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Strontium to calcium ratio and oxygen
isotopiccoral recordscanexaggeratepast
decadal tropical climate variability
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Geochemical tracersmeasured in corals are a key archive for reconstructing past variations in tropical
climate and provide unique information on the complex nature of global climate dynamics. However,
reconstructions from many tropical corals contain much greater decadal to centennial climate
variability than evident from models or instrumental records, suggesting either biases in climate
models or enhanced preindustrial climate variability. Using a method to distinguish climate from non-
climate variations, on a recently compiled coral dataset covering the tropics and subtropics, we show
that records from single corals contain a strongly autocorrelated non-climate noise component. This
noise inflates the variance of reconstructed temperature by a factor of two to seven across a large
range of timescales, implying that past studies may have exaggerated decadal to centennial
temperature variations.

Understanding the spatial and temporal structure of climate variability is
essential for testing physical models of Earth’s climate system in order to
predict the impacts of global warming and develop regional and national
adaptation strategies in response to projected changes. It has become clear
that natural temperature variability has a complex temporal structure, with
the magnitude of variations increasing from inter-annual to longer
timescales1–4. However, the amplitude of natural local climate variability
remains uncertain, with considerable disagreement between instrumental
data, proxy-based climate reconstructions, and climate model simulations
on decadal and longer timescales5–8. Given that these timescales are crucial
for implementing significant changes in infrastructure and behaviour in
response to climate change, they hold particular relevance for human
society.

Records of temperature sensitive geochemical tracers from tropical
corals, such as the ratio of strontium to calcium (Sr/Ca) and the isotopic
composition of oxygen (δ18O) in their aragonitic skeletons, are particularly
suited to studying past climate variability on societally relevant timescales as
they have up to monthly resolution, and can be well dated9–13. They extend
the sparse pre-satellite instrumental record in tropical regions back several
hundredyears,with additionalfloating snapshots fromfossil corals frome.g.
the last deglaciation14 and further back in time15. Corals have been used to
reconstruct tropical sea surface temperature16 (SST), investigate decadal to
centennial variability in theElNiño-SouthernOscillation10,17–19, and to study
the local impact and temporal dynamics of volcanic forcing10,16,17,20,21.

Despite their high resolution, precise dating, and fidelity to the local
annual temperature cycle, there are challenges to using coral records to

reconstruct past climate variability on inter-annual to decadal timescales.
When temperature sensitive tracers are calibrated based onmonthly values
(effectively calibrating to the amplitude of the annual cycle), inter-annual to
decadal-scale fluctuations in reconstructed temperature are typically much
larger than those represented in gridded instrumental data22–27 (Supple-
mentary Fig. 1). For δ18O records, some of this excess variance could be
explained by variation in the δ18O of seawater, however, as the phenomenon
is similar for Sr/Ca records, variation in the hydroclimate cannot be a
general explanation, and forward modelling has shown that the degree of
excess variation in δ18O is too large to be explained by seawater composition
changes alone8.

This exaggeration of coral derived SST changes on longer timescales
has so far been addressed by adjusting the calibration, either after observing
steeper calibration slopes for annual mean data23,24 or spatial calibrations28,
or to correct for a hypothesised time-scale dependence of temperature
sensitivity due to damping of monthly scale variation by biosmoothing29.
However, correlation between local SST and geochemical tracers is also
often much lower for annual- than monthly-resolution data23,24,30,31. While
replication studies have shown good reproducibility of the recorded annual
cycle32–34, larger discrepancies can emerge for some25,32,35–38 but not all coral
colonies39,40 when looking at inter-annual changes in SST. The difference
between resolutions is in large part because the strong signal of the annual
cycle is absent in annual data. However, this implies that the strong corre-
lation atmonthly resolution is high, not because thenoise is low, but because
the signal from the annual cycle is very strong for most locations. This may
indicate that slow, non-climatic variations, or noise, in addition to the
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climate signal, are responsible for the excess variation in the geochemical
tracers at longer timescales.

Results
Excess variability in coral temperature records
To further quantify the ability of corals to record temperature changes at
different timescales, we analyse the PAGES (Past Global Changes) Cor-
alHydro2k database41, a recent compilation of coral Sr/Ca and δ18O records
from across the tropics and subtropics (Fig. 1a). We first compare the
amplitude of variations (standard deviation) of coral Sr/Caandδ18O records
with the amplitude of co-located gridded SST (specifically OISSTv2.1 and

ERSSTv5) at monthly (within-year) and annual mean (between-year)
resolutions. There is a clear difference between these timescales in how well
the amplitude of gridded instrumental SST fluctuations are reflected in
individual Sr/Ca and δ18O records given the typical temperature sensitivity
of these tracers (Fig. 1b-c, Supplementary Fig. 2). Within-year standard
deviations ofmonthly instrumental SST and tracer records correspond well
across most of the spatial variation in annual cycle amplitude; coral Sr/Ca
and δ18O only under-record variation in SST at locations with the highest
annual cycle variation (Fig. 1b), perhaps due to a cessation or slowing of
calcification during either the coldest or hottest months42. In contrast, the
standard deviations of annualmean Sr/Ca and δ18O records far exceedwhat
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Fig. 1 | Map of study sites and a comparison across space between the standard
deviation of coral Sr/Ca and gridded SST at short and long timescales. a Locations
of Sr/Ca and δ18O records used in the main analysis of this study. Precise positions
have been adjusted to avoid over-plotting. b The mean standard deviation of the
annual cycle in monthly coral Sr/Ca values and OISSTv2.1 from corresponding
locations. c as b but showing the standard deviation of annual mean SST and coral
Sr/Ca. For b, c: error bars indicate standard errors of the estimated standard
deviations; the dashed blue lines indicate the consensus mean sensitivity of coral Sr/

Ca to temperature (−0.06 mmol mol-1 K-1 12); a section of the red-highlighted record
is used for the inset figures illustrating themonthly b versus annual c coral Sr/Ca and
OISSTv2.1 timeseries. At the annual timescale the SD of Sr/Ca is on average similar
to that expected given the SD of gridded SST and the mean sensitivity of Sr/Ca to
temperature in coral aragonite; however, at longer timescales Sr/Ca is more variable
than expected given local gridded SST variation. For coral δ18O results see Supple-
mentary Fig. 2.
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would be expected given the typical temperature sensitivity of these tracers
(Fig. 1c, Supplementary Fig. 2).

To study this timescale dependent behaviour in amore systematicway,
we analyse the power spectra of the coral and instrumental records.
Uncorrected power spectra of coral Sr/Ca and δ18O records (Sproxy) are
higher than instrumental SST spectra by a factor of at least 2 across all
timescales (Fig. 2a), corresponding to at least 40%higher standarddeviation,
except at the annual cycle (Supplementary Fig. 3).

Separating the climate signal from the noise
To characterise the magnitude and temporal structure of the non-climate
noise component of coral Sr/Ca and δ18O, we make use of the fact that
nearby records should record similar temperature variations, as surface
temperatures are highly correlated across several hundred kilometres43. By
analysing pairs of closely located records (median separation <1 km) that
overlap in time (Fig. 1a) we decompose the variance of coral records into
shared (climate), and non-shared (non-climate) components using a fre-
quency resolved version of analysis of variance (see Methods44). From this
analysis we obtain corrected power-spectra representing the shared signal,
which we interpret as the climate signal Sclim, and the non-shared compo-
nent, which we consider as the non-climate noise, Snoise, showing the
timescale dependence of both components (Fig. 2c). For individual pairs the
separation of the common and noise components is inherently noisy;
therefore, we present only averages across all pairs (Fig. 2). For comparison
with the power spectra of instrumental SST, the coral Sr/Ca and δ18O
temperature proxies have been scaled with their mean sensitivities,
−0.06mmolmol-1 K-1 for Sr/Ca12, −0.22‰ K-1 for δ18O36, values obtained
frommany empirical studies andwith support from inorganic precipitation
experiments.

Amplitude and correlation structure of the noise
The separation of signal and noise indicates a large and strongly auto-
correlated noise component for both coral Sr/Ca and δ18O (Fig. 2c). Snoise
increases from inter-annual (2-5 years) to multi-decadal (10–100 years)
timescales, indicating that, unlike for many other climate archives such as
water isotopes in ice-cores44, or δ18O in marine sediment cores45, the mag-
nitude of error on individual coral records is larger at longer timescales.

There are several lines of evidence that our separation of climate and
non-climatic variations is meaningful:

Firstly, although the noise componentwas estimatedwithout reference
to any SST product, after subtracting the noise (Eqs. 3–4), the resulting
corrected proxy spectra, Sclim, correspond well in pattern and amplitude to
power-spectra of instrumental SST (ERSSTv5 and OISSTv2.1) evaluated at
the locations of these coral records (Fig. 2a). Although griddedSSTproducts
represent temperature variations at a much larger spatial scale, at inter-
annual to decadal timescales they agree in amplitude with variations
recorded by temperature loggers located on coral reefs46 (Supplementary
Fig. 5) and so we should expect agreement between corals and gridded SST
at these timescales.Wenote however that gridded SSTproducts become less
reliable furtherback in time, andwehave little independent logger dataprior
to 1996, so comparisons on decadal to centennial timescales need to be
treated with more caution. After correction, the spatial pattern across
locations with varying SST amplitudes also matches the expectation given
average temperature sensitivity (Fig. 3), further supporting our interpreta-
tion of the shared component as primarily climate signal. Remaining scatter
around the mean sensitivity line is due in part to uncertainty in the
separation of signal and noise, which could be reduced by using spatial
clusters rather than pairs of coral colonies with more records per cluster.

Secondly, power spectra of the residuals from regression models of
coral tracers onto SST support the idea that the non-climate component is
strongly autocorrelated, as indicated by the steep increase in power with
timescale (Supplementary Fig. 4). For Sr/Ca, regression-based residuals
spectra and Snoise from the stacking method have similar magnitudes, while
for δ18O the residuals spectra lie above Snoise. This is consistent with the coral
δ18O signal containing additional variance from changes in seawater δ18O,

likely from variations in the hydrological cycle11,47, and promising regarding
community efforts to reconstruct tropical hydroclimate changes over the
Common Era41,48.

Thirdly, while relative time uncertainty between coral colonies due to
missing or double counted annual bands or cycles49 could inflate the
apparent noise component44, timeuncertainty itself doesnot affect the shape
or amplitude of power-spectra50, and therefore cannot explain the excess
power in the uncorrected proxy spectra (Fig. 2). Simulations show that
relative time uncertainty would produce a very different noise spectrum
than the one we estimate from stacking (Supplementary Fig. 6) and cannot
explain the estimatednoise spectrum, Snoise, atmultidecadal timescales, even
if wewere to assume a counting error rate thatwould imply all noise at inter-
annual timescales is due to time uncertainty.

Finally, by analysing pairs of records with a maximum spatial
separation of less than 54 km (median distance 0.74 km), and for which
there is a high correlation between sites in satellite based annual mean
temperature (Pearson correlation >= 0.99), we have limited the extent to
which true spatial variationmight bemis-attributed as noise. This is further
supported by the small effect of spatial separation on the signal-to-noise
ratio (SNR) at timescales longer than the annual cycle, withSNR for Sr/Caof
only around 1 even at separations of less than 1 km (Supplementary Fig. 7).

While, individual corals might capture local climate variation not
represented by the grid cells of the ERSSTv5 and OISST products, such as
influences from shallow lagoonal versus reef slope settings that are more
affected by the open ocean, or sites affected by local upwelling of colder
waters versus non-upwelling sites, such variations would still be considered
noise in the context of regional climate reconstructions.

Discussion
The presence of highly autocorrelated noise on individual coral records has
significant implications for the interpretation of existing coral paleo-climate
studies and the use of coral records in climate research. At timescales longer
than the annual cycle, uncorrected coral Sr/Ca andδ18Ovariance is 2-7 times
larger than after correction (1.4 to 2.6 times in terms of standard deviation,
Fig. 4). The inflated variance implies that past studies of decadal to cen-
tennial temperature variability using individual coral records2,8,51–53 are
biased towards showing toomuch variability and thus have exaggerated the
mismatchbetweenproxy-based variability estimates andmodel simulations
of tropical climate. This may imply that other high-resolution marine
proxies are biased in a similar way, as their variability is currently thought to
be consistent with that of coral records5,54,55.

Strongly autocorrelated error may be a common feature of climate
archives where proxy timeseries come from single organisms (e.g. trees56,
bivalves57) rather than from separate samples of short-lived individuals (e.g.
foraminifera in marine sediment cores), or ice, where the noise is pre-
dominantly independent between samples44,45. For corals, in addition to
sampling issues, it is plausible that physiological and/ormetabolic processes
that affect the incorporation of Sr/Ca and δ18O into coral skeletons,
described as vital effects, are responsible for this strongly temporally cor-
related error. For pragmatic reasons, when reconstructing past climate, vital
effects are typically treated as if fixed for a given coral colony when in fact
there are indications that they have the potential to vary over time, for
example as side effects of growth rate-related kinetic effects58–62, in response
to changes in the composition of their symbionts63–65, or thermal stress
events66. Such “wandering vital effects” would introduce strongly auto-
correlated non-climate related noise consistent with our findings.

Fortunately, in contrast to the strong temporal correlation of this noise
within individual records, it appears to be largely uncorrelated between
colonies. This implies that averaging replicated records, or stacking, is an
effective way to reduce the non-climate component and increase the signal-
to-noise ratio, as is common in dendrochronology, has been demonstrated
for central Greenland ice cores67 and suggested for corals36,68. Indeed, it is
often noted that composite records made from stacking replicates correlate
better with independent SST records than do the individual coral
records30,32,33,35,39,68,69. We show here that stacks of just 2 replicate records are
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Fig. 2 | Power spectra of coral Sr/Ca, δ18O, and instrumental SST. aA comparison
of the uncorrected (Sproxy) and corrected (Sclim) spectra estimated from coral Sr/Ca
and δ18O with the power spectral density (PSD) of instrumental SST (ERSSTv5 &
OISSTv2) evaluated for the locations and time periods for which there were Sr/Ca
and δ18O data. Spectra represent averages across all pairs of coral records analyzed in
this study. For a and b, units have been converted toKelvin bymultiplying Sr/Ca and
δ18O based spectra by 1/0.062 and 1/0.222 respectively. bNo. of pairs and the number

of unique records contributing to themean power spectra at each frequency for coral
derived data. c Power spectral density of the uncorrected coral proxy records, shared
(climate) and noise components estimated using the stacked records method. For
proxy-based power spectra, shaded regions indicate 68 and 95% confidence intervals
estimated by record-wise bootstrapping. Bootstrapped interval estimation was not
possible for timescales with contributions from less than about 20 coral pairs (the
precise number was dependent on the variation of the given statistic).
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sufficient to fully correct estimates of past climate variability as the noise
remaining after stacking can be subtracted from spectra or variance esti-
mates (Fig. 3). While residual noise cannot be ‘removed’ from composite
timeseries, we can estimate realistic noise estimates appropriate for the
timescale of the analysis45. Importantly, individual records still contain
valuable information about past climate history, even when accounting for
these larger uncertainties (Supplementary Fig. 9). Measurements of coral
extension rate, density, andadditional tracers such as Li/Ca, Li/Mg,U/Ca, B/
Ca, and Mg/Ca may offer ways to statistically adjust reconstructions for
biological and growth rate effects70–72. However, replication will remain the
most reliableway to identify and remove these effects36 and canbe applied to
both modern and young fossil corals73.

To advance our understanding and optimal use of coral-based
reconstructions, it will be necessary to incorporate temporally correlated
noise into proxy system models, which, at present, assume independent
errors18,74,75. Additionally, this correlated noise must be considered in data
assimilation exercises, impacting the relative weighting of proxy andmodel
information. Conventionally reported errors on metrics such as decadal
means from individual records are likely underestimated and previous
interpretations of local reconstructions from individual corals compiled in
the CoralHydro2k database41 may need to be reassessed in this context.
Finally, considering our findings and basing calibration on replicated
corals76 could clarify complexities in coral calibrations, including time-
interval dependency77, the timescale of the data23,24,29 and inter-colony var-
iation in calibration parameters69.

Corals remain one of the most valuable archives for tropical marine
climate reconstructions9–11 and we reiterate previous calls to prioritise
replication when developing new coral records36,78,79, while recognising the
substantial analytical work and cost involved, as well as the sensitive nature
of coring additional centurion-aged colonies in fragile ecosystems. Strategic
site selection, so that where possible new cores are located near to existing

records, which can then be re-analysed along with the new data, will opti-
mise our use of these resources.

Methods
Coral Sr/Ca and δ18O records
We screened the PAGES CoralHydro2k Database41 for Sr/Ca and δ18O
records with monthly or bi-monthly (6 per year) minimum temporal
resolution. Records labelled as “monthly_uneven” and “bimonthly_une-
ven” were also included. The primary time variable in CoralHydro2k is
decimal year “year.dec”. For most records this is a semi-regular time axis
with small variations in the estimated time spacing between geochemical
measurements. When converted to year and month, this results in many
cases where there are two observations in a month, on say the 1st and 30th,
and then no observation the following month. To avoid this, we linearly
interpolated all records onto a regular time axis with 12 mid-month time-
points per year, with amaximum interpolation distance of 1month, leaving
gaps where an interpolatedmid-month point would bemore than 1month
from the nearest observation. This interpolation will have a small low-pass
filtering effect on the time series and resulting power spectra, equivalent to a
sinc4 filter in the frequency domain affecting only the highest frequencies.
The attenuation is approximately 5% at the frequency of the annual cycle.
We then used singular spectrum analysis with iterative gap filling to inter-
polate over short gaps in records and upscale bimonthly records tomonthly
resolution while preserving the annual cycle implemented in the R package
“Rssa”80. No recordswere extrapolated past their earliest or latest data point.

Instrumental data
Instrumental SST data from the NOAA Extended Reconstructed SST V5
(ERSSTv5)81 and NOAA OI SST V2 High Resolution Datasets
(OISSTv2.1)82 were matched to the interpolated coral Sr/Ca and δ18O
records by distance weighted linear interpolation andmatching by year and
month. Using the ERSSTv5 has the benefit that it goes back to 1854 and

Fig. 3 | Corrected versus uncorrected estimates of
climate variation from coral geochemical tracers.
Standard deviation of Sr/Ca and δ18O records before
and after correction via the stacked records method
plotted against the SD of SST from OISSTv2. Each
point represents the mean across records in a pair.
The diagonal lines show the accepted literature
values for the mean sensitivities of the two proxies
(−0.06 mmol mol-1 K-1 for Sr/Ca 12,−0.22‰K−1 for
δ18O 36).
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therefore can be used to estimate variance at longer timescales, with the
downside that it has a coarser spatial resolution of 2° x 2° (approximately
110 × 110 km) and is based on sparse observations with the risk of
increasing inaccuracies further back in time. OISSTv2.1 has a much higher
0.25 × 0.25° (27 × 27 km) resolutionand is basedonmore spatially complete
satellite data, however it only goes back as far as 1981.

For each location we estimated the power spectrum of ERSSTv5 and
OISSTv2.1 data. Mean spectra of ERSSTv5 and OISSTv2.1 were then cal-
culated by averaging across locations.

Nearby pairs of records. We identified pairs of coral δ18O or Sr/Ca
records from colonies which overlap in time by at least ten years, and for
which detrended annual mean OISSTv2.1 time-series for the full period
1981-2024 sampled at both locations were correlated R > = 0.99. This
resulted in 58 Sr/Ca, and 31 δ18O pairs with amaximumpairwise distance
of 54 km. The mean distance was just 7 km and the median less than
1 km. This set of closely located colonies was used for the main analysis.
An expanded set of pairs with maximum distance of 1000 km and no
restriction onOISSTv2.1 correlationwas used to examine howour results
were influenced by spatial separation (Supplementary Fig. 7).

Of the 81 unique coral records in the reduced set of pairs, 60were from
colonies of the genus Porites, with additionally 11Orbicella, 6 Siderastrea, 2
Pseudodiploria and 2 Diploastrea.

Comparison of instrumental and coral record variance
To illustrate that coral Sr/Ca and δ18O records match the variance expected
from instrument SST at annual cycle timescales but exceed it at longer
timescales, at each locationwherewehave a geochemical recordwe calculate
the standard deviation betweenmonthly values for the Sr/Ca or δ18O record
and for OISSTv2.1 matched by year and month. We calculate these sepa-
rately for eachyear, then calculate themeanacross years for each record, and
the standard error of this mean as the standard deviation divided by the
square root of the number of years. Only years with 12monthly values were
included in the calculations.

To compare variance at longer timescales we calculate annual mean
geochemical and OISSTv2.1 values (Jan-Dec) and then the standard
deviation across annual means. The standard errors of these standard

deviation estimates, σ, were estimated with the formula σ/√ (2n− 2), where
n is the number of values fromwhich the standard deviation was calculated.

These estimates for coral Sr/Ca or δ18O andOISSTv2.1 are then plotted
against each other and compared to a reference line indicating their con-
sensus mean sensitivity to temperature (−0.06mmolmol-1 K-1 for Sr/Ca 12,
−0.22‰ K-1 for δ18O36 (Fig. 1b, c, Supplementary Fig. 2).

Stacking and variance decomposition in the frequency domain
For each pair we create a stacked (mean) record by averaging across coral
records at each timepoint (averaging in the time domain) and estimate the
power spectrumof the stack, Sstack.We then estimate the power spectrumof
each individual record, Sproxyi , before averaging across records at each fre-
quency (averaging in the frequency domain) to get the mean individual
record spectrum�Sproxy . Power spectrawere estimated after linear detrending
and removing the mean. We use the multitaper method with five tapers.

Assuming that the non-climate component of a coral geochemical
timeseries is independent of the climate signal, the spectrumof an individual
record is the spectrum of the climate Sclim, plus the spectrum of the non-
climate component, Snoise (Eq. 1).

Assuming that the non-climate component (noise) is independent
between records, while the climate component is common across records in
a stack, the power spectrum of the stack, Sstack, is the power of the common
climate signal (Sclim) plus the power of the noise, Snoise, divided by the
number of records in the stack, n, here always 2 (Eq. 2).

Sproxy ¼ Sclim þ Snoise ð1Þ

Sstack ¼ Sclim þ Snoise=n ð2Þ

From expressions 1 and 2 we can derive the spectrum of the noise
component as the difference between�Sproxy and Sstack, correcting for the fact
that the stack still contains some noise unless is composed of an infinite
number of records (Eq. 3).We can thenobtain the spectrumof the common
signal, here assumed to be climate, by subtracting the noise spectrum from
�Sproxy .

Snoise ¼ ð�Sproxy � SstackÞn=ðn� 1Þ ð3Þ

Fig. 4 | Inflation of coral Sr/Ca and δ18O variation
by non-climate noise. Corrected versus raw var-
iance of coral Sr/Ca and δ18O proxies calculated by
integrating the corrected and raw proxy spectra
(Sclim and Sproxy respectively) across frequency
bands corresponding to characteristic timescales.
The inflation factor is a variance ratio, the ratio in
terms of standard deviation is given in parentheses.
Error bars show 68% (+− 1 se) and 95% confidence
intervals from bootstrapping.
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Sclim ¼ Sproxy � Snoise ð4Þ

The frequency dependent signal-to-noise ratio is then simply the ratio

Sclim=Snoise ð5Þ

Power spectra were estimated using the multitaper method and then
smoothed to reduce noise in the spectral estimates. Because the noise
component is large relative to the signal at some frequencies, and because
here we have only 2 records in each stack, uncertainty in the numerical
spectral estimator can mean that the Snoise estimate can exceed Sstack,
resulting in non-sensical negative power estimates for Sclim at some fre-
quencies. To reduce the occurrence of negative estimates we smooth the
spectra at the expense of losing detail at specific frequencies, but this gives a
clearer picture of the scaling of climate and noise variance with timescale.

To aid comparison of coral Sr/Ca andδ18O spectrawith eachother, and
with instrumental based SST, coral Sr/Ca and δ18O were scaled by their
respective mean temperature sensitivities to convert them to units of var-
iance in temperature (0.06mmolmol-1 K-1 for Sr/Ca 12, 0.22‰ K-1 for
δ18O36).

Aggregation across pairs
Estimates of Sclim are by construction very noisy for individual pairs and so
we stack pairs in the frequencydomain to get the power spectrumof tropical
SST as recorded by coral Sr/Ca and δ18O. To do this we interpolate the
spectra from each pair onto a common frequency axis and calculate the
mean across frequencies.

Time uncertainty
Age models for coral timeseries are typically generated by counting annual
bands backwards from the year of core retrieval – for sub-annually sampled
records they are thencross-referencedwith annual cycles in the geochemical
measurements (e.g. δ18O and/or Sr/Ca). Bands and cycles can be missed or
double counted, introducing uncertainty or error to the assigned year. This
kind of time uncertainty does not affect the overall shape of power spectra
for individual timeseries50. It does however reduce coherency between
records, and therefore influences the spectrum of a mean or stacked record;
without correction, this time uncertainty effect could be misattributed as
noise in our analysis.We assessed themagnitude of this affect by simulation
using a band counting error model49, as implemented in the proxysnr
package for R44, which can be used to estimate the effect of relative time
uncertainty as a transfer function44. For each pair of records we simulated
independent counting-error-perturbed age models, assuming the top-most
year in a record to be the year of collection and error free, with subsequent
counting error rates of 1 in 50, 100, 200, and 400 years. The probabilities of
double counting or missing a year were assumed to be equal. Where the
records in a pair started in a different year (i.e., had a different number of
years before the start of their overlapping period) we modelled from the
mean of the starting dates. The perturbed records were then stacked, as in
our main analysis (Eqs. 1–4) which allows the artefactual time-uncertainty
noise component to be estimated. This was repeated 1000 times to get a
stable estimate (Supplementary Fig. 6).

Sub-annual geochemical measurements are typically assigned to spe-
cific months by matching one or both of the peak and trough of the annual
cycle to the climatologically coldest and warmest months at the location of
the coral colony. Intervening measurements are then assigned to the other
months of the year by interpolation. The specific method varies between
practitioners, but the effect on the power-spectrum is similar to that of linear
interpolation, reducing power at higher frequencies and biasing the slope of
the spectrum towards −2 in log-log space. We did not model this process
explicitly here, but ratheravoid quantitatively interpreting thepower spectra
at timescales faster than the annual cycle.

Variance pre- and post-correction
To assess how well the stacking method corrects variance estimates, we
integrated Sproxy, Sclim across the frequency range 1/100 <f <½.We then plot
the uncorrected and corrected climate SD estimates against mean instru-
mental SDs per pair, with reference lines indicating mean temperature
sensitivities (Fig. 3).

Variance inflation factor
To show the extent to which the non-shared (non-climate) component
exaggerates or inflates estimates of climate variability at different timescales,
we integrated Sproxy and Sclim over the frequency ranges 1/100 <= f <= 1/10
(decadal to centennial); 1/10 <= f <= 1/2 (interannual to decadal); 1/2 <= f
<= 1/1.1 (interannual); 1/1.1 <= f <= 1.1/1 (annual) and take the ratio of
these variance estimates (Fig. 4).

Effect of pairwise distance
To test whether the spatial distance we allowed between records in a pair
could influence our results, by allowing true spatial variation to be mis-
attributed to noise, we examine the relationship between pairwise distance
and apparent signal-to-noise ratio at annual cycle, interannual and inter-
annual todecadal timescales.While there is a decline in SNRwithdistance at
all timescales, this effect is small at timescales above annual for distances less
than 100 km (Supplementary Fig. 7).

Record-wise bootstrapping confidence intervals
We carried out record-wise bootstrapping to estimate uncertainty in power
spectra, variances and variance ratios. Individual records were resampled
with replacement. For a given bootstrap sample, if a record is not sampled,
then all pairs containing that missing record are then missing from the
bootstrap sample. If records appear more than once, then their corre-
sponding pairs also appear more than once in the bootstrap sample. We
then used the variation across 10000 bootstrap samples to estimate uncer-
tainties in all spectra and statistics presented (with the exception of Fig. 1).
We estimate the 0.025, 0.159, 0.841, and 0.975 quantiles, which are
equivalent to+− 1 and 2 standard deviations, or the 68 and 95%confidence
intervals. Bootstrapped interval estimation was not possible for timescales
with contributions from less than about 20 coral pairs (the precise number
was dependent on the variation of the given statistic).

Monte Carlo validation
We used a Monte Carlo procedure to validate our implementation of the
stacking method by simulating data with different spectral slopes for the
climate andnoise components and testing that themethod returns unbiased
estimates of the parameters used for the simulation. For each pair we
simulate one pseudo climate timeseries with a power spectrumwith similar
scaling to that observed in Sclim estimated from the real data (beta = 0.7). For
each member of a pair, we then add a noise timeseries such that the signal-
to-noise ratio declines from approximately 1 at f = 6 to 0.3 at f = 0.07 (beta =
0.9), and a deterministic sinusoidal seasonal cycle. This approximates the
observed SNR in the real data. We generate 1000 replicate sets of this
surrogate data and for each re-run the stacking analysis, including the
aggregation across pairs. We then test that the method returns unbiased
estimates of the parameters used for the simulation (see Supplemen-
tary Fig. 8).

Autocorrelated noise example timeseries
To illustrate the consequences of autocorrelated noise on the interpretation
of individual timeseries, we contrast uncertainty estimates based on an
assumption of independent (white) noise, and the uncertainty implied by
the power-spectrum of the noise we estimate here. We apply these uncer-
tainty estimates to a 244-year bi-monthly Sr/Ca record fromRasUmmSidd
in the northern Red Sea24 that we have binned to decadal resolution. For the
uncertainty assuming autocorrelated noise we integrate the estimatedmean
noise spectrum for Sr/Ca records (Snoise, Fig. 2) over the frequency range 1/
244years to 1/20years.Tocover the frequency range1/244 to1/100yearswe
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extendedSnoise assumingapower lawwith the sameaverage slope as over the
frequency range 1/100 to 1/20. This gives the variance of the autocorrelated
noise process at decadal resolution. For the uncertainty assuming inde-
pendent noise we assume a white noise process with total variance equal to
the variance of the full extended Snoise spectrum from1/244 to 3 years. To get
the variance on annual means we divide this by 60 for the 60 Sr/Ca obser-
vations per decade. We apply these two uncertainty estimates to annual
means calculated from the original monthly values, scaled to units of tem-
perature with 1/−0.06 (Supplementary Fig. 9).

Data availability
All Sr/Ca and δ18O data used are contained in the PAGES (Past Global
Changes) CoralHydro2k database41 and are available at this https://doi.org/
10.25921/yp94-v135. The NOAA Extended Reconstructed SST V5 data
product (ERSSTv5)81 is available here: https://doi.org/10.7289/V5T72FNM.
NOAA OI SST V2 High Resolution Dataset data (OISSTv2) was provided
by the NOAA PSL, Boulder, Colorado, USA, from their website at https://
www.psl.noaa.gov/data/gridded/data.noaa.oisst.v2.highres.html.

Code availability
All code is publicly available as a Github repository archived via a Zenodo
https://doi.org/10.5281/zenodo.10613861.
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