

body temperatures of organisms in their microcli-

mates may fluctuate substantially over the course of

5 or 10 min due to changes in cloud cover and wind

speed, changes in weather can alter temperatures

for days to weeks, and heat waves or cold snaps

can last for a month or more. Although these pat-

terns of variation at different time scales are intui-

tive, they have rarely been measured systematically

or incorporated into discussions of climate change

or of its potential biological impacts (but see

Dillon et al. 2007; Helmuth et al. 2010; Reside et

al. 2010).

This disconnect reflects both the lack of standard-

ized approaches to characterizing environmental var-

iation and the related conceptual difficulty of

estimating the biological impacts of changes in tem-

perature variation across time scales. One approach

that may help overcome these methodological and

conceptual difficulties is to translate time series of

climate data from the time into the frequency

domain. A plot of a climate variable over time is

said to be ‘‘in the time domain.’’ When analyzing

variability, however, it can be more powerful to

work ‘‘in the frequency domain,’’ such that the

time series is decomposed into a set of underlying

sine waves of different amplitude (‘‘power’’) and fre-

quency (Vasseur and Yodzis 2004; Leichter et al.

2006; Stine et al. 2009; Wang and Dillon 2014;

Denny 2015). This approach has been particularly

useful in studying the biological effects of the

‘‘color’’ of environmental noise: ‘‘white’’ when

variation is expressed equally at all frequencies,

‘‘red’’ when low frequency (long-period) cycles dom-

inate, and ‘‘blue’’ when high frequency (short-pe-

riod) cycles dominate (Vasseur and Yodzis 2004;

Ruokolainen et al. 2009). This approach has been

applied in diverse contexts, from characterizing var-

iance in stream discharge (Sabo and Post 2008), to

measuring effects of variation in food availability on

population growth of mites (Benton et al. 2002), to

uncovering patterns of spatial variation in bird com-

munities (Storch et al. 2002).

Here, we show that (1) converting temperature

signals from the time to the frequency domain facil-

itates a straightforward and standardized characteri-

zation of temperature variation at any time scale

(Denny 2015), (2) transforming from the frequency

domain back to the time domain allows for the ma-

nipulation of temperature variation at multiple time

scales, thereby facilitating theoretical and experimen-

tal studies addressing the impact of variation, and

(3) thermal performance curves (TPCs) can be in-

formative filters of climate data to estimate biological

impacts of changes in climate as long as one recog-

nizes that they are not static.

To develop these arguments, we first describe the

conversion of temperature time series between time

and frequency domains, which provides a frame-

work for measuring and manipulating temperature

(e.g., air, body) variation at different time scales.

We use time to frequency transformation to mea-

sure historical shifts in air temperature variability

across the globe between daily and annual time

scales. Then, we use these approaches to manipulate

air temperature variation at different time scales and

estimate effects of these manipulations on organis-

mal exposure to extreme temperatures (see also

Williams et al. 2016a). We then briefly discuss

how TPCs allow us to integrate effects of complex

temperature time series on organismal traits, with

the caveat that TPCs may change shape and shift

in response to temperature variation across time.

Temperature time series in the
frequency domain

La question des températures terrestres offre une

des plus belles applications de la théorie de la

chaleur . . . [‘‘The issue of terrestrial temperatures

offers one of the best applications of the theory of

heat . . .’’]

—Fourier, 1822

The Fourier transform and its inverse (Fourier 1822)

are commonly used in diverse fields to shift between

Life in the frequency domain 15
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time and frequency domains (Leichter et al. 2006;

Denny 2015). In words, the transform recasts any

function of time as a complex-valued function of

frequency; the absolute value at a particular fre-

quency indicates the amplitude of that frequency in

the time-based series, and the complex part indicates

the phase offset of the sine wave at that frequency.

This means that any time series can be rewritten as

the sum of a set of sine waves, each with its own

amplitude and phase.

This process can be easier to visualize using regu-

larly-spaced samples of a continuous time series

(Fig. 1): for example, measurements of temperature,

wind speed, humidity, light level, etc., collected at

intervals of 1 s, 10 s, 1 min, 1 h, etc. These regu-

larly-sampled time series can be transformed into

the frequency domain using a discrete Fourier trans-

form (DFT). The output of a DFT is a series of

complex numbers, each corresponding to a different

frequency. As in the continuous case described

above, the absolute values of the complex numbers

indicate the amplitudes of the sine waves, and the

complex parts indicate the phase offsets. Although

there are many ways to calculate a DFT, in practice

most scientists use the fast Fourier transform (FFT)

(Welch 1967), which, for long time series, can be

orders of magnitude faster than other approaches.

The techniques described above depend on the

time series having regularly spaced intervals, but

alternative approaches to transforming irregularly-

spaced, gappy data are conceptually similar, if math-

ematically different (Wang and Dillon 2014).

What does a biologist gain by analyzing climate data

in the frequency domain (see also Denny 2015)? First,

the technique provides a standardized map of the con-

tributions of the underlying components of a time

series. For example, Fig. 1 (bottom left) shows a 6-

year time series of 2-m air temperatures, derived

from the GLDAS-2 data product (Rodell and

Beaudoing 2015; 8 temperatures per day, 17,520 total

temperatures). The large-amplitude waves associated

with yearly and daily temperature cycles are clear, but

the relative contributions to the total variation of the

yearly cycle versus the daily cycle versus all other cycles

(frequencies) are unclear without additional analysis.

Implementing an FFT on this series and then plotting

the resulting amplitudes as a function of frequency

(Fig. 1, bottom right) provides a compact answer to

these questions. In particular, it shows that the yearly

and daily waves have similarly large amplitudes com-

pared to everything else (note log scale of amplitude).

In addition, the gradual rise in amplitude from the

daily to yearly frequencies (red noise; Vasseur and

Yodzis 2004) suggests that long-term shifts in

temperature, from weekly to seasonally, account for

increasingly large fractions of the overall temperature

variation. Further, using this approach, we can manip-

ulate patterns of variation in time series of air and

body temperatures and of other abiotic variables.

This provides a powerful way to ask ‘‘what if?’’ ques-

tions about how future climates may interact with or-

ganismal biology and population ecology, and also how

particular elements of a climate signal may be more or

less responsible for biological impacts.

One can go the other direction—from frequency

to time—using an inverse FFT. Coupling these steps

allows one to manipulate amplitudes in the fre-

quency domain then reconstruct the modified series

in the time domain. Fig. 2 shows this process for a

single temperature time series (same one used in Fig.

1; see Supplementary R script and example data).

After taking the FFT of the series, we added power

to three different sets of frequency bins—around 1

year, 1 month, and 1 day (Fig. 2A, C, E)—and then

used the inverse FFT to construct the time series

resulting from these manipulations (Fig. 2B, D, F).

This approach is particularly useful in light of

Parseval’s theorem, which states that the variance

of the time series equals the sum of the squared ab-

solute values of the output of the DFT. As such, by

preserving this quantity it is possible to ‘‘shift’’ var-

iance at one frequency (or range of frequencies) to

another frequency (or range of frequencies) without

altering total variance in the original time series.

Adding power to the annual cycle (and surround-

ing frequencies) increased the amplitude of the

annual wave, resulting in higher summer highs and

lower winter lows but having little effect on variation

at higher frequencies (Fig. 2E, F; note that the 20

summertime days shown in the trace are all

warmer in the manipulated series). The monthly ma-

nipulation increased the magnitude of monthly shifts

in weather, creating more several-week long periods

of hot and cold weather (Fig. 2C, D), and the daily

manipulation (plus surrounding frequencies) magni-

fied the diurnal temperature fluctuations but without

altering longer-term shifts in weather or annual

cycles (Fig. 2A, B). Importantly, the histograms of

temperature over the 6-year period were similar re-

gardless of the frequency range over which the power

was added (Fig. 2G–I). Adding power tended to

reduce the density in the middle of the distributions

and expand the tails; but all three power manipula-

tions gave distributional shifts of similar magnitude.

So, although the temperature series potentially expe-

rienced by organisms were very different (Fig. 2B, D,

F), a statistical approach to characterizing these

16 M. E. Dillon et al.
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temperatures (Fig. 2G–I) would suggest little differ-

ence in predicted biological impacts.

Global changes in climate variability
from daily to annual time scales

Although the aforementioned shifts in temperature

variation at different time scales are likely biologi-

cally important (Fig. 2), we have little data on

whether air temperature variation has shifted along

with well-documented increases in mean temperature

(Pachauri et al. 2014). Wang and Dillon (2014)

found pronounced global increases in the amplitude

of daily air temperature cycles over the last 40 years,

with little to no change in annual cycles. However,

they did not analyze changes in cycling at other fre-

quencies. To do so, we used a least-squares analog to

Fourier analysis (Wang and Dillon 2014) to trans-

form temperature time series from 1369 weather sta-

tions across the globe (NOAA NCDC isd-lite; Smith

et al. 2011) to the frequency domain. We spatially

averaged (in 58 � 58 latitude/longitude grid cells)

frequency spectra for all stations within biogeo-

graphic regions (tropical and temperate) for the

standard reference period (1961–1990, Fig. 3A) and

for 5-year periods since 1975 (Fig. 3B). In addition

to the dramatic increases in daily temperature cycling

as documented by Wang and Dillon (2014), we ob-

served increases in cycling range (twice the ampli-

tude so it captures the difference between highs

and lows) at all frequencies other than the yearly

frequency. The strongest spectral trend has been a

decrease in power around the daily frequencies (at

half day and two day frequencies) in the tropics (Fig.

3B, C red lines), suggesting that daily temperature

cycling has become more regular there. Although

spectral power at intermediate frequencies (between

the daily and yearly frequencies) is uniformly greater

in any 5-year interval (Fig. 3B) than in the standard

reference period (Fig. 3A), the lack of a strong trend

over time at intermediate frequencies (Fig. 3C) sug-

gests that the broad distribution of power between

the yearly to the weekly frequencies is the result of

averaging across space and time. Continental differ-

ences in the onset of seasons and in weather fronts at

variable intermediate frequencies likely both contrib-

ute to this pattern. Although biogeographic means

are useful for comparison, they do not represent

any particular locality. Additionally, analyses of

multi-decade temperature records might not fully

capture biologically-important year-to-year variabil-

ity in seasonal onset or in other intermediate-scale

weather phenomena. Studies that resist the predom-

inant approach of averaging across space and time

Fig. 1 Converting temperature series from the time domain to the frequency domain. The cartoon shows how measurements of

temperature over time (top left) can be decomposed into the individual sinusoids that together make up the signal (top middle) and

that vary in frequency and amplitude as depicted in the power spectrum (top right). The power spectrum (bottom right) for 6 years of

temperature data (bottom left) reveals characteristic strong peaks at daily and yearly frequencies and a gradual increase in amplitude

from high to low frequencies (right to left).

Life in the frequency domain 17
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Fig. 2 Manipulating temperature variation on different time scales using the inverse FFT. After adding power to different ranges of

frequencies in the power spectrum shown in Fig. 1E, the signals (A, C, D) were transformed back into the time domain using the

inverse FFT, revealing the effect of increasing temperature variation at different time scales on the temperatures time series (B, D, F)

and on the frequency distributions of temperatures over the 6-year time period (G, H, I) for the original (gray) and manipulated (open

black) time series.

18 M. E. Dillon et al.
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are likely poised to uncover critically important bio-

logical effects of changing climates.

Biological consequences of changing
climate variability—threshold crossings

How might changes in power at different frequencies

affect organisms? Although a comprehensive analysis

is beyond the scope of this contribution, we here use

a heuristic approach to highlight potentially important

effects likely to be confirmed by more complete anal-

yses. In particular, we focus on how changes in air

temperature variation at scales of days to years (Figs.

2 and 3) may alter the frequency of exposure to ex-

treme conditions. For many abiotic variables, the re-

lationship between the level experienced by the

organism and the resulting physiological outcome is

discontinuous. Beyond known thresholds, the magni-

tude of the physiological response is not predictable

from responses to neighboring values. For example,

the burrowing shrimp Calocaris macandreae switches

from aerobic to anaerobic metabolism at low values of

water oxygen content (Anderson et al. 1994), a phys-

iological switch that impacts multiple levels of organ-

ismal function. Similarly, beyond the freezing

transition, freeze-tolerant insects show sharp decreases

in water loss and metabolic rate (Irwin and Lee 2002).

Crossing abiotic thresholds can potentially lead to

three broad categories of physiological responses.

First, the organism could experience damage (e.g.,

direct tissue damage during freezing; Yi and Lee

2003) or physiological disruption such as accumula-

tion of anaerobic byproducts (Anderson et al. 1994)

or disruption of ion gradients (MacMillan et al.

2012). Second, the organism could respond to this

damage by initiating repair mechanisms such as tag-

ging and removing damaged proteins via ubiquitina-

tion pathways (Todgham et al. 2007), pumping ions

Fig. 3 Global estimates of the spectral power of temperature cycling from daily to annual frequencies. (A) Gridded area-corrected

mean values of temperature cycling range (twice the spectral amplitude) for temperate (blue) and tropical (red) regions during the

WMO standard reference period (1961–1990). (B) Anomalies in cycling range for 5-year periods since 1975 for temperate and tropical

regions with darker lines indicating more recent periods. (C) Changes over time in cycling range relative to the standard reference

period for half-day to yearly frequencies. Note the different y-axis scales in part C.
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to repair disrupted gradients (MacMillan et al. 2012),

or producing new proteins to replace damaged ones.

Finally, an organism may invest substantial resources

in preparation for subsequent threshold crossing

events, by producing compounds like heat shock

proteins (Yocum et al. 1991) and antioxidants

(Lalouette et al. 2011) that help protect against sub-

sequent damage. The substantial energetic expense of

these processes means that physiological responses to

threshold crossing will likely affect fitness down-

stream (see also Williams et al. 2016). Furthermore,

these processes of damage, repair, and protection

from subsequent injury alter the physiology of the

organism, such that later responses to threshold

events may be contingent on the responses to previ-

ous stresses—an organism that has experienced one

threshold crossing event may be less able to with-

stand subsequent events. For example, repeated

freezing events increased mortality of the freeze tol-

erant caterpillar Pyrrharctia isabella (even when

matched for duration; Marshall and Sinclair 2011),

and repeated stress events induced trade-offs between

long term reproductive output and short term sur-

vival in the fruit fly Drosophila melanogaster

(Marshall and Sinclair 2009).

Given these considerations, we used the Fourier

scheme described above to manipulate the power dis-

tribution in temperature time series as a way of as-

sessing how such changes alter the duration of heat

waves and cold snaps (R functions for these manip-

ulations available in Supplementary Data). We used

time series of near-surface air temperature from the

GLDAS-2 (0.258 resolution, 3-hourly time step;

Rodell and Beaudoing 2015), with data restricted to

North America and the time period 2001–2010

(29,200 observations per time series). From the

entire data set, we sampled 221 random locations

(base ‘‘unmanipulated’’ data). Using those base

data, we created new datasets in which power was

added evenly across sets of frequency bins clustered

around the following frequencies: daily (from 0.5 to 3

days), weekly (from 3 days to 2 weeks), monthly

(from 2 weeks to 2 months), seasonal (from

2 months to 6 months), and annual (from 6 months

to 2 years). Each of the 221 time series was manip-

ulated in relation to its own total power: we added

10% of that amount spread evenly across all the fre-

quencies in a particular range. We also created a

series in which 10% of the total power was added

but spread across all frequencies produced by the

FFT. We then assessed how many days in a row

the temperature at each of the 221 locations rose to

extreme high or extreme low levels. Those levels were

defined for each location by choosing the 98th

percentile (hot) and 2nd percentile (cold) of temper-

atures for the entire 10-year time series (extremes

were chosen in relation to local conditions). We

then filtered the data sets to find instances in which

the temperature rose above or below those cutoffs,

and counted how many days in a row that occurred.

In a second analysis, we used the power-manipulated

data to count the total number of times each hot and

cold extreme was crossed for each site, to assess shifts

in the frequency of threshold crossings.

The average distribution of number of days (aver-

aged across all 221 sites) is shown in Fig. 4. There

were many instances in which, for a single day, tem-

perature rose above or fell below the cutoffs (on av-

erage about 200 separate days). Moving left to right

on the x-axis indicates longer sequences of extreme

temperatures, up to 20 days in a row. Because they

are so rare, all events 21 days and longer are binned

together on the far right of each plot. The probability

of longer events occurring (10–20 days and421 days)

was of course much lower. Changes to the power

structure in the time series had strong effects on

the distribution of extreme events (Fig. 4A, B). In

particular, adding power to high frequencies (daily

and weekly) increased the number of instances of

short extremes (55 days long); adding power to

monthly frequencies increases the number of extreme

events lasting 10–20 days; and adding power to sea-

sonal and annual frequencies increases most of all the

number of extreme events having very long durations

(greater than 20 days). Adding power equally across

all frequencies generally gave results approximating

the independent manipulation of adding power to

daily frequencies; this reflects that there are so

many more high frequencies (as in the bin surround-

ing daily frequencies) than there are low frequen-

cies—so this manipulation disproportionately affects

high frequencies. Finally, adding power to any fre-

quency significantly increased the number of thresh-

old crossing events, but the largest shift was seen

when power was added to either daily or all frequen-

cies (Fig. 4C), suggesting that shifts in diurnal varia-

tion (Wang and Dillon 2014) will disproportionately

change the number of threshold crossing events.

How to integrate variation in the envir-
onment into meaningful measures of
variation in organismal performance:
organisms as filters

For biologists, analyzing variation in one or more

environmental variables (as we have done above) is

not enough. That variation must also be linked in

some realistic way to organismal performance and

20 M. E. Dillon et al.
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Fig. 4 Adding power to different ranges of frequencies strongly alters the probability of repeated stress events. We extracted 221

random GLDAS-2 data sites in North America and added power (10% of the power in the unmanipulated temperature time series) to

various frequency windows. The distributions for manipulated and unmanipulated time series of number of days in a row that tem-

peratures exceeded the 98th percentile (A) and 2nd percentile (B) reveal effects of adding variation at different time scales. (C)

Impacts of shifts in power spectra (A, B) on probability of crossing stress thresholds for a random 100 temperate (blue) and tropical

(red) GLDAS sites. Horizontal lines indicate mean (solid) and 95% confidence intervals (dotted) for average expectations across all

sites when unmanipulated.
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fitness. But linking these well is complicated by (at

least) three major considerations.

The first is that air and body temperatures are

often not the same (Bakken 1992; Pincebourde et

al. 2016). Rather, body temperatures are shaped by

the entire heat budget, including convective heat ex-

change with the air but also conduction, evaporation,

incoming and outgoing radiation, and heat produc-

tion from metabolism (Gates 1980). Thus, although

we introduced the Fourier approach above using air

temperatures, the real situation is more complicated

and interesting: a time series of body temperatures

depends on multiple, interacting time series for

each contribution to the heat budget. How those

series interact (e.g., how strongly they are cross-cor-

related) will affect the overall time series of body

temperatures. In addition, by virtue of having mass,

organisms naturally act as low-pass filters of environ-

mental variation. Organisms, being mostly water, in-

herit its high heat capacity such that high-frequency

cycles in components of the heat budget disappear

almost completely into the slower heating and cool-

ing of the entire mass. Moreover, because larger or-

ganisms have longer time constants for heating and

cooling, their body temperatures will fluctuate at in-

creasingly lower frequencies (Stevenson 1985). To our

knowledge, no one has yet attempted to apply a

Fourier approach to an entire heat budget, but such

an effort might represent an important step in linking

variation in weather and climate to variation in body

temperature.

The second consideration is that organisms often

behaviorally thermoregulate: they move through

their local environments, altering components of

their energy budgets in ways that help them achieve

desired body temperatures, which often are those

that enhance performance and fitness (Fig. 5, gray

shaded region; Huey and Slatkin 1976; Huey et al.

2003; Angilletta 2009). Like body mass, behavior acts

as a low-pass environmental filter. Organisms behave

such that they avoid high-frequency and potentially

damaging changes to their heat budgets. This behav-

ioral filtering may be increasingly important for

smaller-bodied individuals that can rely less on ther-

mal inertia (Woods et al. 2015).

Behavioral thermoregulation is fundamentally tem-

poral, describing the behaviors and body temperatures

of organisms through time. But the capacity of organ-

isms to thermoregulate depends profoundly on instan-

taneous variation in space (Kearney et al. 2009; Sears

et al. 2011; Sears and Angilletta 2015; Woods et al.

2015; Pincebourde and Suppo 2016; Pincebourde et

al. 2016). In general, organisms with access to a

broad range of thermal microenvironments will be

better able to regulate body temperature, and access

in turn depends on motility, body size, and features of

Fig. 5 Generation time and behavior alter the range of temperature variation experienced by organisms. The top panel shows a 3-

hourly temperature record for a year (same data as in Figs. 1 and 2), with dashed and dotted boxes indicating 3 month and 10 day

(respectively) sections of the time series, also shown below left and right. The gray shading on the 10-day generation time temperature

series indicates temperatures experienced by a thermoregulating organism maintaining body temperature between 18 8C and 27 8C
(omitted from other time scales for clarity). Vertical arrows next to the top panel indicate the range of variation experienced at the

different time scales and with behavioral thermoregulation.
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the environment. Highly mobile organisms that can

actively search for, and shuttle among, thermal micro-

environments will be better able to regulate body tem-

perature within narrow bounds (Angilletta 2009). Even

so, sessile organisms have some capacity to avoid ther-

mal extremes by ‘‘behaviorally’’ adjusting their prop-

erties (e.g., changes in leaf orientation in plants,

Gamon and Pearcy 1989; or evaporative cooling in

the marine intertidal, Helmuth 1998). In addition,

small organisms may be able to access thermal micro-

environments unavailable to larger organisms (Sears et

al. 2011; Woods et al. 2015). Major characteristics of

the environment also affect the utility of behavioral

thermoregulation. For example, compared to aquatic

environments, terrestrial environments generally have

greater thermal heterogeneity at small spatial scales

(Sunday et al. 2011), and terrestrial environments

with more three-dimensional structure have greater

total spatial variation in surface temperatures (Sears

et al. 2011). In temperate zones, ground temperatures

are buffered by snow cover for a large part of the year

(Zhang 2005). Finally, organisms will be better able to

avoid high-temperature versus low-temperature ex-

tremes, particularly in terrestrial environments, be-

cause hot extremes occur during the day when

variation in shade cover provides spatial thermal het-

erogeneity whereas cold extremes occur at night when

such thermal heterogeneity is absent (Gunderson and

Stillman 2015).

Many organisms also avoid the performance costs

of extreme-temperature exposure by becoming inac-

tive (Adolph and Porter 1993). Perhaps most famil-

iar, numerous temperate-zone animals hibernate or

enter diapause, and deciduous perennial plants

become dormant in winter. Additionally, many or-

ganisms cycle daily between activity and inactivity,

seeking thermal refugia or entering torpor when tem-

peratures become too hot or cold (Adolph and

Porter 1993; Geiser 2004; Sinervo et al. 2010).

Together, behavioral thermoregulation and alterna-

tion between activity and inactivity allows many or-

ganisms to avoid variation in body temperature,

particularly at diel and annual frequencies (Fig. 5).

Therefore, in many cases, increased temporal fluctu-

ations in air temperatures (Figs. 2 and 3) and other

microhabitat conditions will more strongly affect fit-

ness via effects on activity time rather than body

temperature (Adolph and Porter 1993, 1996;

Sinervo et al. 2010; but see Kearney 2013), and

such changes to movement patterns can result in a

cascade of altered species interactions. Moreover, re-

duced exposure to thermal extremes through behav-

ioral mechanisms may stifle the evolution of

increased thermal tolerance (Huey et al. 2003;

Buckley and Huey 2016).

The third consideration is how temporal variation

in components of the heat budget is distributed

within versus between generations (Fig. 5; Levins

1968; Angilletta et al. 2006). Indeed, the relationship

of within- and between-generation variation in tem-

perature is likely a critical determinant of both how

thermal physiology evolves (Gilchrist 1995;

Kingsolver and Gomulkiewicz 2003; Chan et al.

2016) and how quickly populations may be able to

adapt to future climate change (Levins 1968;

Nilsson-Örtman et al. 2012). For example, popula-

tions comprised of organisms with short generation

times that are active during summer months will

likely experience dramatic (either positive or nega-

tive) alterations in growth when variance is added at

annual time scales (Fig. 2 E, F) due to multiple suc-

cessive generations experiencing high environmental

temperatures. Alternatively, such extended periods of

high environmental temperature may be balanced by

the accompanying colder winter temperatures (also

resulting from added variance at the annual time

scale) for populations comprised of longer-lived or-

ganisms that are slower to reproduce and whose re-

productive success may be shaped by the cumulative

thermal environment across an entire year.

TPCs integrate body temperature time
series into higher-level organismal traits

TPCs have long provided a powerful approach to

describing the relationship between (body) tempera-

ture and performance (Huey and Kingsolver 1989).

In general, performance increases exponentially from

a lower limit (CTmin) to an optimum (Topt) and then

falls rapidly to an upper limit (CTmax) beyond which

performance is zero (e.g., running speed, etc.) or

negative (e.g., population growth rates; Kingsolver

et al. 2013). Armed with a performance curve, one

can estimate performance over an extended temper-

ature time series by calculating the sums or averages

of performance estimated by the TPC for each in-

stance in the time series. Because TPCs are non-

linear, filtering variable temperatures through TPCs

increases or decreases performance depending on

whether temperatures overlap the accelerating or de-

celerating portions of the curve, respectively (Colinet

et al. 2015; Lawson et al. 2015). Because of this effect

(Jensen’s inequality; Ruel and Ayres 1999; Martin

and Huey 2008), in many cases temperature varia-

tion can more strongly drive biological impacts than

does mean temperature (Paaijmans et al. 2010;

Vasseur et al. 2014; Kingsolver and Woods 2016).
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This general approach has been a powerful and

informative technique used in many recent climate

change studies (Vasseur et al. 2014), but it relies on

several key assumptions that are largely untested

(Kingsolver and Woods 2016) and that may change

our predictions of the biological impacts of temper-

ature variation. First, TPCs are generally built by

fitting curves through data collected at a range of

constant temperatures, ignoring the potential impor-

tance of thermal history in altering the measured

response at a given temperature (Niehaus et al.

2012). Second, TPCs for different performance

traits may differ substantially (Huey and Kingsolver

1989; Kingsolver and Woods 1997) and together in-

tegrate to determine population-level performance

(e.g., Johnson et al. 2015). Finally, most work as-

sumes a single TPC for a given trait (Deutsch et al.

2008; Dillon et al. 2010; Vasseur et al. 2014), i.e., that

a TPC is static through time and invariant among

individuals (see Buckley and Huey 2016 and

Williams et al., 2016. Addressing all of these assump-

tions is beyond the scope of this contribution, but

the assumption of TPC stasis through time is parti-

cularly relevant in the context of the spectral ap-

proach, so we discuss it in more detail here.

The dynamic nature of TPCs

Although thermal physiology can be evolutionarily

conservative (Van Damme et al. 1990) and behavioral

thermoregulation may limit the adaptation of physio-

logical traits (Buckley et al. 2015; Buckley and Huey

2016), TPCs of many organisms are dynamic—their

key parameters (CTmin, Topt, and CTmax) may vary

over multiple time scales (Schulte et al. 2011). When

one allows for dynamic TPCs, estimating performance

from temperature time series becomes more compli-

cated, both because the state of the TPC changes con-

tinuously as a function of the history of temperature

exposure and because the different parameters of the

TPC may respond differently at different time scales,

altering the shape of the TPC and, therefore, the influ-

ence of temperature variation on performance and fit-

ness. We begin to explore these challenges by briefly

reviewing evidence for shifts in TPCs across time scales.

Rather than exhaustively review the literature, our aim

is to illustrate the extent to which TPC parameters can

shift at different temporal scales (Clusella-Trullas and

Chown 2013) to emphasize that we can no longer

ignore the dynamic nature of TPCs.

The view that TPCs may shift within a day is rarely

acknowledged in evolutionary studies on thermal

traits (see e.g., Angilletta 2009). Nevertheless, numer-

ous studies have found significant shifts in thermal

tolerance limits in a day or less. For example, heat

tolerance of the campion plant (Silene acaulis) in-

creased hourly (Larcher 2003), and the CTmax of kil-

lifish (Fundulus heteroclitus) and freezing point of

Antarctic collembolans varied diurnally (Bulger and

Tremaine 1985; Sinclair et al. 2003). In general, despite

strong genetic constraints (Hoffmann et al. 2013),

short exposure to high but non-lethal temperatures

tends to increase the upper thermal limits of terrestrial

ectotherms by several degrees (Nyamukondiwa and

Terblanche 2010; but see Mislan et al. 2014; Levy et

al. 2015 for counter examples). On the cold end, the

‘‘rapid cold hardening’’ effect is well-characterized in a

wide range of ectotherm taxa (Lee and Denlinger

2010). Interestingly, the often vigorous methodologi-

cal debate about how best to measure critical thermal

limits in ramping assays, given the strong effect of

ramping speed on these metrics (Terblanche et al.

2007; Chown et al. 2009; Rezende et al. 2011), clearly

illustrates how dynamic these TPC parameters can be

over very short time scales. In contrast, we could find

little evidence for pronounced shifts in Topt over very

short time scales (Boyles and McKechnie 2010).

TPC parameters can also change over intermedi-

ate temporal scales of several days to months. For

example, in Drosophila, heat shock survival in-

creased with environmental temperature experi-

enced during the previous 2 days (Overgaard and

Sørensen 2008), and exposure of Tenebrio to in-

creased thermal variance for 3 weeks increased the

performance breadth and maximal performance of

the metabolic response to temperature, without

changing Topt (Bozinovic et al. 2013). In newts,

diel thermal fluctuations experienced during em-

bryogenesis shifted the thermal dependence of loco-

motor performance in emergent larvae, leading to a

new optimal phenotype with reduced sensitivity to

temperature (Měráková and Gvoždı́k 2009). Factors

other than temperature may constrain the degree to

which TPCs shift at this temporal scale. For exam-

ple, isopods failed to acclimate after 45 days of ex-

posure to changing thermal regimes, likely due to

the influence of photoperiod on thermal sensitivity

in these species (Schuler et al. 2011). Similarly,

TPCs can depend strongly on oxygen availability,

particularly in aquatic organisms (Pörtner and

Knust 2007; Pörtner et al. 2016).

Seasonal thermal acclimation is well documented

in ectotherms, in particular in organisms with a dia-

pausing stage such as insects (Bowler and Terblanche

2008). All the TPC parameters can potentially shift

in response to seasonal acclimation, in contrast to

the irreversibility of developmental acclimation

(Angilletta et al. 2006). The magnitude of the shifts
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can be substantial. For example, CTmin and CTmax

shifted by 9.7 8C and 14 8C (respectively) across sea-

sons in a crayfish (Layne et al. 1987), and CTmax

varied between 22 8C and 44 8C across seasons in

killifish (Bulger and Tremaine 1985). Globally,

CTmin shifts more strongly than CTmax, and it

shows more flexibility, explaining thereby the clear

latitudinal gradient of CTmin and the weak relation-

ship to latitude in CTmax for terrestrial ectotherms

(Addo-Bediako et al. 2000; Sunday et al. 2011).

However, acclimation of preferred temperature may

limit the magnitude of change in other TPC param-

eters. For example, newts respond to the seasonal

change in microhabitat temperature regime by accli-

mating their preferred temperature (mean and

range), resulting in similar frequencies of operative

temperature within the preferred temperature range

across seasons (Hadamová and Gvoždı́k 2011).

Evolutionary patterns of TPCs have been well de-

scribed elsewhere (Huey and Kingsolver 1993;

Angilletta 2009). Briefly, theoretical models including

‘‘hotter-is-better’’ (maximal performance increases

with Topt), and generalist–specialist trade-offs

(larger thermal breadth reduces maximal perfor-

mance) have been tested by comparing TPCs of,

for example, populations across altitude (Navas

1996) or species across latitude (Frazier et al.

2006). In an evolutionary context, mean and extreme

temperatures may act as more potent selective forces

on TPCs than does temperature variation per se

(Kingsolver et al. 2009). However, experimental

tests of evolutionary shifts in heat tolerance gave

mixed results in Drosophila species. Warming by

0.3 8C each generation for 20 generations did not

induce an increase in thermal tolerance (Schou et

al. 2014). Similarly, after 4 years of laboratory natu-

ral selection, optimal and upper lethal temperatures

shifted only slightly (Huey and Kingsolver 1993).

These magnitudes of change contrast with the am-

plitude of the shifts observed across seasons and even

within a single day (see above).

Environmental variance may be a more pertinent

explanatory variable than previously thought to ex-

plain evolution of TPCs (Vasseur et al. 2014). For

both fruit flies (Ketola et al. 2014) and bacteria

(Krenek et al. 2012) exposed to fluctuating environ-

ments, the elevation of the TPC was more critical

than its slope, suggesting that increasing the maximal

performance, without changing Topt, can be an effec-

tive strategy to cope with more variable environments

(Condon et al. 2014). A pattern compatible with the

generalist–specialist trade-off was also found in frogs:

populations experiencing less thermal variation had

narrower performance curves, lower optimum

temperatures, and superior swimming performance

compared to populations from more thermally-vari-

able ponds (Richter-Boix et al. 2015).

Semi-aquatic species that split their time between

aquatic and terrestrial microhabitats provide a po-

tentially exciting model to study the evolution of

TPCs because they must cope with contrasting envi-

ronments over short time scales (e.g., daily for inter-

tidal species; Helmuth et al. 2010). In Garter snakes,

the TPCs for swimming and for crawling showed the

most pronounced differences in thermal sensitivity

among the performance metrics studied (Stevenson

et al. 1985). Similarly, the thermal sensitivity of feed-

ing rates of intertidal sea stars differed between ex-

posures to water or aerial temperatures (Pincebourde

et al. 2012). In semi-aquatic newts, most interspecific

variation in running speed TPCs involved shifts in

overall performance across temperatures whereas

evolutionary changes in the TPC for swimming pri-

marily concerned the shape of the curve (generalist

vs. specialist; Gvoždı́k and Van Damme 2008).

Conclusions

The physiology and ecology of organisms clearly re-

sponds to environmental variation occurring on

multiple time scales. There are, however, at least

two areas in which there remain important unan-

swered questions. The first is the interface between

the time scales of physiological and behavioral

change and the time scales over which the environ-

ment fluctuates: how important (for organisms) is

change at different frequencies, and how (both

mechanistically and evolutionarily) are time scales

incorporated into those physiological and behavioral

mechanisms? Although our review above shows that

TPCs of organisms change over many scales, few

studies have examined responses to multiple time

scales within individuals or populations. In addition,

there is little theory for predicting a priori how phys-

iological systems evolve in response to time scales of

variation (but see Gabriel and Lynch 1992; Gilchrist

1995), or how those systems may be integrated with

one another (Martin et al. 2015). For example, ther-

mal tolerance and performance at high temperatures

can be driven by relatively well-understood endoge-

nous mechanisms like a circadian rhythm (Tomioka

et al. 2012) and also by recent history of temperature

exposure (King and MacRae 2015; Kingsolver and

Woods 2016). How do those two systems interact

(e.g., see Hirota and Fukada 2016)? Only when

these interactions are understood will we be able to

integrate across times scales to produce realistically

dynamic TPCs.
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The second area is to understand the effects of

phenotype (including body size, shape, color, motility,

behavior, etc.) and microclimate: how do organism

characteristics together with the set of microclimates

used by an organism affect the patterns of tempera-

ture variation it experiences? The framework devel-

oped above was applied to time series of near-

surface air temperatures. Organisms, however, live in

body-size-dependent microhabitats with temperatures

that can deviate substantially from air temperature

(Pincebourde et al. 2016 this issue). The frequency-

domain framework we outline could be applied to

time series of microclimate temperatures to determine

which temporal scales of fluctuation matter most once

the climatic signal has been filtered by the microhab-

itat. For example, temperature fluctuations are buff-

ered in aquatic habitats but magnified at the leaf

surface in apple trees (Woods et al. 2015). As a

result there will be more power in the highest fre-

quencies for the leaf microclimate compared to the

aquatic microhabitat.

More generally, the frequency-domain approach

we advocate provides an important tool for analyzing

(Leichter et al. 2006; Denny 2015) and manipulating

time-series data, but one that is underused by biol-

ogists. Above we showed how different frequencies in

temperature time series can be manipulated and then

integrated with other biological information. One

important task, however, will be to assess future pat-

terns of temporal variation using more realistic,

mechanistic models; this is what global circulation

models and their complementary local-scale models

are designed to do (Pachauri et al. 2014). As those

models begin to produce predictions on temporal

and spatial scales fine enough to apply to individual

organisms (Potter et al. 2013), we will have the op-

portunity to analyze those predictions in the fre-

quency domain. Such analyses will provide an

important forward-looking complement to the his-

torical analyses already underway (see above; Wang

and Dillon 2014).
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