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Abstract
The ability to distinguish observed climate change from naturally arising climate variability is one
of the most fundamental findings in climate science. Climate change emergence is a key statistic
used to quantify the impact of human activities on climate and inform climate change mitigation
strategies. Previous studies determining when climate change has emerged, however, do not
account for the combined uncertainty from historical observations and climate models. Here, we
show that the emergence of regional warming is early, widespread, and robust to observational and
model uncertainty. Warming has emerged over more than 90% of the global land surface as of
2020, and had emerged over more than 50% of the earth’s land surface by 2000. Emergence occurs
despite observational and model uncertainty creating delays of more than 10 years over 75% of the
land surface. These conclusions demonstrate that accounting for multiple sources of uncertainty is
necessary for robust detection of climate change emergence.

1. Introduction

The emergence of anthropogenic changes to the
climate system has been studied extensively for
many climate variables at various spatial and tem-
poral scales. Retrospectively detecting or prospect-
ively estimating the year at which a particular change
to the climate system will emerge has been a critical
piece of climate science and the communication of
climate change, particularly by the IPCC assessment
reports (Kirtman et al 2013, Doblas-Reyes et al 2021,
Ranasinghe et al 2021). The emergence of changes has
been extensively studied for regional surface air tem-
perature (Mahlstein et al 2011, Hawkins and Sutton
2012, Kirtman et al 2013, Tebaldi and Friedlingstein
2013, Doblas-Reyes et al 2021, Ranasinghe et al 2021),
as well as many other variables such as mean precip-
itation (Giorgi and Bi 2009), drought (Orlowsky and
Seneviratne 2013), extremes (King et al 2016), and
effects on crop yields (Rojas et al 2019). As such, the

detection of climate change is one of the most funda-
mental results of climate change research.

Detecting the time of emergence (ToE) of an
anthropogenically forced signal requires providing
evidence that the statistics of a climate time series
are distinguishable from what could be expected in
the absence of anthropogenic forcing. A climate sig-
nal has emerged when the observations fall outside
of pre-industrial internal variability. We approach
emergence as a signal detection problem where the
signal is the trend in an observed time series and the
noise is the expected variability due to internal vari-
ability. Signal-to-noise frameworks are robust and
easy to interpret, but are also less appropriate for
extreme event detection and can be sensitive to start
and end years. We note that emergence can also be
thought of as a distribution change (e.g King et al
2015) or a change in the likelihood of events (e.g. Stott
et al 2004). While detection methods have various
advantages and yield different results, the underlying
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principle is the same: a climate signal emerges when
it is distinguishable from internal variability.

Reducing emergence to a signal-to-noise problem
means that two key properties of the climate system
must be quantified. First, the climate systems’ internal
variability must be determined. That is, ‘Which evol-
utions of the system could we reasonably expect in
the absence of anthropogenic forcing?’ Over the past
decade, large ensembles of climate models and long
pre-industrial control simulations have allowed the
characterization of this internal variability (Deser et al
2012, 2020, Kay et al 2015). Second, the true evol-
ution of the climate system must be quantified for
the variable and timescale of interest or ‘What evolu-
tion of the systemactually occurred?’ Long, high qual-
ity observational records supply this information.
Historically, much of the attention in the emergence
literature has focused on quantifying model uncer-
tainty in internal variability and the forced response
(e.g. Hawkins and Sutton 2012). However, there is
substantial uncertainty in observed climate trends,
particularly at regional scales (Osso et al 2023). There
has yet to be a comprehensive study of how both
observational and model uncertainty affect ToE.

Various methods have been used to determine
when a climate change signal has emerged from
internal variability. A common approach is to use
climate models to quantify both the internal vari-
ability and the climate change signal. Model-based
methods generally compute statistics on a running
window of fixed length and detect emergence when
a window can be distinguished from internal vari-
ability (e.g. Hawkins and Sutton 2012, King et al
2015).Other studies use a separate set ofmethods that
compute both trends and variability from observed
records (Tiao et al 1990, Weatherhead et al 1998,
Leroy et al 2008). These observation-based meth-
ods detect change in an observed trend of increas-
ing duration rather than from the statistics of a mov-
ing window. Model-based methods better character-
ize internal variability, but are subject to model bias.
Observation-based methods, on the other hand, use
the true state of the climate system but struggle to
appropriately characterize internal variability due to
observational uncertainty and relatively short data
records.

To isolate the influence of observational and
model uncertainty, this work uses a single ToE
method. Specifically, we use a hybrid approach sim-
ilar to Stouffer et al (1994) and Shaw and Kay
(2023) that combines the advantages of model and
observation data sources (see Methods sections 2.2.3
and 2.2.4).We derive internal climate variability from
the modeled pre-industrial climate, obtain the cli-
mate change signal from observations, and determ-
ine detection using linear trends. This trend-based
method leverages the long historical record and is
well-suited to studying how the uncertainty and avail-
ability of observational data influences emergence.

Historical surface temperature anomalies have
one of the highest quality climate records over the
instrumental era, with near global coverage extend-
ing back into the 19th century. Despite the long
duration of surface temperature observations, these
records also have uncertainties arising from sparse
spatial coverage andmeasurement bias, among others
(Chan et al 2023, Sippel et al 2024). Multiple global
temperature products (e.g. GISTEMP, HadCRUT)
now provide comprehensive uncertainty assessments
that include proper statistical treatment of spatial
and temporal uncertainty structure (Huang et al
2020, Morice et al 2021, Lenssen et al 2024). These
observational uncertainty ensembles contain mul-
tiple, equally likely reconstructions of observed his-
torical surface temperature anomalies and are the
best-practice way to quantify observational uncer-
tainty that has statistical properties not well repres-
ented by simple covariance structures.

Here, we use uncertainty ensembles to quantify
the influence of observational uncertainty on the ToE
of regional warming over the global land surface.
First, we investigate the spatial and temporal patterns
of ToE and delays due to observational uncertainty.
We then evaluate individual regions to understand
the effects of forced change, internal climate variabil-
ity, and observational uncertainty on ToE. Finally, we
repeat our analysis using additional model and obser-
vational data products to create a broad accounting of
uncertainty in ToE. To our knowledge, this is the first
ToE study to quantify observational uncertainty and
combine it with climate model uncertainty. Despite
this rigorous and conservative assessment of uncer-
tainty, we find that surface warming had emerged
over more than 50% of the land surface by 2000 and
has emerged over virtually the entire land surface as
of 2020.

2. Data andmethods

2.1. Data
2.1.1. Historical surface temperature
We use two historical surface temperature products
that estimate global and regional temperature from
in situ observations: the GISTEMPv4 uncertainty
ensemble (Lenssen et al 2024) and the HadCRUT5
uncertainty ensemble (Morice et al 2021). These
products both provide uncertainty ensembles, each
containing 200members that span the known sources
of observational uncertainty. Over the land surface,
uncertainty arises as a result of correcting inhomo-
geneities in single weather station as well as the stat-
istical interpolation necessitated by limited spatial
and temporal observational coverage (see supplement
section 1 for detailed discussion). The two products
have different methods and data sources, but broadly
agree on regional and global scales (Lenssen et al
2024).
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We also compare GISTEMP andHadCRUT5with
the Berkeley Earth Land/Ocean Temperature Record
(BEST) (Rohde and Hausfather 2020). BEST has a
single deterministic member and interpolates more
extensively than either GISTEMP or HadCRUT, lead-
ing to smoother data with greater spatial and tem-
poral coverage. These three data products do not
provide spatially and temporally complete estimates
of historical temperature; the treatment of the miss-
ing data is discussed below in sections 2.2.1–2.2.3.

Reanalyses also provide valuable records of histor-
ical surface temperature, but begin too late in the 20th
century to be useful for our analysis. However, we
include a comparison of surface temperature trends
since 1980 (supplementary figure S1) to showhow the
ERA5 and MERRA2 reanalysis products compare to
the GISTEMP, HadCRUT5, and BEST observational
products.

2.1.2. Pre-industrial control runs
We estimate the range of potentially observed trends
in a pre-industrial climate for a given region using
long pre-industrial control (piControl) simulations
from Earth System Models. With dozens of models
available from the Coupled Model Intercomparison
Project (CMIP), it is tempting to use every model
to sample model uncertainty. Applying this ‘model
democracy’, however, ignores the known differences
in model performance that can be used to constrain
their applications (Hausfather et al 2022).

Here, we use four Earth System Models from
CMIP5 and CMIP6 that best replicate the observed
statistics of regional internal variability over the his-
torical period (Suarez-Gutierrez et al 2021, figure 5):
CESM1 (Kay et al 2015), MPI-ESM-LR (Maher et al
2019), CanESM2 (Kirchmeier-Young et al 2017), and
GFDL-ESM2M (Rodgers et al 2015). Such an assess-
ment of climate model internal variability requires a
large ensemble over the historical period. The length
of the pre-industrial simulations from each model is
500 years (GFDL-ESM2M), 1000 years (CanESM2),
1400 years (CESM1), and 2000 years (MPI-GE). We
first present results with CESM1 and apply our meth-
ods to all four models in section 5.

2.2. Methods
2.2.1. Annual averages
Calculating annual means from monthly anomalies
is the first step in the observed trend analysis. The
absence of individual months within a single year can
bias an annual mean due to strong seasonality in sur-
face temperatures. To avoid these biases while includ-
ing as much data as possible, we take a conservative
version of the GISTEMP procedure for annual aver-
ages (Lenssen et al 2019). Annual means are com-
puted when all 4 seasons are properly sampled as
defined by 2 of 3 months observed. Annual means are
then computed as the average of all 4 seasons so that

missing months do not lead to the over-weighting of
seasons with more observations.

2.2.2. IPCC region averages
Both observational and model data must be aggreg-
ated to the IPCC regions. We use the xagg python
package move from the raster lat-lon grid to the
shapefile IPCC grid and properly account for grid-cell
area (Schwarzwald and Geil 2024). The xagg python
package was designed to aggregate values on poly-
gons from raster grids, properly accounting for rel-
evant surface areas of both grids. The package cal-
culates the values of the polygonal IPCC regions by
a weighted average of overlapping lon/lat raster cells.
The weighted mean calculation accounts for the area
covered by the raster cell as well as the border cases
when raster cells are only partially covered an IPCC
region.

Differences in data availability can hinder fair
comparisons between observational products, but are
also a source of structural uncertainty that wish we
to quantify. Consequently, we allow data availability
to differ between observational products, but apply
conservativemethods when computing regional aver-
ages to ensure that our results are not biased by
incomplete spatial coverage. IPCC regions with data
from <90% of their area for a timestep are con-
sidered unobserved at that timestep. We test the sens-
itivity of the determined start year and ToE to the
regional data availability threshold (section 2.2.3) in
supplement section 2 and supplementary figures S2
and S3.

2.2.3. Calculation of observed temperature trends
Trends are calculated using standard linear regres-
sion. We compute trends for the first 3 years
of a record, then additional years are individu-
ally added and trends are recomputed. Unavailable
years are treated as missing when trends are com-
puted and not included in the regression. If the
final year of a period is unavailable, the trend
for that year is masked when computing ToE so
that emergence does not occur in the absence of
observations. That is, we prevent a trend emer-
ging because the envelope of internal variability nar-
rows enough that the trend from the preceding year
emerges.

In addition to using a conservative data avail-
ability threshold when computing regional averages
(section 2.2.2), we also apply a conservative approach
for determining the start year of the trend analysis.
Specifically, we start the trend analysis at the first
year in the 20th century with consistent observations
thereafter. For each spatial region (IPCC and lat-lon
grid), we identify this year as the earliest year when:
(1) Data is available for that year and (2) the follow-
ing 5, 10, 20, 40, and 80 year periods all have at least
66% data availability. The results presented are robust
to changes in this method.
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2.2.4. Internal climate variability
The possible range of trends in a pre-industrial cli-
mate is computed by sampling each piControl simu-
lation for time series of lengths from 3 to 120 years.
All possible series of a given length are sampled and
the linear trend is calculated. Confidence intervals are
then calculated empirically from the sampled trends
for each of the four Earth System Models used.

While pre-industrial control simulations are com-
monly used to estimate internal climate variability
for detection studies (e.g. Stouffer et al 1994, Hegerl
et al 1996), they do not include non-anthropogenic
forcings such as volcanic eruptions and variations in
the solar constant. Such forcings may increase the
range of pre-industrial trends, but these effects should
be small on the multi-decadal timescales at which
we detect trend emergence (e.g. Lockwood 2012). By
computing trends from the beginning of consistent
observations (see section 2.2.3), we ensure that the
influence of non-anthropogenic forcings on our res-
ults is small.

2.2.5. Time of emergence
We define a median and strict ToE to assess the influ-
ence of uncertainty on ToE. For both metrics, we
compute ToE by comparing observed trends with
a 95% confidence interval on unforced trends. The
median ToE is defined as the year which the median
observed trend exceeds the upper 95% confidence
interval of pre-industrial trends and stays above it
for the remainder of the record. The ‘median ToE’ is
approximately equivalent to calculating the ToE with
a single deterministic temperature record. The strict
ToE is calculated by first determining the ToE for each
observational uncertainty ensemble member separ-
ately. As in the median definition, ToE for each mem-
ber is defined as the yearwhen a trend exceeds the ICV
interval and does not re-enter. Then, we define the
strict ToE as the year when when 95% of the obser-
vational ensemble members have emerged. By con-
struction, the ‘strict ToE’ will be the same or a later
year than the ‘median ToE’ in line with the intuition
that observational uncertainty impairs our ability to
detect change in the climate system.

2.2.6. Total uncertainty accounting
Using two observational models, four models, and
200 ensemble members results in 1600 estimates of
ToE for each region. This ToE distribution samples
observational uncertainty, model uncertainty, and
observational product uncertainty. We apply our
definitions ofmedian andmean ToE to this entire dis-
tribution to produce a conservative estimate of ToE at
both IPCC Region and lat-lon grid scale.

2.2.7. Time of emergence delays
We compute delay in ToE due to observational uncer-
tainty alone (Observational Delay) by taking the dif-
ference between themedian and strict ToE for a single

observational uncertainty data product (GISTEMPor
HadCRUT5). We compute delay due to combined
observational uncertainty, model uncertainty, and
observational product uncertainty (Total Delay) ana-
logously to the observational delay while using the
ToE distribution described in section 2.2.6.

2.2.8. Spatial scale
The spatial scale at which emergence is studied
largely determines the relevant audience of the res-
ults. Emergent trends over large regions defined by
the IPCC provide useful global summaries (Iturbide
et al 2020). Trend detection at finer scales where cli-
mate impacts and adaptation efforts occur, however,
is more relevant to local climate policy and commu-
nication. At these finer scales, however, internal vari-
ability is larger and emergence generally later (Shaw
and Kay 2023). We address the question of scale by
computing ToE at both the IPCC region scale on the
native 5 degree lat-lon grid of available uncertainty
ensembles.

3. Effect of observational uncertainty on
trend emergence

We first determine how observational uncertainty
affects ToE for the land surface IPCC regions as these
regions are the primary form that emergent trends are
communicated to the broader climate change com-
munity (Iturbide et al 2020). GISTEMP and CESM1
(Kay et al 2015) are used to compute observed trends
and internal climate variability, respectively. In agree-
mentwith previous findings, temperature trends have
emerged above internal variability for nearly all land
surface IPCC regions (figures 1(a) and (b)). The
only IPCC regions that have not emerged are in the
Antarctica, due to insufficient data availability (see
Methods 2.2.2).Observational uncertainty delays ToE
by more than five years for almost all IPCC regions
(figure 1(c)), and 20%of the Earth’s surface has delays
greater than 15 years.

Regions with large delays are predominantly in
the tropics and the southern hemispherewhere obser-
vational uncertainty is generally greater due to fewer
observations (Menne et al 2018, Lenssen et al 2024).
Smaller forced trends in the tropics also delay emer-
gence (Hawkins and Sutton 2012). Supplementary
figures S4(a)–(c) compares ToE for the GISTEMP,
HadCRUT5, and BEST observational products.

We next investigate the emergence of trends on a
regular lat-lon grid instead of pre-defined regions
(figures 1(d)–(f)). Similar to the IPCC regions,
trends have emerged over nearly the entire non-
Antarctic surface even after accounting for obser-
vational uncertainty (figures 1(d) and (e)). The
greatest observational delays are consistent with
the IPCC regions, but the gridded analysis better
resolves regions where trends emerge early and others
where observational uncertainty causes large delays.
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Figure 1. Time of Emergence (ToE) for GISTEMP and CESM1. (a) The ToE at IPCC region spatial scale without taking
observational uncertainty into consideration (Median ToE). (b) The updated ToE estimate, taking into account observational
uncertainty (Strict ToE). (c) The observational delay, defined as the difference in the two ToE years. (d)–(f) as (a)–(c), but for a 5
degree lat-lon grid. Dotted hatching indicates ocean surfaces. Slashed hatching indicates regions where strict ToE has not occurred
and delay is a lower bound.

Figure 2. Histograms (filled) and cumulative distribution functions (unfilled) of the Time of Emergence (ToE) year under the
median and strict ToE definitions for (a) IPCC regions and (b) a 5 degree lat-lon grid. (c) The delay due to including
observational uncertainty. Unfilled values in panel (c) are 1 minus the cumulative distribution function, indicating the land
surface fraction with delays greater than or equal to the x-axis delay value. ToE is computed using CESM1 and GISTEMP.

Well-sampled regions of low internal variability on
the Brazil coast of South America and in Southern
Africa emerge by 1950 or earlier even after account-
ing for observational uncertainty (figure 1(e)). On
the other hand, nearby regions in the Amazon and
Central Africa emerge decades later after delays of
more 25 years (figure 1(f)). In general, the regions
with long delays are concentrated in the Global
South where observational uncertainty is large.
Supplementary figures S4(d)–(f) compare ToE for
the GISTEMP, HadCRUT5, and BEST observational
products.

While the IPCC regions and lat-lon grid may
agree qualitatively, the ToE occurs later for the lat-lon
regions when compared to the larger IPCC regions
(figures 2(a) and (b)). This result is consistent for
both the median ToE and strict ToE as the ratio

between the forced signal and internal variability is
expected to decrease as the area of a region decreases.
Regardless of the spatial scale used, however, obser-
vational uncertainty delays the ToE (figures 1 and 2).

Delays in ToE are also generally greater on the lat-
lon grid than the IPCCRegion scale (figure 2(c)). 68%
(58%) of lat-lon (IPCC) regions are delayed by more
than 5 years. Despite these large delays, the detection
of regional warming is widespread. As of 2020, 91%
of the Earth’s land surface area has an emergent sig-
nal of climate change when accounting for observa-
tional uncertainty at the IPCC regional spatial scale.
On the finer lat-lon grid, 81% of the land surface has
emerged when accounting for observational uncer-
tainty. Supplementary figure S5 shows Median ToE
histograms at the IPCC region and 5 degree scale for
the HadCRUT5 and BEST observational products.
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Figure 3. Time of Emergence plots for six IPCC regions. Observed regional trends (dark blue), their corresponding observational
uncertainty (light blue), and the 95% likely pre-industrial trends (grey). The ratio between the 95% likely ranges of the
observational uncertainty and internal variability (red) should be approximately constant if the observational uncertainty and
internal variability each have constant uncertainty in time. In panel (d), trends begin in 1948 due to data availability (see
Methods 2.2.2). ToE is computed using CESM1 and GISTEMP.

4. Variations in delay of emergence

We next investigate 6 IPCC regions and demonstrate
the interplay between observational uncertainty,
trends, and internal climate variability (figure 3).
Regions are selected from each continent except
Antarctica. The West and Central Europe region
(figure 3(a)) has low observational uncertainty and
a fairly monotonic warming signal, and is the only
region of the six that has no delay in ToE. The other
five regions have delays ranging from 17 to 65 years
(figures 3(b)–(f)). These five regions of large delay
provide illustrative examples of how observational
uncertainty and internal variability can alter ToE in
non-intuitive ways. First, all five regions show amod-
eration or decrease in the observed trend shortly after
themedian trend emerges. Themedian trend remains
detectable, but observational ensemblememberswith
less warming do not emerge until much later. The
result leads to two conclusions: ToE would likely be
much earlier if surface temperature were knownmore
confidently, and internal variability superimposed on
the underlying forced response created conditions for
earlier emergence than if trends followed the mono-
tonic forced response. The inclusion of observational
uncertainty also prevents early false alarms of emer-
gence due to multi-decadal variability as is seen in
Eastern North America (figure 3(f)).

While the five regions of large delay show some-
what consistent behavior in trends following emer-
gence, they differ markedly in how observational
uncertainty evolves in time. Specifically, S.E. Asia and

N.W. South America show a large increase in obser-
vational uncertainty relative to internal variability
(figures 3(b) and (d), red lines). These two regions
are in sparsely observed areas where observational
uncertainty in monthly temperature anomalies has
increased in recent decades (Lenssen et al 2024). In
the well sampled West and Central Europe, obser-
vational uncertainty remains flat relative to internal
variability as theorized by the underlying time series
statistics assuming autoregressive time series (Leroy
et al 2008). The examples provided here give insight
into the interplay between observational uncertainty
and internal variability.

These examples highlight that there are three
properties of a region that control the ToE: (1) The
magnitude and variability of the observed trend, (2)
themagnitude and temporal structure of the observa-
tional uncertainty and (3) the magnitude of the pre-
industrial internal variability. Here, we have showed
that large delays primarily occur due to some combin-
ation of factors (1) and (2); the largest delays are seen
in regionswith non-monotonic trends and/or persist-
ent observational uncertainty. These two factors have
a much larger influence on the delay of ToE than does
the magnitude of pre-industrial variability as shown
by the presence of large delays in regions with both
low and high trend internal variability (McKinnon
and Deser 2018). We find the examples provided
here give insight into the complex interplay between
the various uncertainties and guidance for possible
considerations in the development of ToE detection
methods.
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Figure 4. Spread in median and strict ToE for six selected IPCC regions. (a) For each region, the median (strict) ToE for each
model-observation data pairing is reported on the left (right) of the vertical dashed line. Symbol pattern and color indicates the
model and observational data product, respectively. (b) Spread in median (left) and strict (right) ToE due to choice of model and
observational product. Observational spread is the average change in ToE when the observational product is changed with model
product held constant. Model spread is the average difference between maximum and minimum ToE across model products when
the observational product is held constant. (c) ToE delay for each of the model-observation pairing with symbols and colors as in
panel (a). ToE computed from BEST is compared with median ToE from the GISTEMP and HadCRUT5 ensembles.

5. Howmuch does the choice of data
product matter?

Any estimate of ToE is subject to epistemic uncer-
tainty from unquantified error in model and obser-
vational data products. To estimate the sensitivity
of the presented results to the choice of temperat-
ure product, we repeat our analysis with the Met
Office Hadley Centre/ Climatic Research Unit global
surface temperature dataset version 5 (HadCRUT5)
(Morice et al 2021). To sample the epistemic uncer-
tainty in model estimates of internal climate variab-
ility, we repeat our analysis with an additional three
Earth System Models (MPI-ESM, CanESM2, GFDL-
ESM2M), selecting climatemodels that best represent
internal variability in the study of Suarez-Gutierrez
et al (2021). Thus, we repeat our analysis eight times
by crossing the two temperature products with four
estimates of internal variability.

Figure 4 shows the median and strict ToE from
each model-observation pairing for the 6 IPCC
regions discussed in section 4, allowing us to exam-
ine the influence of different data products. There are

clear differences in model internal variability in E.
North America, which give rise to large delays when
CESM1 or CanESM2 are used. Conversely, ToE is
highly sensitive to the choice of observational product
in N.W. South America where GISTEMP shows
greater observational uncertainty than HadCRUT5
(Lenssen et al 2024). Overall, figure 4 paints a com-
plex picture of epsitemic uncertainty where there is
no persistent pattern amongmodel-observation pair-
ings. This result gives us confidence that this method
of quantifying epistemic uncertainty is doing a reas-
onable job of summarizing the uncertainty in ToE
estimates due to methodological choices. ToE results
for all IPCC regions and model-observation pairings
are included in the supplement (figures S6–S8).

Maps of epistemic uncertainty in strict ToE on
the lat-lon grid (figure 5) also show a complex pat-
tern. In general, spread in strict ToE is mostly due to
the choice of observational data product (figures 5(a)
and (b)), which aligns well with regions that have
large uncertainty in historical surface temperature.
In South America and Central Asia, for example,
strict ToE varies by over 40 years. Still, recovering
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Figure 5. (a) Total spread in ToE on the 5 degree lat-lon grid. (b) Spread due to choice of observational data product. (c) Spread
due to choice of model product. Observational spread is the average change in ToE when the observational product is changed
with model product held constant. Model spread is the average difference between maximum and minimum ToE across model
products when the observational product is held constant. Dotted hatching indicates ocean surfaces. Slashed hatching indicates
land surfaces where spread is calculated using fewer than four model-observation pairings due to missing ToE values.

Figure 6. Time of emergence (ToE) when accounting for observational uncertainty, model uncertainty, and observational product
uncertainty. (a) Median ToE, (b) strict ToE, and (c) the total delay, defined as the difference in the two ToE years. Panels (d)–(f)
are as in (a)–(c), but for a 5 degree lat-lon grid. Dotted hatching indicates ocean surfaces. Slashed hatching indicates regions
where strict ToE has not occurred and delay is a lower bound.

the total spread in strict ToE requires sampling across
both observational andmodel products, demonstrat-
ing that each data source is an important source of
epistemic uncertainty.

Finally, we combine all sources of uncertainty
examined here to produce a conservative estimate
of ToE (figure 6). Using two observational models,
four models, and 200 ensemble members, we pro-
duce 1600 estimates of ToE for each region. Requiring
that 95% of these estimates emergence guarantees a
robust and conservative assessment of surface warm-
ing detection. At IPCC region scale, the entire non-
Antarctic land surface has emerged, and more than
50% of the total land surface had emerged by 2000
(figure S9(a)). On the lat-lon grid, 74% of the total
land surface has emerged and more than 50% had
emerged by 2010 (figure S9(b)). This widespread and
early emergence occurs despite large delays due to
uncertainty. At IPCC (lat-lon grid) scale, 75% (68%)
of the land surface is delayed by more than 10 years,
and 35% (30%) is delayed by more than 20 years.

6. Conclusions

In this study, we have expanded the calculation of
ToE to include the uncertainty in historical surface
temperature, as well as epistemic uncertainty arising
from the choice of data products used. This treat-
ment of relevant uncertainties in calculating ToE
provides guidance for incorporating uncertainty in
future studies, including IPCC reports. In addition,
combining multiple uncertainty sources to investig-
ate regional ToE has shown that:

(1) Forced surface temperature trends have emerged
for nearly the entire land surface globe.
More than 50% of the land surface had
emerged by 2000 and 90% had emerged as of
2020 (IPCC scale).

(2) This robust detection occurred despite large
delays due to observational and model uncer-
tainty; more than 35% of the land surface is
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delayed by more than 20 years (IPCC scale).
Median ToE occurs decades earlier, suggest-
ing that reducing observational and climate
model uncertainty would lead to widespread
regional climate change emergence during the
20th century.

(3) Observational uncertainty is the largest source
of delays. The concentration of large delays in
the Global South provides a striking example
of how historical observational practices become
embedded in critical IPCC science (e.g. Lieber
et al 2022).

(4) Non-monotonic warming trends and decreases
in the quality of observational records cause the
greatest delays in ToE.

All together, these results provide themost statist-
ically complete assessment of regional surface warm-
ing detection to date. Despite the inclusion of addi-
tional uncertainty, the detection of regional warming
is early and widespread.
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