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Abstract

High-resolution near-surface air temperature (SAT) datasets are essential for evaluating long-term
SAT changes and developing management strategies in the Yangtze River Basin (YRB). However,
existing SAT datasets have limited temporal coverage or coarser spatial resolution. In this study, a
summer SAT dataset for 850-2005 at a spatial resolution of 1°x1° was developed by integrating
the Millennium Global Climate Model (GCM) simulations from the Coupled Model
Intercomparison Project Phases 5 and 6 (CMIP5 and CMIP6) with four proxy datasets. A weighted
ensemble of multi- GCM simulations was created, and bias-correction was performed using an
updated cumulative distribution function (CDF) method to improve gridded summer SAT dataset.
The bias-corrected dataset was subsequently integrated with four gridded paleo summer SAT
datasets covering the past millennium using a grid-weighted averaging technique based on an
entropy method to improve low-frequency signal robustness. Spatiotemporal evaluation metrics
showed substantial improvements in corrected summer SAT compared with raw GCMs. The
integrated dataset demonstrates robust performance in revealing the spatiotemporal changes in

SAT in the YRB during the past millennium.

Background & Summary

The Yangtze River is one of the longest freshwater channels in Eurasia, originating from the



Tibetan Plateau, China, and extending into the East China Sea. The Yangtze River Basin (YRB) is
home to approximately 400 million people and produces approximately 50% of China’s food,
primarily rice!. It is experiencing amplified and consistent warming, which has exacerbated the
frequency and intensity of heatwaves in the region®>. This heightens the likelihood of extreme
climate events and poses significant threats to people’s livelihoods. Therefore, it is paramount to
investigate in depth the potential consequences of climate change across critical sectors. These
endeavors tend to lead to robust adaptation and mitigation policies to combat the detrimental
effects of climate change. In this context, the SAT is among the key variables in a broad research
field, including climate change, the hydrological cycle, ecology, and agricultural production®’. A
high-resolution gridded SAT dataset is needed to explore the long-term spatiotemporal

characteristics of the increased frequency and intensity of warm extremes across the YRB.

For SAT data collection, ground stations and gridded datasets are the major sources®’. Previous
studies have used ground station data and have shown an accelerating trend of mean annual
warming of 0.46 °C/10 yr from 1979-2018'% and 0.17 °C/10 yr from 1960-2009'" across the upper
reach of the YRB. Similarly, Cui et al. (2017) reported the increasing trend of mean annual SAT at
a rate of 0.19 °C/10 yr from 1960-2015 across the YRB'?. Additionally, other studies used station
data and confirmed that the mean annual SAT in the YRB has substantially increased in recent

13-15

decades’”°. Some studies have employed gridded temperature datasets to examine the

spatiotemporal characteristics and recurrence of extreme temperature events in the YRB!617:184,
For instance, Wu and Gao (2013) developed a high-resolution gridded temperature dataset
(CNO05.1) based on > 2400 ground stations across China using the angular distance weighted
technique for the period of 1961-2024, which provides relatively high spatial accuracy'. These
station SAT records and gridded SAT datasets are widely recognized for their accuracy and
reliability’*?* but their limited temporal span constrains the ability to capture long-term
temperature changes over past centuries, necessitating investigations of the potential implications

of SAT changes (e.g., changes compared with the preindustrial era) in the YRB. Therefore, given

the spatial and temporal limitations of available stations and gridded data across the YRB, the



demand for high-resolution SAT datasets remains understudied.

In this context, proxy data can enhance the understanding of the past climate in the region,
particularly before instrumental period datasets?, and aid in future climate projection. Several
studies have reconstructed long-term SAT changes using multiproxy data approaches, such as tree
rings and historical documents, including the YRB or parts of it. Overall, past climate variations
have been studied mainly in the upper YRB, which covers the eastern part of the Tibetan Plateau®-
27 These reconstructed datasets involve unevenly distributed proxy sites because of the complex
elevation of the YRB and cover only a limited spatial and temporal scale; they do not reflect
accurate spatial variability, specifically in the lower reach of the YRB. In addition, a few gridded
long-term high-resolution SAT datasets have been developed that focus on China and East Asia,
including the YRB?*3!. However, these paleo-reconstruction datasets have coarse spatial
resolution (2° x 2° and 5° x 5°). These datasets have used fewer proxy sites because of their
unavailability in the lower and middle reaches of the YRB3?; thus, reflecting the accurate SAT
variability across the YRB with complex terrain is challenging.

GCMs are available datasets for investigating climate change®-*. GCMs provide continuous
spatiotemporal data to examine past climate variability under modeling experiments for the last
millennium (850-1850 CE), incorporated within the Paleoclimate Modeling Intercomparison
Project Phases 3 and 4 (PMIP3 and PMIP4)*. Selected models from the CMIP5*' and CMIP6*
are run under these experiments for the past 1000 simulation data***>. However, large uncertainties
in the data derived from GCMs are usually reported*, especially at the regional scale*’. Therefore,
bias- correction of the raw GCM outputs is needed to produce reliable simulations for
understanding paleoclimate variability and strengthening mitigation and adaptation policies in the
future.

To address these challenges and limitations, this study combines GCM simulations and four
available relatively low spatial resolution gridded paleo reanalysis and reconstruction datasets
produced for China and East Asia to produce a new and high spatiotemporal resolution summer

SAT dataset covering the last millennium across the YRB. First, we create a weighted multi-



ensemble of nine GCMs (seven from CMIP5%-3* and two from CMIP6°-°%) instead of a traditional
multi-mean ensemble. We subsequently employed an advanced gridded bias-correction using a
CDF-based procedure under the normal distribution and utilized the CRU temperature data as
reference data. Finally, bias-corrected GCM simulations from the current study and four proxy
gridded datasets were integrated through an advanced grid-weighted average technique to improve
the decadal and multidecadal signals of past SAT data. This newly developed dataset enabled us
to assess past summer temperature changes in the YRB and better constrain the implications of

future climate change.

Methods

Study area

The Yangtze River starts from the Tanggula Mountain glacier located in the Qinghai-Tibetan
Plateau at an elevation of > 5000 a.s.l.m, while the elevation in the middle and lower reaches of
the YRB ranges from 1 a.s.l.m to 2267 a.s.l.m. The complex terrain of the YRB spans an elevation
range of 1-7217 m and decreases from west to east. The geographical location and topography of
the study area are illustrated in Fig. 1.

Fig. 1 Location of study domain (a), physical characteristics of the YRB (b)°’, and topography
with spatial characteristics (c). Topographic and urbanization information is based on the Shuttle

Radar Topography Mission (SRTM) and the MODIS satellite.
Data sources

Observation data

The CRU TS monthly SAT dataset was developed by the University of East Anglia, England, at
an original spatial resolution of 0.5° x 0.5° from 1901 to 2023; and is accessible at

https://data.ceda.ac.uk/badc/cru/data/cru_ts/ . In the current study, the CRU TS monthly SAT

dataset was interpolated at a spatial resolution of 1°x1° and split into two periods: calibration



(1951-2005) and validation (1901-1950). In addition, the longest available period (1901-2005)
was used to calculate the gridded weights and validate the final generated SAT dataset.
Global climate model simulations

Monthly SAT data were collected from nine GCMs (7 GCMs from CMIP5 and 2 GCMs from

CMIPO6) covering the period of 850-2005, accessed from https://esgf-node.llnl.gov/search/cmip6/ .

Moreover, monthly SAT data were collected for the last millennium period (850—1849, past 1000
simulations), and the historical period (1850-2005, historical simulations) (Table 1). Further
details regarding the CMIP5 and CMIP6 experiments are described by Huo et al. (2021)*°. The
CMIPS simulations were terminated in 2005, and the other paleo reanalysis and reconstruction
datasets also end early. Therefore, the historical period was extended to 2023 using observations
(CRU TX). Finally, the summer SAT dataset was prepared for the last millennium and covers the
period of 850-2023 over the YRB.

Table 1. Detailed description of the GCMs used in this study. The italic font indicates the GCMs
from CMIP6, while the normal font represents CMIPS5.

Millennium paleoclimate datasets

Four summer SAT paleo reanalysis and reconstruction datasets covering the past millennium were
collected for this study (Table 2). The first paleo reanalysis dataset was the Modern Era Reanalysis
(ModE), a global monthly dataset covering 1421-2008 with a spatial resolution of 1.8° x 1.8° %0,
The second paleo reanalysis dataset was the Paleo Hydrodynamic Data Assimilation (PHYDA)
product, a global hydroclimate reconstruction for the period of 0001-2023 at 2.5° x 1.88°
resolution, using a data assimilation approach that integrates a time series of 2,978 proxy-data sites
along constraints of climate model®. Third, the summer temperature proxy dataset was
reconstructed in eastern and south-central Asia covering 900-1999 at a 5° x 5° spatial resolution*’.
It employs a point-to-point regression method using multiproxy data in Asia and is accessible at

https://www.ncei.noaa.gov/access/paleo-search/study/18635 .

Fourth, a summer temperature reconstruction was developed for East Asia covering the 800-2005

period at a 2° x 2° resolution using a network of annual tree-ring chronologies®®. It uses an



ensemble point-to-point regression technique to reconstruct summer temperature of each grid point

in East Asia, and is accessible at https://www.ncei.noaa.gov/access/paleo-search/study/19523 .

However, observational, GCM, and paleo reanalysis and reconstruction datasets have varying
spatial resolutions. Therefore, all the datasets were interpolated using the bilinear technique to a
uniform spatial resolution of 1° x 1° to ensure fair comparison and analysis. The GCM simulations
were bias corrected using the observations (CRU TS) at a spatial resolution of 1° % 1°. Finally,
corrected GCM simulations and four paleo reanalysis and reconstruction datasets were integrated
to produce the final summer SAT dataset with a spatial resolution of 1° x 1° for the last millennium
(850-2005) over the YRB. The detailed procedure for data generation is illustrated in Fig. 2.

Table 2. Detailed descriptions of the summer SAT paleoclimate datasets used in this study.

Grid-based weight ensembles for the multiple models

Correction_1 employed the grid-weighted average technique to create an ensemble of nine GCMs
using monthly SAT data from GCMs and observations (CRU TS) during 1901-2005 ata 1° x 1°
resolution. It evaluates the positive and negative relationships between observations (CRU TS)
and GCM simulations using the normalized root-mean-square-errors (RMSEs), correlation
coefficient (CC), mean bias errors (MBEs), and mean absolute errors (MAEs) at each grid.
However, different methods are used to calculate the weights of these indicators®?, and compared
with an equal weight strategy, the current study employed an advanced weight calculation method
based on the entropy technique to calculate the gridded weights and improve the results®>. The
detailed methodology for the calculation of weight was described by Dilawar et al. (2025)%.
Finally, the gridded weights of each GCM were rated to create a rational weighted ensemble of

nine GCMs to improve the GCM simulations compared with the simple mean of the raw GCMs

(correction_1) at a spatial resolution of 1° x 1° for the period of 850—2005.
Spatial bias adjustment procedure

Subsequently, correction 2 (bias-correction) was employed to further improve the ensemble GCM

simulations using an updated quantile mapping (QM) technique, which is computationally



efficient. Many studies have used it to eliminate the biases from the outputs of GCMs %7_ In this
study, an updated CDF matching-based correction (CDFM), which considers nonlinear changes
rather than maintaining equal distance between the observed and GCM quantile distributions, was
adopted. Moreover, it provides more accurate estimates of the distribution of extremes®®_ It uses
a normal distribution because SAT values vary between negative and positive values.

The following equation was used to perform bias-correction’.

ms.adjust = tms + Fo_hl(Fms(tms)) - Fn_lill(Fms(tms)) (1)

o~

where, fms.ad]-ust is the corrected SAT data from the GCMs, and F is the CDF of either the

observation (0), or the GCM (m) during the historical (%) or forecast period (s).

Fig. 2 Flow diagram of the dataset generation.

The full observation period (1901-2005) was split into two subperiods: 1951-2005 (calibration
period) and 1901-1950 (validation period). Furthermore, to evaluate the performance of the bias-
correction procedure, we chose an independent validation period of 1901-1950. This maximizes
the overlap with the available observations and allows for comprehensive evaluation. Finally, the
full common period (1901-2005) of observations (CRU TS) was used for the bias-correction of

the GCM simulations to obtain a bias-corrected SAT dataset for the last millennium (850-2005)"".

Integration of multi-source millennial gridded datasets

While correction 2 employs the CDF correction method, which significantly improves accuracy
and inter-annual variability, it is weak at capturing the decadal and multidecadal signals of SAT
during the last millennium. Further improvements are needed to better capture these decadal and
multidecadal signals. To improve this weakness, correction 3 was employed, which integrates four
paleo reanalysis and reconstruction gridded datasets, including the PHYDA summer SAT, ModE
summer SAT, Shi summer SAT, and Cook summer SAT, with the corrected GCM dataset from
correction 2 (Table 2). These datasets have different temporal spans and spatial resolutions. To
preserve data originality and integrity, while maintaining consistency, all the paleo reanalysis and

reconstruction datasets were conservatively interpolated at a spatial resolution of 1° x 1°. The



gridded anomaly was subsequently calculated with respect to the period of 1961-1990 and
spanning 850-2005. Correction_3 integrates these five datasets using a grid-weighted average
technique based on the entropy method to enhance the data quality by optimizing the performance
at each grid in the YRB. To facilitate the data integration procedure of multiple datasets (Fig. S1),
the entire period (850-2005) was divided into four subperiods— 850-1099, 1100-1420, 1421—
1999, and 2000-2005— based on the available period of each dataset. Some paleo reanalysis and
reconstruction datasets had missing values in the initial years; these years were excluded to
maintain originality during the data integration procedure. Gridded weights were calculated on the
basis of the longest available period (1901-2005) of observations (CRU TS). Detailed information
on integrating paleo reanalysis and reconstruction datasets with corrected GCM data for

calculating the gridded weights is presented in Fig. S1.

Evaluation procedure for the correction

Two-sample Kolmogorov—Smirnov (KS) test

The KS test is a widely used nonparametric method for assessing the equivalence of fundamental
population distributions of two samples’?. Assume that the population cumulative distribution
functions (CDFs) of the two samples are Fy(t) and Fy (t). Moreover, the first sample size (ny)
for X = (X1, Xg,eeeeneennnnn , Xn,) and the second sample size (ny) for Y = (Y3, Y, ..., ¥, ) are
randomly selected. Consider the alternative (Hi: Fyx(t) # Fy(t)) and null (H, : Fx(t) = Fy(t))
hypotheses for at least one t and for every t. Fy(t) and Fy(t) are the empirical cdfs using the X
and Y samples, respectively. The bootstrap approach employs a consistent resampling strategy by
replacing ‘m’ times the dataset to create m samples’. As a result, some samples appear multiple
times in the sample data. Specifically, for the validation period 10,000 time series are synthesized,
and quantiles are calculated in each synthesis. Thus, the median value of the bootstrapped data is
calculated for each quantile. The “D” statistics of the KS test reveal the reliability of the bias-
corrected SAT for a significance level of 0.05. A smaller value of “D” indicates that the corrected

SAT is closer to the observation’".



Statistical error indicators

The efficiency of the corrected summer SAT from correction 1, correction 2, and correction 3
was evaluated using multiple error metrics from the temporal and spatial perspectives. The current
study validated the results from correction 1 and correction 2 during the validation period (1901—
1950) on the basis of observations (CRU TS) at 1° x 1° resolution over the YRB. However,
correction 3 integrates different paleo reanalysis and reconstruction datasets and corrected GCMs
to improve the multidecadal signal for the period of 850-2005 and was validated during the longest
available observational period of 1901-2005. The following metrics were employed to gauge the

performance of the correction procedure:
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where, O; isthe observational SAT, the M; is the corrected SAT, and ‘n’ is the number of samples.
In addition, O and M represent the mean value of the observational and corrected SAT. The
lower values of error metrics indicate better performance except for CC, while the higher values

indicate poorer performance except for CC. These error metrics are annually calculated.

Relative added value evaluation

The spatial performance of the correction 3 SAT data was further assessed using relative added



value (RAV). It measures the enhanced performance of the correction 3 SAT data compared with

the correction_2 SAT data, which can be described as follows.

Xi=jMetriccor 2; — Yi=jMetriccor 3,

Yi=jMetriccor 2;

Here, “Metric” refers to one of the five error metrics, such as the RMSE, MAE, MBE, MSE, and
bias (%), where j=1, 2, 3, 4, and 5. The subscript “cor 2" denotes the corrected SAT data from
correction 2, whereas “cor 3” refers to the integrated paleo reanalysis and reconstruction SAT
data from correction_3. Compared with the correction 2 SAT data, the RAV data quantified the
degree of improvement in the correction 3 SAT data using observation data. The performance of
the final SAT was evaluated in the past millennium using the most reliable independent global
paleo reanalysis SAT dataset (observation) at a 1° x 1° resolution over the YRB. Moreover, a
positive RAV indicates improvement in the data, whereas a negative RAV denotes diminished

performance.
Data Records

The dataset is available at the public data repository Zenodo and can be accessed at

https://doi.org/10.5281/zenodo.18724777 ®. The current dataset is generated for the summer SAT
during the period of 850-2023 at a spatial resolution of 1° % 1° across the YRB. It is an integration
of bias-corrected ensemble GCM simulations with four paleo reanalysis and reconstruction
datasets for the summer SAT. The dataset is stored in netcdf format (.nc), and contains 1174
timesteps with a longitudinal range of 91.25 °E-119.25 °E and latitudinal range of 25.25 °N-
34.25 °N.

Technical Validation

Temporal evaluation of the performance of corrected GCM simulations

For correction_1, simulations from nine GCMs, including seven from CMIP5 and two from
CMIP6, were used in the current study to construct an ensemble using the grid-weighted averaging

technique for summer SAT in the past millennium (850-2005) at a spatial resolution of 1° x 1°



over the YRB. The summer SAT from the correction 1 was subsequently bias-corrected by
employing the correction 2 procedure. Thus, the performance of the correction 1 SAT and
correction 2 SAT datasets was comprehensively evaluated using observations (CRU TS) during
the validation period (1901-1950) over the YRB. This evaluation was performed across the grids
for each year to compare the time series of the raw GCM simulations, correction 1, and
correction_2 to assess the improvement in the SAT data through each correction step. In this
context, different error metrics such as the RMSE, MAE, MBE, MSE, bias (%), and CC were used
to evaluate the performance of the raw GCM simulations, for both corrected datasets across the
entire YRB (Fig. 3). According to these error metrics, the simulation values that are closer to the
observational values demonstrate better performance, with relatively high correlation and low
error magnitude for the error metrics (RMSE, MBE, MSE, and bias (%)).

The results show that (1) compared with the raw GCMs and correction 1, the correction_2 had
lower RMSE, MAE, MBE, MSE, and bias (%) and higher CC (Fig. 3); (2) the RMSEs values of
raw GCMs data were higher than both of corrected data, likewise for others error indicators (Fig.
3a); (3) the average RMSEs, MAEs, MBEs, MSEs, and bias (%) for correction 1 were 1.81 °C,
1.43 °C, 1.15 °C, 3.33 °C, 5.4% respectively, while for correction 2 these values were 0.62 °C,
0.54 °C, 0.41 °C, 0.45 °C, 2.5%, respectively; and (4) the average CC during validation period

(1901-1950) was relatively higher for correction 2 (0.99) compared to correction_1(0.98).

Fig. 3 Temporal evaluation of summer SAT (°C) correction procedures using multiple error metrics

based on observations (CRU TS) during the validation period (1901-1950) over the YRB.

The annual RMSE of correction 2 SAT was lower, highlighting the superiority of the corrected
data. Each error metric followed the same pattern for each year in the time series (Fig. 3a). On the
other hand, the CC is higher for each year during 1901-1950 (Fig. 3f). Overall, compared with the
raw GCMs, both the corrections improved the SAT data. The raw GCMs exhibited larger errors,
which were reduced by applying stepwise corrections such as correction 1 and correction 2.
These five-error metrics indicated that correction 2 has higher accuracy and the lowest error,

reflecting the robustness of the correction method.



Furthermore, compared with the correction 1 data, correction 2 improved SAT data by reducing
the biases and uncertainties. However, for the raw GCMs, the probability density function (PDF)
showed a wide range for RMSEs (5.4 °C-7.3 °C) and a narrow range for CC (0.965-0.975),
whereas it substantially decreased to RMSEs of 1.45 °C-2.25 °C during correction 1 and RMSEs
of 0.35 °C-1.4 °C in correction 2. Conversely, the CC increased range to 0.978-0.989 in
correction 1 and to 0.99-1.0 in correction_2 during 1901-1950 over the YRB (Fig. S2).

Similarly, the MAE, MBE, MSE, and bias (%) metrices followed the same order with ranges for
correction 1 of 1.0 °C—1.85 °C, 0.45 °C-1.95 °C, 2.20 °C-5.20 °C, and 3.5% —9.5%, respectively,
and those for correction 2 of 0.30 °C-1.4 °C, —0.25 °C-1.4 °C, 0.15 °C-2.0 °C, and 1.0%—6.0%,
respectively (Figs. S2a—S2e). This signifies that after the correction 2, compared with the raw
GCMs and correction_1, the summer SAT data were promisingly improved (Fig. S2). Furthermore,
the time series of variations in regional mean SAT also indicated that compared with raw GCMs,
corrections 1 and 2 substantially reduced the uncertainty with RMSE values to 1.18 °C and 0.49 °C,

respectively (Fig. S3).

Evaluation of spatial error distribution over the YRB

The correction procedures were further evaluated in terms of the spatial pattern of multiple error
metrics across the YRB for the same validation period. The error metrics were computed across
each grid to compare the time series of each correction procedure during the validation period
(1901-1950). It was demonstrated that compared with the raw GCMSs, the corrections 1 and 2
significantly improved the SAT simulations by reducing the uncertainty across the YRB (Fig. 4).
The mean RMSE for the raw GCMs was 6.06 °C, which was considerably reduced to 1.50 °C
(0.66 °C) after correction_1(correction_2) (Figs. 4a—4c). The bias (raw GCMs) was greater in the
upper reach of the basin, compared with correction 1 and correction 2, which remarkably
improved the data in the western part of the YRB by reducing the error values. Similarly, the spatial
distribution of the remaining error metrics showed evidence of improved accuracy of the SAT by

reducing the MAEs, MBEs, MSEs, and bias (%) over the validation period. These findings



demonstrate that in each correction procedure, compared with raw GCMs, the SAT data is greatly
improved. The difference in spatial error distribution between the raw GCMs and corrected SAT
data from correction 1 and 2 is clear in Fig. 4. In general, correction 1 and correction 2 reduced
the error throughout the study region with average values as follows: MAEs from 1.54 °C to
0.54 °C; MBEs from 1.15 °C to 0.41 °C; MSEs from 3.32 °C to 0.45 °C, and bias (%) from 8.34%
to 3.07%, while those of the raw GCMs (without correction) were 6.06 °C, 6.01 °C, 39.73 °C, and
32.63%, respectively. Overall, spatial differentiation remarkably improved the SAT data in the
upper reach of the YRB.

Fig. 4 Detailed evaluation of spatial distribution of error metrics for the correction procedures

based on observations (CRU TS) during 1901-1950.

The data in Fig. S4 further confirm the superiority of correction_2 using cumulative distributions
and D statistics of the KS test and relative decrements (%) of biases during the validation period
(1901-1950). This finding indicates that the distribution of the SAT data from correction 2 was
considerably closer to the observations than the correction 1 SAT data, despite some remaining
differences between corrected and observed data. This improvement is further demonstrated by
the D statistics of the KS test. The result of the two-sample KS test revealed that compared with
the correction 1, the corrected data effectively reduced the D-values at a significance level of 0.05.
These results show that correction 1 had a D-value = 1.0 (Fig. S4a), and after correction 2, it
decreased to D-value = 0.52 at p <0.05 during 1901-1950 (Fig. S4b). Overall, the SAT data greatly

improved after the correction 2 procedure across the YRB.

In addition, we investigated the spatial pattern of the decrement of biases of correction 1 and
correction 2 in terms of the relative decrements (%) of the RMSE and MAE (Figs. S4c—S4d). As
shown in Fig. S4c, the relative decrease (%) in RMSE was greater, specifically in the high-
elevation region, because the raw data had a greater bias. This indicates an improvement in the
data in the upper reach, with minimum and maximum of 3.12% and 92.8%, respectively, in the
RMSE during the validation period (1901-1950). In addition, in some of the grids, the data did not

significantly improve in terms of reduced error. Similarly, the spatial distribution of the relative



decrement (%) of MAE followed the same pattern as that of the RMSE (Fig. S4d). This shows that
correction 2 has significantly reduced uncertainty and errors in the western part of the YRB,
including the high-elevation area, with average decreases of 34.4% and 38.3%, respectively.
Overall, correction 2 significantly improved the data by reducing the cooling biases across the

basin.

Assessment of SAT with correction 3 compared with observational SAT

The temporal evaluation of the SAT after different corrections (2 & 3) was assessed using the
different error metrics compared with the longest available observational data during 1901-2005.
A comparison among the mean SAT corrections demonstrated the superiority of the correction 3
method in reducing the biases and uncertainty. The correction 3 outperformed correction 2, with
higher correlations and lower average biases (Fig. 5a). It is revealed that compared with observed
SAT time series, the correction 3 (CC = 0.68) followed a better temporal pattern than correction 2
did (CC = 0.24). In contrast, correction_3 had lower RMSE (0.29 °C) than correction 2 did
(0.42 °C). This finding indicates that each of the SAT correction steps improved the SAT quality.

Finally, correction 3 greatly improved the decadal and multidecadal signals.

Fig. 5 Temporal comparison of the regional mean summer SAT anomalies (°C) after correction 2
and correction_3 with the observations (CRU TS) during the longest common period 1901-2005
over the YRB. CC means correlation coefficient, and RMSE means root mean square error (a).
Temporal variation in regional mean summer SAT anomalies (°C) obtained from the current study,
along with the uncertainty (RMSE) range during the past millennium (850-2023) over the YRB.
The shaded area shows the uncertainty calculated based on observations (CRUTS) SAT anomaly
(°C) for the period of 1901-2005 over the YRB (b).

In addition, a comprehensive assessment was carried out to investigate the improvement in the
SAT after correction 3 by comparing the SAT after correction 2 during the longest common
period. The temporal variations in the RMSE, MAE, MBE, and MSE anomalies (°C) and bias (%)

of the correction 2 SAT and correction_3 SAT are shown in Fig. S5. All the error metrics showed



notable improvement in the correction 3 SAT values during each year over the longest common
validation period (1901-2005). The RMSE and MAE are shown in Figs. S5a—S5b, respectively,
with lower values approaching 0.3 °C, indicating that the accuracy of the correction 3 SAT was
better than that of the correction 2 SAT. Fig. S5c, where the MBE values suggest reduction in
systematic bias, and the values were closer to zero for the correction 3 SAT than for the
correction_2 SAT. Moreover, Fig. S5d presents the MSE values, suggesting lower error variance

for the correction 3 SAT during 1901-2005.

Moreover, the annual bias (%) and CC were derived from the correction 3 SAT with observational
data during 1901-2005, which greatly improved compared with those obtained from the
correction 2 SAT (Figs. S5e-S5f). Overall, the temporal patterns of all error metrics signify the
improvement of the final SAT data developed from correction 3 (integrating multiple paleo
reanalysis and reconstruction data). For instance, the average RMSE, MAE, MBE, and MSE
anomalies (°C) of the correction_2 SAT were 0.51 °C, 0.43 °C, 0.008 °C, and 0.30 °C, respectively.
For the correction 3 SAT, these values decreased to 0.36 °C, 0.30 °C, 0.005 °C, and 0.15 °C during
19012005 (Fig. 6). In addition, the bias followed the same order: lower for the correction 3 SAT
and higher for correction_2 SAT. In contrast, correction_3 SAT had a stronger correlation, whereas
correction 2 SAT had a weaker correlation with the observations. The reduction in all the error
gauging indicators and an increase in the correlation favor the correction 3 SAT data, which were
closer to the observed data than the correction 2 SAT was. These evaluations demonstrate the
robustness and effectiveness of the summer SAT, ultimately developed from correction 3 over the

past millennium for the YRB.

Fig. 6 Whisker bar plot for spatial improvement of the correction 3 summer SAT anomaly (°C)
compared with correction 2 summer SAT anomaly (°C) over the YRB during 1901-2005. The
middle dotted black lines in the box represent the median values, and the dots represent pixels.

The boxes indicate the range of 25% — 75%.

In the current study, an additional advanced evaluation (RAVs) was adopted to confirm the superior



performance of the correction 3 SAT compared with the correction 2 SAT (Fig. S6). Most of the
areas of the YRB had positive RAV grids for all the error metrics (RMSE, MAE, MBE, MSE, and
bias (%)). This is further evident from the subplots, where the RAVs for all the error metrics were
predominantly within the range of 0—1. The spatial pattern of the RAVs for all the error metrics
showed a high positive value across the western part (mainly the upper reach) of the YRB,
indicating a significant improvement in the correction 3 SAT data compared with the eastern part
(mainly the lower reach). The average RAVs for the RMSE, MAE, MBE, MSE, and bias (%) were
0.30, 0.31, 0.76, 0.49, and 0.69, respectively, indicating remarkable added value in the summer
SAT dataset (correction 3) over the YRB. The higher RAVs in the western part indicate the better
efficacy of correction 3 SAT data in the area because more raw data from proxies were used in the

paleo reanalysis and reconstruction datasets.

Spatiotemporal comparison of our dataset with observations, paleo reanalysis

datasets, and regional proxy reconstructions

The spatial pattern of the summer SAT dataset developed in this study was compared with
observations and two independent global gridded paleo-reanalysis SAT datasets over the
observation period 1901-2005. The two paleo-reanalysis SAT datasets were developed by Mann
et al. (2009)"* (accessed at https://www.science.org/doi/10.1126/science.1177303) and LMR data

by Meng et al. (2025)"° (accessed at https://zenodo.org/records/17268597). All used datasets were

interpolated at a spatial resolution of 1° x 1° over the YRB to compare their spatial patterns (Fig.
S7). The results indicate that the current dataset better captures the observed spatial distribution of
mean summer SAT than the other two paleo-reanalysis datasets across the YRB during the
observed period 1901-2005.

Further spatial pattern correlations and time series comparisons demonstrated that the summer
gridded SAT dataset from this study was much more consistent with observations than the other
two paleo reanalysis datasets over the YRB (Figs. 7a—7c). The gridded CC between our dataset
and the observations during 1901-2005 was in the range of 0.4—0.8, whereas those of Mann et al.

2009 and LMR were 0-0.53 and —0.1-0.4, respectively. Moreover, the temporal variations in



regional mean summer SAT from the current study were closer to the observations than the other
two millennial datasets (Fig. 7d). It appeared that the performance of the SAT dataset developed
by Mann et al. (2009) is better than that of the LMR paleo reanalysis over the YRB. Therefore, we
considered the Mann et al. (2009) dataset to further evaluate the performance of the current
summer SAT over the YRB during the past millennium (850-2005).

Fig. 7 Spatial pattern of gridded correlation coefficient (CC) between observed and reconstructed
summer SAT anomaly (°C) developed in the current study (a), Mann et al. (2009) (b), and the LMR
(c) over the YRB during 1901-2005. Temporal comparisons of the regional mean summer SAT
anomalies (°C) among the current study, observations (CRU TS), and the other two paleo
temperature datasets over the YRB during their common period 1901-2005 (d).

In this context, RAVs were computed to assess the performance of the current summer SAT dataset
developed herein during the full period (850-2005) across the YRB (Fig. S8). The summer SAT
dataset by Mann et al. (2009) was used as the comparable dataset to calculate the error metrics for
both corrections (2&3) during the period of 850-2005. The spatial pattern of the RAVs for all the
metrics indicates positive values (Figs. S8a—S8e); in particular, the highest added values were
observed in the upper reach of the YRB. This finding demonstrates that the final SAT dataset
(correction_3) obtained from the current study substantially improved the summer SAT
performance compared to a comparable dataset across all the grids located in the YRB for the past
millennium. The average RAVs for the RMSE, MAE, MBE, MSE, and bias (%) were 0.30, 0.32,
0.40, 0.50, and 0.33, respectively, indicating remarkable added value in the summer SAT dataset
(correction_3) over the past millennium. The subplot information indicated that all the RAVs for
all the metrics were on the positive axis, which confirms the reliability of the SAT data developed
in the current study during the 850-2005.

The temporal variation of regional mean summer SAT during 850-2005 showed clear interannual
and multidecadal variabilities, demonstrating distinct cooling and warming phases occurred over
the YRB in the past millennium (Fig. 5b). The selected extreme cold and warm years were shown

to demonstrate the spatial patterns of the temperature anomalies (with respect to 1961-1990)



across the YRB. The cold years (1405 and 1817) exhibited negative anomalies ranging from —
0.24 °C to —1.28 °C, whereas the warm years (1247 and 2005) showed positive anomalies ranging
from approximately 0 °C to 0.5 °C (Fig. S9). In addition, a few regional-scale summer SAT
reconstructions were available to assess the decadal and multidecadal signals of the correction 3
(final integrated) SAT dataset. For the upper reach, we chose an August-September SAT
independent reconstruction based on the maximum latewood density (MXD) of tree rings with a
high explained variance across the southeastern Tibetan Plateau, covering part of the upper YRB’®.
The comparison revealed consistent warming and cooling intervals. However, prominent cooling
phases were observed at approximately the 1600s, 1640s, 1675-1680, early 1710s, 1815-1820,
and 1830-1840, and at approximately1860s, early 1990s and 1965, as well as the warming periods
were during the early 1600s, 1800s, late 1800s, 1935-1950s, late 1900s, and early 2000s (Figs.
S10a—-S10b). Notably, some discrepancies were observed between the datasets in the late 1500s
and 1650s, which are likely attributed to regional and seasonal differences in the temperature
reconstructions.

For the comparisons in the middle and lower reaches, we chose the available millennial-scale
decadal-resolution annual temperature reconstruction developed via the multiple climate proxy
data, which mainly included tree rings, ice cores, historical documents, sediments, etc., over
China’’. In the comparison, both datasets revealed the decadal warming intervals (e.g., 900s—925s,
approximately 1200s—1260s, and after the 1920s). On the other hand, cooling intervals were
observed during 1270-1340, and 16401720, as well as between 18101870 (Figs. S11a-S11b).
The comparison showed that recent warming was more pronounced after the 1920s. However, in
the early 1100s, the warming phase was identified in the YRB but was not indicated in the Chinese
SAT reconstruction. In general, both datasets captured consistent decadal warming and cooling
patterns during the period of 865-1995. Discrepancies are observed in the decadal comparison
during the early periods between the two datasets. The reconstruction proxy temperatures indicate
a warming phase approximately 975s—1050s, whereas the current study’s data fail to capture

warming evidently. These differences are likely to be from variations in the spatial scope of the



two datasets and the target seasons.
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from CMIP6, while the normal font represents CMIPS.

Table 1. Detailed description of the GCMs used in this study. The italic font indicates the GCMs

No Model Developer Spatial Time Variable Reference
Name Name Resolution Period Name
1 BCC_CSM 1 Beijing Climate Center (BCC) and China 2.8°x2.8° 850-2005 Tas a8
Meteorological Administration (CMA), China
2 CCSM4 National Center for Atmospheric Research 0.9°x 1.25°  850-2005 Tas ¥
(NCAR), USA
3 MRIESM?2 Japan Meteorological Agency, Japan 1.13° < 1.13°  850-2005 Tas 3
4 GISS-E2 NASA's Goddard Institute for Space Studies, 2.0° % 2.5° 850-2005 Tas 50
USA
5 MIROC ES2L Japan Agency for Marine—Earth 2.8°x 2.8  850-2005 Tas 6
Science and Technology,
Atmosphere and Ocean Research
Institute, The University of Tokyo,
National Institute for
Environmental Studies, and
RIKEN Center for Computational
Science/Japan

6 IPSL_CMSA_LR Institute Pierre-Simon Laplace in France 2.5°x3.75°  850-2005 Tas S
7 MIROC_ESM Center for Climate System Research, Japan 2.8°x2.8° 850-2005 Tas 53
8 MRICGCM3 Meteorological Research Institute, Japan 1.12°x 1.12° 8502005 Tas 4
9 MPI_ESM_P Max Planck Institute for Meteorology, Germany  1.84° x 1.84°  850-2005 Tas 53




Table 2. Detailed descriptions of the summer SAT paleoclimate datasets used in this study.

No Dataset Season | Time period | Spatial resolution Data type Region
ModE Summer | 1421-2005 1.8°x1.8° Paleo reanalysis Global

2 PHYDA Summer | 850-2005 2.5%x1.88° Paleo reanalysis Global

3 Shi et al Summer | 900-1999 50 x 5° Paleo reconstruction Asia

4 Cook et al | Summer | 850-2005 2°% 2° Paleo reconstruction | East Asia
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