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Abstract.

Attribution studies quantify anthropogenic contributions to meteorological changes and commonly rely on approaches that
compare historical observations with global climate model (GCM) simulations that are driven solely by natural forcing (Bindoff
et al., 2013). However, GCM simulations have limited spatial resolution and are biased by parameterized climate processes and

5 uninitialized conditions that lead to the lack of representation of historical meteorological events (Cannon et al., 2015; Eyring
et al., 2016; Almazroui, 2021; Zhang et al., 2023). In addition, attributing climate extremes to human activity requires assess-
ing these events in an unperturbed climate system. We address these gaps by developing a novel high-resolution dataset that
provides daily average global temperatures over the past four decades without the influence of anthropogenic climate forcing.
We use quantile delta mapping (QDM), a quantile trend-preserving bias adjustment method, to remove anthropogenic warming

10 from the fifth generation of the European Centre for Medium-Range Weather Forecasts Reanalysis (ERAS) using historical
and natural-forcing-only simulations from the Coupled Model Intercomparison Project Phase 6 (CMIP6). The resulting dataset
consists of historical Global Daily Natural temperature (henceforth, GDNat) records at 0.25° x 0.25° spatial resolution from
1979-2020, providing a valuable resource for attributing extremes and their impacts to anthropogenic warming. We demon-
strate a regional application of GDNat by assessing changes in the number of days in the year where daily average temperatures

15 reach or exceed 35°C over North Africa, the Middle East, South Asia, and Australia. We find an average of an additional 15-30
days per year attributable to anthropogenic to warming over the 2000 to 2020 period.

1 Introduction

Since the industrial revolution, anthropogenic activity has substantially warmed the planet (Gulev et al., 2021; Eyring et al.,

20 2021). Current estimates suggest that global mean surface temperatures have already increased by about 1.3°C above late
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nineteenth century levels ((Chen et al., 2021)), and global climate models (GCMs) project about 3°C of planetary warming by
the year 2100 under a moderate emission trajectory (Scafetta, 2023; Sung, 2021). The evidence that human activity is driving
global warming is unequivocal (Eyring et al., 2021; Gillett et al., 2021; Li et al., 2021), but attributing the relative influence
of anthropogenic warming to a single meteorological event has proven to be more challenging due to the short observational
record, the rare nature of these events, and the difficulty in disentangling the effects of internal climate variability (e.g., El
Nifio-Southern Oscillation) from anthropogenic forcing (Stott et al., 2004; Sherman et al., 2023).

The challenge of isolating anthropogenic contributions spurred the development of climate attribution research, which aims
to quantitatively identify the effects of anthropogenic emissions of greenhouse gases and aerosols on historical weather and
climate. Attribution studies have relied on numerous techniques that compare observed climate patterns with GCM-simulated
responses to specific forcings, and systematically separate the effects of anthropogenic forcing on the climate system from
internal climate variability (Hegerl, 2011; Cummins, 2022; Hannart, 2019; Sai Ma, 2023). GCMs have been instrumental
in attribution analysis and allow for the comparison of modeled simulations with and without human-caused forcing (e.g.,
land-use change, fossil energy emissions, etc.). The Detection and Attribution Model Intercomparison Project (DAMIP), in
particular, was created within the broader Coupled Model Intercomparison Project (CMIP) modeling framework to specifically
examine the role of natural forcings (e.g., from volcanic eruptions and solar cycles) in driving the spatiotemporal patterns and
variability inherent to the climate system (Eyring et al., 2021; Gillett et al., 2021). DAMIP scenarios provide a critical baseline
for understanding the climate system in the absence of human activity and with only human activity, allowing researchers to
more easily evaluate and quantify the relative contributions of human activity to the observed changes in climatic events (Gillett
et al., 2016). Using these tools and modeling approaches, it has been shown that human-driven climate change has doubled the
risk of heat waves (Zeppetello et al., 2022; Stott et al., 2004), increased the risk of extreme precipitation (Estrada et al., 2023;
Seung-Ki Min, 2011), and rapidly escalated the risk of heat-related mortality across the globe (Liithi et al., 2023; Eyring et al.,
2021). Despite these advances there is a need to continuously improve methods and data products to better capture extreme
events, regional differences, and temporal variability which motivated the methodological approach and dataset we present
here. Since many climate impact studies evaluate long term regional temperature trends and threshold extremes over relatively
short observational windows, constructing a counterfactual that adjusts the full temperature distribution rather than only the
mean is necessary, yet computationally demanding at the spatial and temporal resolutions for attribution and impacts studies.
To address this limitation, we provide a daily, high-resolution counterfactual temperature dataset that includes removal of the
full distribution of the anthropogenic signal from ERAS5, not just the mean, for all global grid cells.

While GCMs are continuously improved with each CMIP release, their outputs are too spatially coarse for the needs of many
climate impact studies, and some archived GCM outputs are limited in their temporal resolution (Eyring et al., 2016; Naveau
and Thao, 2022; Wang et al., 2023). Participating GCMs also have large structural differences in their representation of the
climate (Ramirez-Villegas et al., 2013), which can be attributed to simplified and incomplete geophysical processes, missing
feedback processes, nonlinear earth system interactions, and their response to various radiative forcing mechanisms. (Knutti
and Sedl4cek, 2012; Taylor et al., 2012; Eyring et al., 2016; Zhu and Yang, 2020; Srivastava et al., 2020; Fyfe et al., 2021;

Illangasingha et al., 2023). Yet, although the performance of individual GCMs varies between regions and variables of interest,
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they are able to adequately capture large-scale climate variability and change (Flato and Rummukainen, 2013). GCMs are also
useful in simulating the evolution of the historical climate and the overall distribution of historical meteorology. Given these
constraints, raw GCM projections can be limited in their usage in attribution research. Thus, GCMs are often bias-adjusted and
statistically downscaled to align their output with the characteristics of observed or reanalysis data and improve their spatial
resolution for regional analysis (Tabor and Williams, 2010). Yet while bias adjusting is an important step to match the data
with the desired distribution, the methods used to perform these adjustments are not without challenges and can inadvertently
introduce anomalous behaviors to the data, particularly at the tails of the data distribution, which capture extreme events
(Cannon et al., 2015; Tabor and Williams, 2010; Watanabe et al., 2012). Additionally, GCMs are not initialized to replicate
historical climate variability, and even after bias adjustment, will not reproduce individual observed weather events.

While impact assessments done in climate impact modeling are tied to the real world (Cucchi et al., 2020), our primary
focus is to provide a climate dataset for attribution studies that serves as a counterfactual to the real world, in order to isolate
the real-world impacts of anthropogenic warming. We therefore elected to use the 5th generation reanalysis (ERAS) product
from the European Centre for Medium Range Weather Forecast (ECMWF) as the real world, and remove its anthropogenic
signal using the difference between the historical and historical natural-only GCM simulations on a quantile basis. Previous
attribution studies have used a range of methods to isolate and remove the anthropogenic signal from simulated or observed
climate. For instance, some studies have done this by averaging global or regional temperatures in simulated projections that
include and omit anthropogenic warming over a number of years, with the calculated difference then applied uniformly to a
time series of spatially gridded data (Burke et al., 2018; Diffenbaugh and Burke, 2019; van Garderen, 2021). Although more
simplistic methods like these may adequately adjust trends in the long-term mean, they assume that the temporal distribution
does not change and therefore may not accurately represent the more extreme values in the adjusted climate. This has the effect
of producing unrealistically inflated or truncated values and trends (Cannon et al., 2015). Some studies have addressed these
limitations by adopting more advanced techniques, such as linear regression, Bayesian, and detrended approaches to account for
the temporal variability observed in the data (Hegerl, 1996, 2011; Katzfuss, 2017; Franke, 2022). For example, Hegerl (1996)
and Hegerl (2011) developed methods to better separate the anthropogenic signal using natural variability. Katzfuss (2017)
introduced a framework estimating extreme event probabilities with temporal dependence, while Franke (2022) proposed
detrended approaches that improve attribution of climate extremes by accounting for long-term trends and internal variability.
Mengel et al. (2021) produce a complementary dataset to GDNat for use in attribution research, known as ATTRICI, that
allows for the attribution of climate impacts to all climate change, not solely attributable anthropogenic climate change as in
GDNat. ATTRICI was created using a detrending method at each grid point in which the long term component of a given
climate variable that is conditional on global mean temperature change is removed from a reanalysis-like historical dataset to
produce a counterfactual mean seasonal cycle. Quantile-mapping is then used to map daily values from the factual climate to the
counterfactual to produce a daily timeseries. The ATTRICI approach is used to generate a counterfactual climate in the ISIMIP
impact modeling framework (Hattermann and Krysanova, 2024; Frieler et al., 2024; Didovets et al., 2024). However, to our
knowledge none of the existing attribution studies attempted to represent and remove the full distribution of the anthropogenic

signal from a historical dataset at high resolution around the world, which we do using a quantile-based method.
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Quantile-based adjustment methods, such as detrended quantile mapping (DQM) and standard quantile mapping (QM), have
also been used to align changes in the quantiles with the target distribution in traditional bias adjustment contexts (Thrasher
et al., 2012; ThemeBl et al., 2011; Hempel et al., 2013). Although DQM and QM generally outperform simpler bias correction
methods, these methods also often distort data trends and exaggerate changes in the distributional extremes (Cannon et al.,
2015; Kim et al., 2021; Maraun, 2013). In our case, we were particularly interested in preserving the spatiotemporal patterns and
temperature trends present in the distributional tails of ERAS while solely removing the full distribution of the anthropogenic
warming signal from the dataset. We therefore chose a quantile-based method that maps the distribution of ERAS by quantile at
each grid point location and time-step independently, called quantile delta mapping (QDM) (Cannon et al., 2015; Lehner, 2023),
and use it in conjunction with historical natural-only simulations from DAMIP to calculate the anthropogenic component of
CMIP6 historical simulations. Our attribution adjustment method subsequently removes the anthropogenic signal from ERAS
on a quantile-by-day-by-location basis while avoiding introducing biases inherent in the GCMs.

The QDM method has been found to better preserve changes in quantiles and extreme values (Gergel et al., 2023; Cannon
et al., 2015; Lehner, 2023; Xavier, 2022; Tong, 2020), but it can be quite computationally expensive and complex to run at
this spatiotemporal scale of 0.25 degrees for the globe (Gergel et al., 2023; Lehner, 2023). These computational and resource
constraints have limited the broader application of QDM at the finer resolutions required for regional attribution analyses. To
facilitate future attribution research, we produce a publicly available dataset using QDM as an attribution adjustment method to
strip anthropogenic warming from ERAS. This novel dataset provides daily coverage over the period of 1979-2020 at quarter-

degree resolution and has the potential for regional attribution studies, given its highly resolved spatiotemporal coverage.

2 Methods
2.1 Climate Data

To estimate the anthropogenic component of historical climate change, we use multiple realizations from the historical ("histor-
ical"), historical natural-only ("hist-nat"), and SSP2-4.5 ("ssp245") scenarios, and one realization from the long preindustrial
control ("piControl") simulation, for six GCMs participating in the DAMIP exercise of CMIP6 (scenario details can be found
in Tables Al and A2). These six GCMs all have daily surface air temperature available for these four scenarios (Tables Al
and A2). We use these data and the ERAS historical reanalysis to create the GDNat dataset. The dataset described here solely
includes daily average surface air temperature (i.e., the variables zas and 12m in CMIP6 GCMs and ERAS, respectively). How-
ever, the methodology can be applied to other continuous variables (e.g., maximum and minimum daily temperature) and,
with small method modifications (e.g., using a multiplicative rather than additive approach), non-continuous positive-definite
variables (e.g., precipitation) found within the CMIP archive, so long as reference data exist. We expect to provide some of
these additional data products along with new iterations of GDNat (e.g., using CMIP7 and ERA6) with subsequent releases.
In the CMIP6 experiments, the historical scenario covers the period 1850-2014 and includes anthropogenic forcings from
greenhouse gases, aerosols, and land use. The hist-nat scenario covers 1850-2020 but only contains solar and volcanic forcing

(Eyring et al., 2016). Because our methodology employs a 21-year rolling cumulative distribution function (CDF) (see Section
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2.3), we extend the historical simulations with future projections from ssp245 and extend the hist-nat simulations with years
extracted from piControl in order to generate global gridded time series through 2030.

The ssp245 scenario incorporates both natural and anthropogenic forcings and reflects a middle-of-the-road for the current
climate trajectory (Meinshausen et al., 2020; Eyring et al., 2016; O’Neill et al., 2016). The DAMIP protocol also includes a
scenario, ssp245-nat, that includes only natural forcings (Gillett et al., 2016). However, we used piControl rather than ssp245-
nat to extend hist-nat simulations because ssp245-nat was not available for all the GCMs. The preindustrial control (piControl)
experiment reflects Earth’s radiative energy balance prior to 1850, and global greenhouse gases and land-use are held in a fixed
state. The piControl scenario provides a long-term equilibrium state of the climate system and a robust baseline for internal
variability (Gillett et al., 2016). Although differences exist between piControl and ssp245-nat, both simulations represent the
Earth’s climate without contemporary anthropogenic forcing, and result in a comparable planetary energy balance and climate
variability. While ssp245-nat includes stratospheric aerosol forcing that initially aligns with 2014 observations, these levels
are explicitly prescribed to approach piControl levels by 2025 (Gillett et al., 2016; O’Neill et al., 2016). We therefore found it
reasonable to substitute ssp245-nat with piControl for the 2020-2030 period and use piControl for all GCMs for consistency.
Ultimately, we identified six GCMs having piControl and at least three available ensemble members from each of the historical,

ssp245, and hist-nat simulations, which we used to remove the anthropogenic signal from ERAS.

2.2 Adjustment Methodology

We develop a counterfactual dataset that retains the natural variability and extreme events observed in ERAS while removing
the GCM estimated anthropogenic forcing component. We use Quantile Delta Mapping (QDM) ((Cannon et al., 2015)) trained
on the historical and hist-nat simulations from CMIP6, then apply the computed deltas to ERAS on a time, location, and
quantile basis. In the language of traditional bias adjustment, we are assuming that the reference climate is a world without
anthropogenic climate change and treat the difference between historical and hist-nat simulations as a "bias" to be removed
from ERAS5, where the "bias" is the anthropogenically forced climate change. QDM was selected due to its ability to preserve
the changes in distributional shape by preserving changes between the historical and hist-nat simulations at the quantile level
(Biirger et al., 2013; Cannon et al., 2015), unlike single delta approaches that primarily modify the distributional mean (Ho
et al., 2012; Hawkins et al., 2013).

The adjustment method follows from (Cannon et al., 2015) and (Gergel et al., 2023) and can be described as the following:
For each GCM, cumulative distribution functions (CDFs) are used to align hist-nat and historical simulations and remove
the anthropogenic signal from ERAS5 by quantile. Let F,, ,[-], Fj, p[-], and F}. ,[] denote the CDF from hist-nat simulation
(reference data) n in period p, the CDF from historical simulation / in period p, and the CDF from the ERAS reanalysis r
in period p. Let z,.,(t) be a reanalysis value at time ¢ (e.g., average temperature on September 1, 1990) and z; ,(¢) be the
adjusted value on that same date (in this study, = is the ERAS value and «* is the GDNat value). Then let 7, ,(¢) be the non-
exceedance probability associated with z,. ,,(¢) such that 7, ,(¢) = F,. , (@, ,(t)] and ;. ,(t) = F,} 7, ,(t)] where F~1[-] is the

TP
inverse CDF.
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The training step involves calculating the adjustment factors between hist-nat and historical CDFs for the period p (Figure
1A shows illustrative training data), such that each quantile in the CDF is mapped to a temperature adjustment for that quantile

160 (Figure 1B). Then, for a given time ¢, the adjusted value of ERAS, which is GDNat, is given by:

‘r:,p(t) = wr,p(t) + (Fn_,;la [Tr,p(t)] - F}:; [Tr,p(t)]) (1)

where 7;. ,,(t) = Fi. [, (t)]. In other words, equation 1 states that on a given day ¢, the GDNat temperature ;. ,, (Figure 1C)
is given by first finding the non-exceedance probability 7, ,, of that day’s temperature in ERAS in period p, ., (Figure 1D),
and then adding the difference in temperature between the hist-nat and historical inverse CDFs at that same non-exceedance

165  probability F, (7., (t)] — Fh_; [7rp(t)] (AFs shown in Figure 1B).

Often in bias adjustment studies, the training step occurs one time such that the mapping from a simulated climate to a
reference climate (e.g., adjustment factors) is fixed Gergel et al. (2023); Mengel et al. (2021); Cannon et al. (2015). In this
study, we want to capture how the anthropogenic forcing changes in time so that the time-evolving signal can be accurately
removed from ERAS5. We therefore perform the training step (calculate adjustment factors), and the adjustment step, on a

170 rolling basis throughout the dataset time period, as described in Section 2.3.
2.3 Pipeline implementation

Here we describe the implementation of the methodology described in Section 2.2, which is encapsulated in the "Data_Generation"
section of the Python code repository at https://github.com/ClimateImpactLab/gdnat. While the adjustment method is relatively
straightforward, working with GCM output, especially at a high resolution, is compute-intensive and can be cumbersome. The

175 pipeline is organized to optimize for stability of the workflow rather than speed. We utilize the dask package on Google Cloud
Platform to perform out-of-memory calculations for each step in the pipeline. The process for computing and saving GDNat
can be summarized in the following steps, performed for each GCM and year: (1) prepare and clean input simulation data, (2)
train QDM model on pooled data, (3) regrid the adjustment factors, and (4) apply QDM model adjustment factors to arrive at
GDNat.

180 1. Prepare and clean input simulation data: We begin by concatenating historical and future simulations to cover the time
period 1969-2030. Historical and ssp245 simulations that correspond to the same GCM and realization are concatenated
to represent the climate including anthropogenic forcing from 1969 to 2030, while hist-nat and piControl simulations are
concatenated to represent the naturally-forced counterfactual simulation over the same period. The temporal calendars
are then harmonized across models to ensure consistency across each GCM simulation (e.g., the removal of leap days).

185 Note that we perform this step at the the GCM’s native (coarse) resolution for ease of computation, opting to regrid to

the final 0.25 degree resolution after calculating the adjustment factors in step 2.

2. Train QDM model: Adjustment factors (AFs) are calculated for each day of the year and quantile annually from 1979
to 2020 on a rolling annual basis. We use the xc1im package’s implementation of QDM (Bourgault et al., 2023) to

calculate the AFs. For each target year, data from three GCM ensemble members are pooled for that year to increase
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the representation of internal variability and reduce the influence of a single GCM realization. Once data are pooled,
CDFs are constructed by xc1im for each day of the year with +10 years data centered on the target year and +15 days
centered on the target day. For example, for July 15, 1990, the CDF is constructed from all July 1-July 30 days between
the years 1980 and 2000 in all three ensemble members. This process yields 1953 data points from which to construct the
CDF for each day of the year and year of GCM data (3 ensemble members x 31 days x 21 years) for each constructed
temperature CDF.

Daily temperature CDFs are built for each time step and location, with each CDF divided into 100 equally sized quantile
bins for the training calculation. The 100 adjustment factors are computed at the native horizontal resolutions of each
GCM due to computational resource limitations and to preserve the empirical relationship between the historical and
hist-nat GCM simulation. This constitutes the "training" step of the QDM model. For computational stability, we extract

the AFs from the QDM model and save them to cloud storage for later use in the pipeline.

3. Regrid adjustment factors: Given that GCM resolution varies and is spatially coarse, the resulting AFs are too spatially
coarse to be mapped directly to ERAS, which we obtained at 0.25 x 0.25 degree resolution. To align the spatial coordi-
nates of the AFs with those of ERAS, we regrid the AFs to the ERAS resolution on an annual basis using the bilinear
interpolation method in the xesmf package (Zhuang et al., 2023). The fine resolution adjustment factors are very large

( 350GB per year) and are saved to scratch cloud storage for use in the adjustment step.

4. Apply QDM model: The fine resolution AFs are read from cloud storage and applied to ERAS on an annual basis using
xclim. To accomplish this, the QDM model calculates the CDF in ERAS for each day in the year’s timeseries (i.e.,
it finds each day’s temperature quantile within the day and year windows), and adds the AF for each day’s quantile to
ERAS to arrive at GDNat. This occurs for each grid point and time step in the year, and is repeated for all years in the

final dataset.

These steps remove anthropogenic forcing from the climate system while avoiding introducing GCM biases, resulting in
a fine-scale GDNat product that preserves the spatiotemporal variability, quantile structure, and statistical characteristics of
ERAS, including the tails of the distribution that characterize extreme meteorological events. These steps are outlined in

Figure Al and were repeated for each GCM, resulting in a total of six GDNat ensemble members in the final dataset.

3 Results

To evaluate the GDNat dataset, the historical and hist-nat GCM simulations are compared with ERAS and GDNat. A complete
set of assessments is available on GDNat’s GitHub repository (Fofrich Navarro et al., 2026b). The diagnostic evaluation focuses
on specific years, assessing whether GDNat accurately preserves the anthropogenically forced spatial structure seen in model
outputs. Figure 2 shows the average annual climatology over 2000-2010 in the historical and hist-nat simulations for MIROC6,
ERAS, and GDNat. The coarse horizontal resolution of 2.5 degrees (250 km at the equator) in the raw model, MIROCS6 in this
case, is evident in Figure 2A and B, while GDNat’s climatology reflects the higher resolution of ERAS without adopting the
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characteristics of the GCMs (Figure 2D and E). By construction, the spatial patterns of the differences in climatology between
the GCMs (with and without anthropogenic forcing) are preserved between ERAS and GDNat (Figure 2C and F), while the
baseline climatologies are different.

Figure 3 shows an annual-mean, global-mean surface air temperature time series for each GDNat realization, alongside the
original output for ERAS and the historical and historical natural-only simulations from each GCM. By construction, interan-
nual variation within each GDNat ensemble member closely mirrors that in ERAS (Figure 3A). The magnitude of the tempera-
ture signal in each GDNat member reflects the degree of anthropogenic warming in its respective GCM, since higher projected
warming in a particular GCM results in larger adjustments being applied to ERAS. For five of the six GDNat ensemble mem-
bers, there is a relatively small change in global-mean temperature over 1980-2020, ranging from -0.082 to 0.040°C/decade
(Figure 3A), compared to 0.192°C/decade in ERAS. The exception is the GDNat ensemble member derived from CanESMS,
which exhibits a strong cooling trend (-0.17°C/decade), comparable in magnitude to the historical warming trend in ERAS.
This reflects an overly strong warming trend in CanESMS5’s historical simulation compared to its hist-nat simulation (Figure
3B) likely due to the model’s underlying parameterizations and high equilibrium climate sensitivity (Cannon, 2024; Zelinka
et al., 2020b; Swart et al., 2019). Consequently, caution is advised when using only the GDNat-CanESMS5 data, recognizing
that it may be overly sensitive to radiative forcing, especially when compared to other GCMs.

We show the spatial pattern of the time-average and quantile-average adjustment factors (Figure 4), which transform ERAS
to GDNat, by decade and GCM to show the range of anthropogenically forced changes predicted by the raw GCM simula-
tions. These mean adjustments are close to, but not exactly, the mean climatological difference between historical and hist-nat
simulations in these GCMs. Adjustment factors are larger in years with a greater magnitude of anthropogenic warming and
in models with higher equilibrium climate sensitivity, and the greatest temperature adjustments occur in the Arctic, consistent
with observed trends of anthropogenic warming (Taylor et al., 2022). In early years, many GCMs show regionally negative
adjustment factors, indicating that the historical experiments predict cooler temperatures than the corresponding hist-nat exper-
iments for those areas, which is to be expected when anthropogenic forcing is small and overwhelmed by internal variability.
Looking across the days of the year and quantiles (Figure A2), we find that Northern Hemisphere-mean adjustment factors
vary seasonally, generally reaching their highest values during Northern Hemisphere winter. We opted to solely look at the
Northern Hemisphere to avoid averaging regions with opposite seasonal phases which would otherwise obscure the day of
year dependent seasonal structure in the adjustment factors. The resulting pattern corresponds with the observed seasonality in
anthropogenic warming trends documented over recent decades and is consistent with previous literature (Masson-Delmotte
and Zhou, 2021; Marvel et al., 2023).

To compare the effectiveness of the QDM approach we use here with methods that quantify and apply a single adjustment
over space and time to the climatological distribution, we evaluate the deviation of Northern Hemisphere-mean adjustment fac-
tors by the day of the year and across different quantiles from the median adjustment factor for each day for four climatological
periods (Figure 5). The seasonal and quantile variations in these adjustment factors reveal that an adjustment using a single
climatologically averaged factor would fail to account for the nuanced warming and cooling patterns present in the data. For

instance, in some cases the adjustment factors at lower quantiles are smaller than the median (blue color in Figure 5), indicating
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that quantifying and applying a single adjustment value would overestimate the effect of anthropogenic warming on the cool
side of the distribution. In other cases, the adjustment factors exceed the median at higher quantile values, indicating a single
adjustment value would underestimate the effect of anthropogenic warming on the warm side of the distribution. In fact, there
is clear seasonal variation as seen also in Figure A2, which varies by GCM. However, in general, on relatively cooler days for
a given day of year (i.e., lower quantiles), a single delta would overestimate the adjustments in the cold and shoulder seasons
and underestimate in the hot season, whereas on relatively warmer days (higher quantiles), it would underestimate in the cold
and shoulder seasons and overestimate in the hot season Figure 5). As shown in the appendix figure A3, the resulting analysis
using a simpler adjustment process would closely match those based of GDNat if only comparing the mean temperature but
would generally underestimate the human-caused component of warming on the coolest and hottest days of the distribution.
Additionally, annual mean temperature differences between the two methods shown in FigureA4 indicate that applying a sin-
gle adjustment factor across all seasons and quantiles would miss important spatial variation and lead to varying degrees of
underestimation of human-caused climate change over land.

As an example of the application of GDNat, Figure 6 shows the difference in the frequency of days exceeding 35°C over
a 20 year climatological average from 2000-2020 relative to ERAS. We find that North Africa, the Middle East, South Asia,
and Australia exhibit a notably smaller number of days above 35°C in GDNat compared to ERAS with an additional 15-30
days per year (averaged from 2000 to 2020) reaching temperatures above 35°C directly attributable to anthropogenic warming.
Interestingly, some regions have fewer days above this threshold in ERAS compared to the GDNat ensemble. A notable example
includes Northern India for NorESM2-LM (Figure 6F), which may be due to the removal of aerosol forcing within that GCM.
In addition to Figure 6, we present a similar analysis but lower the threshold to 30°C and display the difference in days above
30°C between ERAS and GDNat (Figure AS). Consistent with (Figure 6), the greatest differences are observed in North Africa,
the Arabian Peninsula, South Asia, and Australia. Regions in the eastern half of South America, the southern part of North

America, and across the southern Eurasian steppes also show large increases in days over 30°C due to anthropogenic warming.

4 Discussion and conclusion

Existing meteorological records only cover periods already substantially altered by anthropogenic activity, meaning the dynam-
ics, frequency, and magnitudes of observed extreme meteorological events has been reflect a climate system already perturbed
by past greenhouse gas emissions (Sherman et al., 2023; Swanson et al., 2009; Barnett et al., 1999). Recent efforts have been
instrumental in generating counterfactual global climate model scenarios to study the behavior of the global climate system
without anthropogenic forcing (Mengel et al., 2021; Bindoff et al., 2013; Ribes et al., 2016) and future attribution research
depends on the availability of highly resolved credible counterfactual datasets. GDNat thus fills this need by systematically
removing anthropogenic warming from the historical record, serving as a counterfactual dataset in impact attribution models
to determine whether or not a recent meteorological event was the result of human activity or natural variability.

GDNat complements existing counterfactual datasets such as ATTRICI v1.1 (Mengel et al., 2021). Unlike ATTRICI, GDNat

allows explicit attribution of temperature-related impacts directly to anthropogenic climate change, whereas ATTRICI removes
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signals correlated with global-mean surface-air temperature change regardless of driver. By deriving counterfactuals using mul-
tiple GCMs, GDNat includes a measure of uncertainty around the anthropogenic signal, whereas ATTRICI provides a single
deterministic scenario. GDNat is also at a finer spatial resolution (0.25° versus ATTRICI’s 0.5°), and carefully accounts for the
rank-ordering of each day’s temperature on a rolling basis, to maintain the fidelity of the observational variability, including
extremes. However, GDNat currently models only surface air temperature, whereas ATTRICI includes more variables, includ-
ing precipitation, wind speed, and surface air pressure. (Mengel et al., 2021; Frieler et al., 2024). While the ATTRICI approach
of removing signals correlated with GSAT provides a tractable framework, the assumption that local or regional variables scale
linearly with GSAT may not always hold, especially for extreme events and processes strongly influenced by local dynamics or
non-GSAT drivers (Tebaldi and Arblaster, 2014; Wells et al., 2023; Grillakis et al., 2017). In contrast, GDNat was created using
empirically derived adjustments that vary by location, time, and quantile. The result is a highly resolved counterfactual data
product that removes the contributions of anthropogenic forcing yet captures these nuanced heterogeneous differences at the
localized level. GDNat can also be used to quantify the effects of heat management measures by providing a baseline against
which the effectiveness of interventions can be evaluated against natural conditions. Our findings further support the benefit
of a quantile-based adjustment method used to create GDNat, which accounts for the spatiotemporal temperature nuances and
ensures a more accurate data product for climate change attribution analysis.

Each GDNat member was generated using the same methodological framework, yielding consistent spatiotemporal patterns
over time. However, differences in temperature values emerge across members due to differences in the initial conditions and
anthropogenic response characteristics of the underlying GCMs. These variations result in a modest but noticeable spread
among the six GDNat ensemble members. Data end users should treat individual GDNat simulations similarly to individual
global climate model outputs and avoid relying too heavily on any single member. The inclusion of multiple GCMs in GDNat
is intended to account for differences in how models simulate the climate system’s response to anthropogenic forcing, helping
to mitigate model-specific biases and uncertainties. As with analyses that rely on CMIP ensembles, researchers are strongly
encouraged to leverage the full spread of GDNat members to enhance the robustness and credibility of their findings.

While we have taken extensive steps to ensure the robustness and quality of GDNat, several limitations should be noted.
Most notably, at present GDNat solely includes daily mean surface air temperature. Nonetheless, the QDM methodology can
be extended to other variables including maximum and minimum daily temperature or wet-bulb temperature, and modified
to incorporate precipitation. Additionally, while QDM’s fine-scale adjustments preserve the regional variability observed in
ERAS, the adjustments to ERAS were generated using the GCMs native resolution and later regridded to match ERAS’s
quarter-degree resolution. As a result, the adjustment factors used to create GDNat will not capture finer-scale processes that
are missing in the source GCMs, particularly in areas with complex topographic terrain or in coastal regions. In addition,
because no true counterfactual data product exists for direct comparison, GDNat cannot be validated against a ground-truth
observational record. However, GDNat’s construction is grounded in established methods (Cannon et al., 2015; Gergel et al.,
2023), and its spatial and temporal patterns are consistent with ERAS absent of anthropogenic warming. Thus, despite these
limitations, GDNat is a useful tool for investigating the human influence on temperature-driven extremes and supports the

growing field of impact attribution research.
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As impact attribution studies increasingly inform policy, litigation, and financial risk assessments, the credibility, trans-
parency, and interpretability of counterfactual datasets becomes increasingly important. Yet, the methodological choices in
defining the anthropogenic signal and the removal of this signal can materially influence the resulting estimates. GDNat was
developed using a standardized, transparent, and reproducible framework used to isolate and remove anthropogenic warming
from a widely used global temperature data product (i.e., ERAS). By standardizing the counterfactual scenario at a daily and
quarter degree scale while retaining the internal variability of ERAS, GDNat supports more consistent evaluation of tempera-
ture metrics across regions, timescales, and applications. Still, GDNat is not a substitute for natural only model experiments,
but a complementary tool that preserves the observed sequence of events without the modeled anthropogenic forcing. As
methodological approaches to climate impacts and attribution continue to evolve, the availability of reproducible counterfac-
tual datasets will be essential for ensuring the comparability and interpretability of results across studies. Future iterations of
GDNat may be published to extend the dataset beyond 2020, incorporate new and improved climate data (e.g., ERA6), and

extend the data product to include additional climate variables critical to attribution studies.

5 Code and data availability

All data used for this study are publicly available. Historical and historical-natural temperature for the Coupled Model Inter-
comparison Project phase 6 (CMIP6) are available on the Earth System Grid Federation (ESGF) data archive https://esgf-node.
lInl.gov/search/cmip6/. European Centre for Medium-Range Weather Forecasts Reanalysis vS (ERAS5) data is available at an
hourly time step at https://cds.climate.copernicus.eu.

Python was used for data processing and analysis. The code used to generate these findings is available on the Climate
Impact Lab GitHub repository https://github.com/ClimateImpactLab/gdnat (Fofrich Navarro et al., 2026b), and the underly-
ing data described in this manuscript is archived in the UChicago Knowledge repository https://doi.org/10.6082/dqt5x-gxh81
(Fofrich Navarro et al., 2026a).
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Figure 1. | Idealized schematic of the Quantile Delta Mapping (QDM) method for one GCM. Panel A shows an annual time series of
average temperature for a day of the year for 3 ensemble members of the historical and historical natural-only scenarios of one GCM. The
21-year training period p is shaded light gray. Panel B shows the GCM time series as CDFs for period p with the ensemble members pooled.
The adjustment factors (AFs) are found by subtracting the historical temperature x5, from the historical natural-only temperature x, , at
each quantile, using 0.95 as an illustration. Panel C shows the same day of the year time series for ERAS with the target day and adjusted

day marked respectively as ., and z;. ,,. The adjustment period, also p, is shaded light gray. Panel D shows the CDF for ERAS5 in period p

and illustrates finding the non-exceedance probability for z, ,, which is used to find the AF shown in Panel B, and applied in Panel C.
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Figure 2. | Comparison of the historical, historical natural, ERAS, and GDNat temperature simulations, averaged over 2000-2010.
Panels A and B show the average of three realizations from MIROC®6, while panel E shows the corresponding GDNat ensemble. Panels C and

F show the differences between the historical (A) and historical natural-only GCMs (B) and between ERAS (D) and GDNat (E), respectively.
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Figure 3. | Time series of global-mean surface air temperature for ERAS, global climate models, and GCMs. Colors denote different

GCMs. Panel A shows the time series in ERAS and GDNat members. (B-G) Global mean air surface temperature output for each GCM

historical (solid lines) and historical natural (dashed lines) ensemble members used.
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Figure 4. | Annual- and Quantile-Mean Adjustment Factors. Adjustment factors are averaged over quantile and the day of year for 1989
(left), 1999 and 2009 (middle), and 2019 (right). Positive values reflect places where the historical simulation is warmer than the historical
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the equilibrium climate sensitivity of the GCM, from the highest climate sensitivity on top to the lowest at the bottom.
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Figure 6. | Difference in number of days above 35°C in ERAS relative to GDNat. The annual average difference in the number of days
where average daily temperature values reach 35°C in ERAS relative to each GCM in GDNat. Cooler colors indicate that ERAS has fewer
hot days than GDNat while warmer colors show a greater number of days above 35°C in ERAS5 than GDNat.
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Figure A3. IComparison of global mean temperature distributions from ERAS using two bias correction methods (QDM and single
delta). Cumulative distribution functions (left) and probability density functions (right) of Northern Hemisphere, area-weighted mean daily
near-surface air temperature from ERAS (orange), ERAS corrected using a single-delta bias-correction approach (green), and GDNat (blue),

over the period 2000-2010
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2010). Figure shows the differences between these two methods, calculated by subtracting the single delta results from the GDNat results.
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Figure AS. | The difference between the days above 30 degrees Celsius in ERAS and GDNat. The figure shows the difference in days
above the temperature threshold between ERAS5 and GDNat ensemble members (colors). Warmer colors illustrating a higher number of days
surpassing the threshold in GDNat compared to ERAS while bluer colors suggest more warm days in ERAS. The names of the GCM used to

create GDNat are shown on the top left of each panel.
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Figure A6. | Average annual occurrence of Days with Mean Surface Temperature Exceeding 35°C (2010-2020). We display the fre-

quency of days where the mean surface temperature surpasses 35°C in GDNat (colors).

24



https://doi.org/10.5194/essd-2026-658
Preprint. Discussion started: 19 October 2026

(© Author(s) 2026. CC BY 4.0 License.

1.0
0.8
0.6
0.4
0.2

0.0

1.0
0.8
0.6
0.4
0.2

0.0

0.8
0.6
0.4
0.2

0.0

0.8
0.6
0.4
0.2

0.0

1.0
0.8
0.6
0.4
0.2

0.0

0.8
0.6
0.4
0.2

0.0

Philadelphia

New York

Los Angeles

Chicago

E
e
B
N

-20 0 20

Temperature (°C)
Houston

-20 0 20
Temperature (°C)
Vienna

10 20 30

Temperature (°C)
Moscow

-20 0 20
Temperature (°C)
Tokyo

~
g
>
N

15 20 25
Temperature (°C)
Sao Paulo

-20 0 20
Temperature (°C)
Nairobi

-20 0 20
Temperature (°C)
Sydney

0 10 20 30
Temperature (°C)
airo

-
~

\;Q

\;0

10 20 3
Temperature (°C)
Lima

S

15.0 175 20.0

Temperature (°C)
Buenos Aires

22,5

10 20 30

Temperature (°C)
ew Delhi

10 20 30
Temperature (°C)
Cape Town

-
~

N
™~

15 20 25
Temperature (°C)
Mexico City

10 20 30
Temperature (°C)
gos

10 20 30 40
Temperature (°C)
Jakarta

10 15 20 25
Temperature (°C)
ubai

S

=
b
|

| 7]
\ ;

\S

5 10 15 20
Temperature (°C)
London

N

24 26 28 30
Temperature (°C)
Mumbai

24 26 28 30

Temperature (°C)
ingapore

20 30 40
Temperature (°C)
Istanbul

B
~

El
\

-10 0 10 20
Temperature (°C)

20 25 30
Temperature (°C)

24 26 28 30
Temperature (°C)

0 10 20 30
Temperature (°C)

ERAS
CanESM5

MRI-ESM2-0
MIROC6
NorESM2-LM

Open Access

Earth System
Science

Data

suoIssnosIq

Figure A7. | Cumulative distribution functions of temperature for selected cities The figure depicts temperature cumulative distribution

functions for individual GDNat ensembles (represented by various colors) alongside ERAS data (shown as a black line).
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Figure A8. | Cumulative distribution functions of temperature differences for selected cities Figure shows the CDFs of the temperature

difference (GDNat minus ERAS) for each ensemble member (colored lines).
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GCM Average temperature difference | ECS (°C) TCR (°C)
from 2015 - 2020 (°C)
CanESMS5 1.15 5.64 2.71
ACCESS-CM2 0.53 4.72 1.96
ACCESS-ESM1-5 0.60 3.87 1.97
MIROC6 0.57 2.66 1.55
MRI-ESM2-0 0.58 3.13 1.67
NorESM2-LM 0.40 2.56 1.49
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Table A1. CMIP6 climate models climate metrics. The table shows the average temperature difference between the GCM historical and

historical natural-only simulations (averaged over all three model ensemble members and from 2015-2020), equilibrium climate sensitivity,

and transient climate response estimates. ECS and TCR estimates were obtained from (Zelinka et al., 2020a) and (Cannon, 2024), respec-

tively.
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Norwegian Climate Centre (NCC), Oslo, Norway

Global Climate Models
GCM Institution Ensemble members
CanESM5 Canadian Centre for Climate Modelling and Analysis, Victoria, British | rlilplfl, r2ilp1fl, r3ilp1fl
Columbia, Canada
ACCESS-CM2 Commonwealth Scientific and Industrial Research Organisation, Can- | rlilplfl, r2ilplfl, r3ilplfl,

rdilplfl, r6ilplfl

rlilplfl, r2ilplfl, r3ilplfl

rlilplfl, r2ilplfl, r3ilplfl

rlilplfl, r2ilplfl, r3ilplfl

rlilplfl, r2ilplfl, r3ilplfl

Table A2. Global Climate Models (GCMs) included in this study Table shows which GCMs were included to create GDNat along with

their respective institutions and ensemble members.
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