
Generated using the official AMS LATEX template v6.1

Characterizing the 2010 Russian heatwave-Pakistan flood concurrent

extreme over the last millennium using the Great Eurasian Drought Atlas

Benjamin I Cook1,2 and Edward R Cook2 and Kevin J Anchukaitis2,3,4 and Deepti Singh5

1NASA Goddard Institute for Space Studies, New York, New York, USA
2Lamont-Doherty Earth Observatory, Palisades, New York, USA

3Laboratory for Tree Ring Research, University of Arizona, Tucson, Arizona, USA
4School of Geography, Development and Environment, University of Arizona, Tucson, Arizona,

USA
5School of the Environment, Washington State University Vancouver, Vancouver, Washington,

USA

Corresponding author: Benjamin I Cook, benjamin.i.cook@nasa.gov

LaTeX File (.tex, .sty, .cls, .bst, .bib)

1

Early Online Release: This preliminary version has been accepted for publication in Journal of Climate, may 
be fully cited, and has been assigned DOI 10.1175/JCLI-D-23-0773.1. The final typeset copyedited article will 
replace the EOR at the above DOI when it is published.

© 2024 American Meteorological Society. This is an Author Accepted Manuscript distributed under the terms of 
the default AMS reuse license. For information regarding reuse and general copyright information, consult the 
AMS Copyright Policy (www.ametsoc.org/PUBSReuseLicenses).

Brought to you by Columbia University | Unauthenticated | Downloaded 05/28/24 01:00 AM UTC



ABSTRACT: During summer 2010, exceptional heat and drought in western Russia (WRU) oc-

curred simultaneously with heavy rainfall and flooding in northern Pakistan (NPK). Here, we use

the Great Eurasian Drought Atlas (GEDA), a new 1,021 year tree-ring reconstruction of summer

soil moisture, to investigate the variability and dynamics of this exceptional spatially concurrent

climate extreme over the last millennium. Summer 2010 in the GEDA was the second driest

year over WRU and the largest wet–dry contrast between NPK and WRU; it was also the second

warmest year over WRU in an independent 1,015 year temperature reconstruction. Soil moisture

variability is only weakly correlated between the two regions and 2010 event analogues are rare,

occurring in 31 (3.0%) or 52 (5.1%) years in the GEDA, depending on the definition used. Post-

1900 is significantly drier in WRU and wetter in NPK compared to previous centuries, increasing

the likelihood of concurrent wet NPK–dry WRU extremes, with over 20% of the events in the

record occurring in this interval. The dynamics of wet NPK–dry WRU events like 2010 are well

captured by two principal components in the GEDA, modes correlated with ridging over northern

Europe and western Russia and a pan-hemispheric extratropical wave train pattern similar to that

observed in 2010. Our results highlight how high resolution paleoclimate reconstructions can be

used to capture some of the most extreme events in the climate system, investigate their physical

drivers, and allow us to assess their behavior across longer timescales than available from shorter

instrumental records.
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1. Introduction

In the summer of 2010, Eurasia experienced a spatially concurrent extreme climate event, char-

acterized by severe drought and heat over western Russia and heavy precipitation and flooding

over northern Pakistan (Dole et al. 2011; Lau and Kim 2012; Webster et al. 2011). Europe and

western Russia experienced one of the hottest summers of the last 500 years (Barriopedro et al.

2011), with pervasive impacts across the region including over 11,000 excess deaths from heat and

wildfire smoke (Shaposhnikov et al. 2014) and a 34% reduction in wheat production compared to

the previous two years (Hunt et al. 2021). The Pakistan floods affected over 20 million people,

resulting in over 1,000 human deaths, the loss of 20,000 cattle, and estimated damages of $US 40

billion (Houze et al. 2011; Lau and Kim 2012; Webster et al. 2011).

The main driver of this spatially concurrent extreme was a circumglobal Rossby wave train in the

atmosphere. This gave rise to a persistent ridge over western Russia, amplifying heat and drought

through anomalous subsidence and suppression of precipitation, and a trough over northern Pak-

istan that caused a series of extreme rainfall events (Di Capua et al. 2021; Lau and Kim 2012).

These waves, and the related dynamics, are one of the main drivers of summer season climate

extremes over extratropical Eurasia (Schubert et al. 2014). For 2010, the occurrence of this wave

train was favored by both the state of the tropical oceans, including a La Niña in the tropical Pacific

and a negative Indian Ocean Dipole (IOD), and high latitude warming (Di Capua et al. 2021).

Dry soil moisture conditions in western Russia likely further amplified extreme heat in this region

(Christian et al. 2020; Hauser et al. 2016; Lau and Kim 2012; Miralles et al. 2014) and may have

enhanced heavy rainfall in northern Pakistan by reinforcing the wave response (Di Capua et al.

2021). Indian Ocean sea surface temperatures also likely increased advection of moisture that fed

into the heavy rainfall in northern Pakistan (Priya et al. 2015).

The 2010 concurrent extreme was an exceptional event, but understanding how it compares to

long-term variability in the climate system is limited by the relatively short length of the observa-

tional record and the difficulty many models have in simulating extreme events and their related

dynamics (Angélil et al. 2016; White et al. 2022). Here, we demonstrate that events analogous to

2010 can be found in a new spatial, tree-ring based reconstruction of summer season (June-July-

August; JJA) soil moisture, the Great Eurasian Drought Atlas (GEDA), allowing us analyze 2010

in the context of the last 1,021 years. We focus on the following research questions: (1) How
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extreme were the soil moisture anomalies during the 2010 event compared to the last millennium?;

(2) How often have similar events occurred in the past, and is their risk increasing?; and (3) What

modes of variability in the GEDA are most closely connected to 2010-type concurrent events, and

how are they related to atmospheric circulation and sea surface temperatures (SSTs)?

2. Materials and Methods

a. Great Eurasian Drought Atlas (GEDA)

The GEDA is a new, tree-ring based reconstruction of summer season (JJA) self-calibrating Palmer

Drought Severity Index (PDSI) (Wells et al. 2004). PDSI is a normalized soil moisture index

(Palmer 1965), accounting for changes in both supply (precipitation) and demand (evaporative

losses), with intrinsic memory and persistence from month-to-month. The reconstruction itself

targets the latest version of the PDSI dataset produced by the Climate Research Unit (CRU) of the

University of East Anglia (Barichivich et al. 2022; van der Schrier et al. 2013), based on version

4.06 of the CRU TS monthly high-resolution gridded multivariate climate dataset (Harris et al.

2020). The GEDA builds, expands, and improves upon previous spatial reconstructions of PDSI,

including the Old World Drought Atlas (Cook et al. 2015), the Monsoon Asia Drought Atlas (Cook

et al. 2010), and the European Russia Drought Atlas (Cook et al. 2020b).

The GEDA was produced on a 37,774 point 0.5ox0.5o grid of PDSI data covering the entire

Eurasian region and a substantial portion of sub-Saharan Africa from a network of 1,869 tree-ring

chronologies and one annually layered speleothem record from Oman (Supplementary Figure 1). It

is based on a variant of Ensemble Point-by-Point Regression (EPPR) that optimizes each grid point

reconstruction based on the ‘out-of-sample’ validation period R2 (VRSQ). This is performed over

a range of search radii and power weightings applied to the correlations between the tree-ring data

and each grid point PDSI record over the 1951-1990 calibration period with the 1920–1950 period

data withheld for validation testing. There is no a priori ‘best’ search radius or power weighting

for all grid points because of the highly variable spatial density of the tree-ring network shown

in Supplementary Figure 1. The GEDA’s substantial mix of tree species used for reconstruction

across the network further complicates the reconstruction process.

EPPR applied this way produces a total of 48 ‘candidate’ reconstruction models from which

the ‘best’ model in terms of validation period VRSQ is then selected. This EPPR approach is
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summarized in the flowchart schematic in Supplementary Figure 2, and the reader is referred

to Smerdon et al. (2023) for more details. Applied this way, EPPR is a form of ‘supervised

machine learning’ (Bortnik and Camporeale 2021) that seeks the optimal pointwise models for

reconstructing PDSI across the GEDA target field. As the number of available chronologies declines

further in the past, the reconstruction model is systematically recalibrated beginning on or before

1800, 1700, 1600, 1500, 1400, 1300, 1200, 1100, or 1000 CE, for nine cutoffs in total, using only

chronologies available at the cutoff year. Maps showing the stability of VRSQ across the GEDA

domain are shown for the 1800, 1600, and 1400 cutoffs in Supplementary Figure 3. The overall

stability and validation statistics of the reconstruction are excellent, especially over western Russia

and northern Pakistan where this study is focused. This process resulted in a 9-member ensemble

of ‘best’ GEDA reconstructions which were then averaged to produce the final GEDA used in this

study. In the process, each grid point average reconstruction was recalibrated and revalidated, thus

producing the final GEDA calibration and validation maps shown in Supplementary Figure 4.

The full GEDA dataset covers the time period of 1000–2020 CE, with tree-ring reconstructed

values spanning 1000–1989 CE and instrumental observations from 1990–2020 CE. Based on the

scope of our analyses, which is focused on the 2010 concurrent extreme event over Eurasia, we

do not consider the GEDA domain for Sub-Saharan Africa and south of the equator. We also

restandardized PDSI at every grid cell to a mean of zero and unit standard deviation (z-scores)

using the entire period as the baseline (1000–2020 CE) so that all soil moisture values are expressed

in units of standard deviation (𝜎).

b. NTREND Temperature Reconstruction

We used the Northern Hemisphere Tree-Ring Network Development (NTREND) spatial recon-

struction of extra-tropical (40–90oN) boreal summer (May-June-July-August; MJJA) mean temper-

ature from Anchukaitis et al. (2017). The reconstruction uses a simplified non-ensemble version

of the PPR technique described above applied to a network of 54 temperature-sensitive tree-ring

chronologies and individual tree-ring temperature reconstructions to estimate summer tempera-

tures on the regular 5 degree grid from the interpolated hybrid (surface and satellite information)

version of HadCRUT4 from Cowtan and Way (2014) and Morice et al. (2012). NTREND covers

the period from 750 to 2014 CE, with tree-ring reconstructed values spanning 750–1988 CE and
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instrumental observations from 1989–2014 CE. Specifics on data, methods, and results are avail-

able from Wilson et al. (2016) and Anchukaitis et al. (2017). For our analysis here, we extract

and average the NTREND temperature values from 48–64oN and 42–66oE to represent western

Russia for the maximum years overlapping with the GEDA (1000–2014 CE). Although a rescaling

step in NTREND accounts for the statistical effect of variances changes due to declining sample

size at each individual grid point in the reconstruction, we apply a bias correction using quantile

regression (Robeson et al. 2020) to the regional western Russian average to ensure the regional

average is comparable through time. NTREND does not include the Pakistan domain we used in

the GEDA, due to a paucity of temperature-sensitive trees near this region (Anchukaitis et al. 2017;

Esper et al. 2018; Wilson et al. 2016).

While it is fairly straightforward to trace the influence of the NTREND predictor data to the

reconstructed temperatures in the study region, it is more difficult to do this for GEDA because

of the components of the ensemble approach used. However, there are several factors that likely

mean there is little shared information between the two reconstructions. First and foremost, the

NTREND predictors are high latitude positive temperature responders positively correlated with

their local summer temperature (see Wilson et al. (2016) and Anchukaitis et al. (2017)). They are

also mostly density-based proxies or proxy reconstructions, which are known to reflect summer

and late summer temperatures. Second, the weak relationship at the interannual scale shown later

in Figures 2 and 3 between NTREND temperature and GEDA PDSI in western Russia suggests

there could not be much sharing of information. This overall weak coupling would be unlikely if

there was sharing of information between the two paleoclimate field reconstructions. Third, the

weak relationship shown in Figure 3 is similar to that seen in studies where we have been able

to use individual chronologies to reconstruct different targets (e.g. high altitude density and low

elevation ring width for temperature and PDSI in Mongolia from Pederson et al. (2014)). Finally,

the year of interest (2010) is outside the period covered by the tree-ring proxies in both GEDA and

NTREND and so comes from instrumental data. Thus the primary comparison of interest for the

temperature data is (1) in comparison to temperatures in the past millennium and (2) with years of

extreme drought in the GEDA record.
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c. Observational Data

We used the latest versions (4.07 for temperature and precipitation, 4.06 for PDSI) of the CRU

climate grids (Harris et al. 2020) to demonstrate that the 2010 concurrent extreme can be represented

in JJA seasonal average anomalies of maximum temperature, precipitation, and soil moisture

(PDSI). PDSI is not yet available from the most recent version of the climate grids, which is why

the prior version is used. We also used 300 hPa geopotential heights and meridional winds from

version 3 of the Twentieth Century Reanalysis (Slivinski et al. 2021) and SSTs from HadiSST

(Rayner et al. 2003) to analyze the dynamics of the 2010 event and compare against variability in

the GEDA.

3. Results

a. Observed Climate During the 2010 Concurrent Event

The 2010 concurrent climate extreme over Eurasia is well resolved in the JJA seasonal average ob-

served anomalies of maximum temperature, precipitation, and soil moisture (Figure 1). Maximum

temperature and precipitation anomalies are all relative to a 1901–2022 baseline, spanning the

entirety of this observational record. The PDSI are from the observational portion of the GEDA,

where each grid cell is restandardized to a mean of zero and unit standard deviation using the entire

GEDA record (1000–2020 CE). Dashed boxes outline the main centers of action for the 2010 event

which we focus our analyses around: western Russia (WRU: 42oE–66oE; 48oN–64oN) and Central

Asia and northern Pakistan (NPK: 67oE–80oE; 32oN–46oN). We chose these regions because (1)

they are areas where some of the largest impacts of the 2010 event emerged, (2) previous work

has established the presence of dynamical connections between these regions, and (3) these areas

include some of the most intense soil moisture anomalies that occurred during this event.

Higher than normal maximum temperature anomalies extend across Europe and the Middle East,

peaking in intensity within the WRU region, while temperatures are cooler than normal over parts

of high latitude Asia and the NPK region. Precipitation anomalies show strong deficits in a broad

area around the Caspian Sea, extending northward across WRU, corresponding closely with the

areas that have some of the highest maximum temperature anomalies. By contrast, extremely

large precipitation surpluses occur across most of Pakistan, including up into the NPK region.

The integrative soil moisture responses closely reflect the temperature and precipitation anomalies,
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Fig. 1. Summer (JJA) 2010 seasonal average anomalies of maximum temperature (K), precipitation (%), and

soil moisture (PDSI, 𝜎) from the CRU climate grids and GEDA. Dashed boxes indicate regions of focus for

our analyses: western Russia (WRU: 42oE–66oE; 48oN–64oN) and Central Asia and northern Pakistan (NPK:

67oE–80oE; 32oN–46oN). While the extreme heat in WRU and rainfall in NPK were subseasonal events, this

analysis demonstrates that they are detectable at the seasonal scale. This includes the seasonal soil moisture

conditions, reflected by the PDSI, which show severe drought over WRU and high soil moisture over NPK.

with intense drought over WRU and substantially wetter than normal conditions over NPK, though

there is not complete overlap across the different fields. This reflects, to some extent, the nature

of the soil moisture calculation in PDSI, which has a long intrinsic memory sensitive to moisture

balance changes (precipitation and evapotranspiration) in prior months and seasons. Combined

with the fact that the extreme seasonal rainfall anomaly in NPK is driven primarily by three multi-
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day periods of intense precipitation in July (Lau and Kim 2012), some inconsistency between the

precipitation and PDSI fields will be expected. Despite these different temporal scales, however,

these results demonstrate that the sub-seasonal extremes driving the 2010 concurrent extreme are

captured by the seasonal soil moisture anomalies targeted in the GEDA reconstruction.

Fig. 2. Time series of soil moisture (PDSI; 𝜎) in the GEDA averaged over WRU and NPK, the difference

between these two series (NPK minus WRU), and NTREND reconstructed mean temperature (K). WRU and

NPK soil moisture series were restandardized to a mean of zero and unit standard deviation over the entire record

(1000–2020 CE) after area-weighted spatial averaging. NTREND temperature anomalies (K) are centered around

a 1000–2014 CE baseline, the maximum length of this reconstruction.

b. WRU and NPK Soil Moisture Variability in the GEDA

Soil moisture and mean temperature anomalies during 2010 stand out as extreme relative to

variability over the last millennium (Figure 2). WRU soil moisture in 2010 was the second driest

in the entire 1,021 year long record (−3.53 𝜎), exceeded only by another major Russian drought in

1975 that contributed to large-scale famine across the region (Wright 1975). The extreme high soil

moisture in NPK was more muted (+1.75 𝜎), but still ranked above the 96th percentile for all years

in the record. Consequently, these two regions experienced the single largest wet-dry contrast in

the entire record in 2010 (NPK minus WRU; +5.28 𝜎). Summer 2010 in WRU was also the second
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warmest year in the record (+3.74 K) in the NTREND temperature reconstruction, slightly cooler

than 1168 CE, the single warmest year in WRU and in the entire NTREND reconstruction in the

pre-industrial period (Anchukaitis et al. 2017; Wilson et al. 2016).

Fig. 3. Joint scatter and kernel density plots comparing soil moisture (PDSI) and mean temperature (Tmean)

variability across the WRU and NPK regions: WRU PDSI vs NPK PDSI (left panel) and WRU Tmean vs WRU

PDSI (middle panel). Density plots compare distributions of these variables between the the pre- (1000-1900

CE, blue) and post-1900 (1901-2020 for PDSI, 1901-2014 for Tmean; orange) periods. Inset text are Pearson’s

correlation between the plotted quantities using all available data. The 2010 event is highlighted in the red star.

Soil moisture variability between the two regions is only weakly negatively correlated over the full

period of record (1000–2020 CE; Pearson’s 𝑟 =−0.288) and the post-1900 interval (1901–2020 CE;

Pearson’s 𝑟 = −0.191) (Figure 3, left scatter plot), suggesting some tendency towards antiphased

anomalies in the regions but an overall weak relationship. The correlation between WRU Tmean

and PDSI is also relatively weak (1000–2014 CE; Pearson’s 𝑟 = −0.171) (Figure 3, right scatter

plot), which appears counter to the evidence that dry soils during 2010 amplified the heat in the

region (Christian et al. 2020; Hauser et al. 2016; Lau and Kim 2012; Miralles et al. 2014). More
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likely, this low correlation could arise for several reasons: the slight seasonal mismatch between

NTREND (MJJA) and PDSI (JJA); the limitations of using seasonal average metrics to study

subseasonal events; the relatively high monthly persistence in the PDSI soil moisture calculation,

which makes this variable more sensitive to precipitation and evaporative demand from antecedent

seasons; or the separate tree-ring networks used in NTREND and GEDA, which differ in terms of

their spatial distribution and climate sensitivities.

The distribution of soil moisture in both regions, and mean temperature in WRU, has shifted

significantly in the post-1900 period to favor the occurrence of wet NPK–dry WRU concurrent

events (Figure 3, density plots). Two-sided Wilcoxon Rank Sum and Kolmogorov-Smirnov tests

indicate that, compared to 1000–1900 CE, the post-1900 period (1901–2020 CE for soil moisture;

1901–2014 CE for WRU mean temperature) is significantly drier in WRU (𝑝 ≤ 0.01), wetter in

NPK (𝑝 ≤ 0.05), and warmer in WRU (𝑝 ≤ 0.01). To investigate if this is influenced by the

transition from tree-ring reconstructed to instrumental PDSI in 1990, we repeated the Wilcoxon

Rank Sum and Kolmogorov-Smirnov tests restricting the post-1900 soil moisture data to the tree-

ring reconstructed interval (1901–1989 CE). For WRU, we still find significant drying using both

statistical tests (𝑝 ≤ 0.01), but differences in soil moisture over NPK compared to 1000–1900 CE

are insignificant.

Within the GEDA, soil moisture in WRU fell below −1𝜎 in 160 years, while in NPK, soil

moisture exceeded +1𝜎 in 146 years (Figure 4, top row). Despite the relatively weak correlation in

soil moisture variability across the two regions (Figure 3), large anomalies outside WRU and NPK

in these single region composites are apparent, suggesting the importance of larger scale forcing

and teleconnections for these events. Droughts in WRU are associated with wetter than average

conditions in a band spanning across Europe, Anatolia, and Southwest Asia. Wet extremes in NPK

coincide with drought conditions in WRU and northern peninsular India and wetter than average

conditions in Bangladesh and eastern India.

These teleconnections are even clearer when compositing on concurrent wet NPK–dry WRU

events, which we define in two ways (Figure 4, bottom row). First, we define these events as years

when PDSI in NPK is ≥ +1 𝜎 and PDSI in WRU is ≤ −1 𝜎, which yields 31 events. Alternatively,

we identify these concurrent extremes as occurring when the magnitude of the difference time

series (NPK minus WRU) falls at or above the 95th percentile for all years, which finds 52 events.
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Fig. 4. Composite average soil moisture anomalies (𝜎) from the GEDA (1000–2020 CE) for single region

WRU droughts (≤ −1𝜎) and NPK pluvials (≥ +1𝜎) (top row) and for two definitions of wet NPK–dry WRU

concurrent extremes (bottom row).

Both definitions yield nearly identical intensities and spatial patterns of the soil moisture anomalies

within and outside the core NPK and WRU regions.

To assess the degree to which we may expect wet NPK–dry WRU events to happen through

random chance alone, we generated a 10,000-member ensemble of simulated soil moisture for WRU

and NPK by phase-scrambling each time series in the frequency domain and then transforming

back into the time domain. Each synthetic time series will therefore have its own unique temporal

evolution while retaining the same frequency characteristics as the original time series from the

GEDA. For each iteration, we determined the number of concurrent wet NPK–dry WRU events

using both methods described above, and then calculated the 95th percentile across the ensemble to

use as our significance threshold. For the +/−1𝜎 wet NPK–dry WRU definition, the 95th percentile

is 33 events and for the difference time series definition it is 45 events. These results suggest the

occurrence of wet NPK–dry WRU events does happen more often than would be predicted from

random chance alone, at least based on the difference time series definition.

On a percentage basis, concurrent wet NPK–dry WRU extremes occur in 3.0% or 5.1% of all
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years (1000–2020 CE), based on the +/−1𝜎 and 95th percentile definitions, respectively. However,

there is a much higher frequency of these events in the post-1900 period, consistent with the overall

shifts in soil moisture in these regions discussed previously (Figure 3). For the +/−1𝜎 definition,

9 of the 31 events occur after 1900 (1901, 1921, 1930, 1931, 1943, 1954, 1959, 1988, and 2010).

This represents an increase in frequency from 2.4% (22 of 901 years) during 1000–1900 CE to

7.5% (9 of 120 years) in the post-1900 interval, a tripling in frequency. Using our alternative

95th percentile definition, 12 of the 52 events occur post-1900 (1901, 1921, 1930, 1931, 1951,

1959, 1967, 1975, 1981, 1988, 1996, and 2010), representing an increase from 4.4% to 10% of all

years in the two periods, a doubling in frequency. While the reconstruction takes advantage of the

increased availability of tree-ring chronologies in recent centuries, this is unlikely to be driving the

observed increase in event occurrence post-1900. First, all chronologies begin before 1800 CE,

and the majority also extend back before 1700 CE. Despite the same or similarly high numbers

of chronologies used during these other centuries, event occurrence is much lower compared to

post-1900: 3 in the 1700s and 4 in the 1800s. Additionally, the second highest concentration

of concurrent events occurs early in the record during the 1300s (9 events). Second, validation

statistics in the GEDA reconstruction are generally consistent even as tree-ring availability declines

back in time, especially in the main regions of our analysis (Supplementary Figure 3), suggesting

an overall stable reconstruction.

c. Dynamics of Single Region Extreme Events

Composite average anomalies of 300 hPa geopotential heights (m), 300 hPa meridional winds

(m/s), and SSTs (K) for all −1𝜎 WRU (n=22) and +1𝜎 NPK (n=17) soil moisture events during

the post-1900 period (1901–2015) are shown in Figure 5. The −1𝜎 WRU events are associated

with strong ridging centered over northern Europe and western Russia and amplified meridional

wind anomalies from the North Atlantic to South Asia. Local geopotential height anomalies are

relatively weaker for the +1𝜎 NPK events, and part of a wave-like pattern across Eurasia. These

events also appear to be associated with a strong circumglobal wave train based on meridional wind

fields that shows some similarity to a Rossby wavenumber 5 (e.g., Luo et al. 2022), a moderate warm

anomaly in tropical Pacific SSTs, and a strong dipole in Northeast Pacific SSTs. These composite

patterns show a strong resemblance to the first two rotated empirical orthogonal functions (REOFs)
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Fig. 5. Composite average (1901–2015) JJA circulation (300 hPa geopotential heights, m; meriodional winds;

m/s) and sea surface temperature anomalies (K) for all −1𝜎 WRU (n=22) and +1𝜎 NPK (n=17) soil moisture

events, excluding years with concurrent wet NPK-dry WRU extremes.

of summer season 250 hPa meridional wind anomalies found previously by Schubert et al. (2011).

The loadings for their REOF #1 are also highly localized over Eurasia and this mode is strongly

associated with heat and droughts over the area including our WRU region. By contrast, their

REOF #2 shows a pan-hemispheric wave train similar to the meridional wind composite for our

+1𝜎 NPK events.

To further explore the dynamics of these events in the GEDA, we conducted our own REOF

analysis on the standardized data matrix of the GEDA PDSI (1000–2020 CE). The leading 7

modes account for 44.9% of the total variance in the GEDA, after which there is a rapid decline

in variance explained by any additional mode. We applied varimax rotation to these 7 modes and

identified two (#1 and #5) with significant correlations to drought variability in the WRU and NPK
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Fig. 6. REOFs (#1 and #5) and associated RPCs (standardized to zero mean and unit standard deviation) from

the REOF analysis of the GEDA. Inset percentages on the REOF plots indicate the percent variance associated

with these two individual modes. Scatter plots show comparisons and Pearson’s r correlations (1000–2020 CE)

between the RPCs and PDSI in the regions they load most strongly into: RPC #1 with NPK and RPC #5 with

WRU.

regions (Figure 6). REOF #1 has a strong center of action east of the Caspian Sea, including the

NPK region, with large magnitude opposite sign loadings across western and central India to the

south and more moderate opposite sign loadings in the WRU region. The corresponding rotated

principal component (RPC) is strongly positively correlated with NPK PDSI (Pearson’s 𝑟 = +0.917)

and weakly negatively correlated with WRU PDSI (𝑟 = −0.254, not shown). REOF #5 has positive

loadings across southern and western Europe and Anatolia and negative loadings in the eastern

part of WRU. RPC #5 is much more strongly correlated with WRU PDSI compared to RPC #1

(Pearson’s 𝑟 = −0.681) and is effectively uncorrelated with NPK PDSI (Pearson’s 𝑟 = +0.026).

Correlations between RPCs #1 and #5 and the circulation and SST fields reveal that the dynamics

underlying hydroclimate extremes in WRU and NPK are well captured by these modes of variability

(Figure 7). Correlations with RPC #1, the mode strongly positively correlated with NPK soil
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Fig. 7. Correlations (Pearson’s r; 1901–2015) between RPC #1 and RPC #5 from the GEDA and JJA fields of

300 hPa geopotential heights, 300 hPa meriodional winds, and sea surface temperatures.

moisture, show patterns consistent with cyclonic circulation anomalies over Central Asia that

would drive moisture into this region. Additionally, the 300 hPa meridional winds correlations

across the Northern Hemisphere midlatitudes show a pattern similar to the wave train apparent

in the +1𝜎 NPK composite anomalies in Figure 5. RCP #5 is strongly positively correlated with

geopotential heights over northern Europe and western Russia and also cyclonic circulation over

Central Asia, consistent with the strong relationship between this mode and drought over WRU.

Both modes are positively correlated with SSTs in the northern Arabian Sea and Bay of Bengal,

while the correlations with western tropical Indian Ocean SSTs are opposite between RPC #1 and

#5. The two modes also have opposite sign correlation in the tropical Pacific.

d. Dynamics of Concurrent wet NPK–dry WRU Extremes

The 2010 concurrent extreme was associated with several major anomalies in atmospheric cir-

culation and tropical SSTs (Figure 8) (Di Capua et al. 2021; Lau and Kim 2012). The 300 hPa

geopotential height anomalies show an intense high pressure center over eastern Europe and west-

ern Russia, near the epicenter of the heat and drought in the WRU region (e.g., Figure 1). The 300

hPa meridional winds indicate that this high pressure was part of a pan-hemispheric Rossby wave
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Fig. 8. Observed JJA circulation (300 hPa geopotential heights, m; meriodional winds; m/s) and sea surface

temperature (K) anomalies during the 2010 wet NPK-dry WRU concurrent extreme event.

train, associated with anomalous northerly flow (negative anomalies) over WRU and southerly flow

(positive anomalies) into NPK. Simultaneously, cold SSTs occurred across the tropical Pacific, part

of the developing La Niña that would peak later in the year, along with anomalously warm SSTs in

the Indian and tropical Atlantic basins.

Composite average circulation and SST anomalies for other instrumental era (1901–2015) con-

current wet NPK–dry WRU events show similar patterns to 2010 (Figure 9). For both definitions,

these events are clearly associated with high pressure centered over western Russia, a hemispheric

wave train reflected in the 300 hPa meridional winds, and cold SSTs in the tropical Pacific. The

meridional wind anomalies over the North Atlantic are weaker in these composites compared to

2010, and the wave train itself appears to be better represented in the +/−1𝜎 definition. Tropical
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Fig. 9. Composite average JJA circulation (300 hPa geopotential heights, m; meriodional winds; m/s) and sea

surface temperature anomalies (K) for all wet NPK-dry WRU concurrent extremes (1901–2015), excluding 2010.

Years for the +/−1𝜎 events are: 1901, 1921, 1930, 1931, 1943, 1954, 1959, and 1988. For the 95th percentile

difference events we use: 1901, 1921, 1930, 1931, 1951, 1959, 1967, 1975, 1981, 1988, and 1996.

Atlantic SST anomalies are also not nearly as warm in the composite relative to 2010. Generally,

the anomaly fields reflect a mix of the composite anomalies for the single region events described

previously (Figure 5). However, the concurrent event SST composite shows a strong La Niña

association with cold tropical Pacific SSTs that is absent in either the −1𝜎 WRU or +1𝜎 NPK

composites.

Concurrent wet NPK-dry WRU events are strongly associated with positive values of RPCs #1

and #5 (Figure 10). All the wet NPK–dry WRU events we identified have positive values of RPC #1

(i.e., wet conditions in NPK) using the +/−1𝜎 definition, and 49 of 52 events (94%) are similarly

positive under the 95th percentile definition. For RPC #5, the overwhelming majority (26 of 31 or

84% for the+/−1𝜎 definition; 44 of 52 or 85% for the 95th percentile definition) have positive values

for RPC #5 (i.e., dry conditions in WRU). This strong association is confirmed when comparing
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Fig. 10. Comparisons and distributions of PCs #1 and #5 for all years in the GEDA (blue dots and density

plots) and for wet NPK-dry WRU events (red dots and density plots), based on our two definitions for these

events. Red stars are the values for the 2010 event.

values for these PCs from the wet NPK–dry WRU events (Figure 10, red kernel density plots)

against all other years in the reconstructions (Figure 10, blue kernel density plots), which show

highly significant differences (𝑝 ≤ 0.01; two-sided Wilcoxon Rank Sum and Kolmogorov-Smirnov

tests). While neither RPC was extreme during the 2010 event, both modes were moderately

positive: RPC #1= +0.84𝜎 and RPC #5= +1.09𝜎 (Figure 10, red stars).

4. Discussion and Conclusions

The 2010 concurrent extreme in western Russia and northern Pakistan is well captured in a seasonal

reconstruction of JJA soil moisture, despite the sub-seasonal nature of both the heat wave in Russia

and the extreme rainfall and flooding in Pakistan. We find that such events are quite rare over the last

millennium, occurring in only 3–5% of years, and our study is the latest of several that demonstrate

how seasonal tree-ring reconstructions can be used for analyses of sub-seasonal climate extremes

(Borkotoky et al. 2021, 2023; Heeter et al. 2023; Steinschneider et al. 2018). These results suggest
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that the 2010 event was characterized by (1) the second lowest soil moisture in WRU of the last

1,021 years and (2) the largest difference in soil moisture between NPK and WRU. Additionally,

the reconstruction indicates that this event was made more likely by a post-1900 shift towards drier

mean conditions in WRU and, though the evidence is weaker, wetter mean conditions in NPK.

This change in risk is reflected in the much higher frequency of wet NPK–dry WRU concurrent

extremes in the post-1900 period, during which 29% or 23% of events in the record have occurred,

based on the +/−1𝜎 and 95th percentile difference definitions, respectively.

Despite its extreme magnitude, the soil moisture anomalies during the 2010 event were not

associated with extreme values of the two RPCs in the GEDA that appear as the main drivers of

wet NPK–dry WRU events over the last millennium. This may reflect the location of the strongest

eigenvector weights, which are not precisely colocated with the regions of most intense soil

moisture anomalies, and therefore may bring in additional information from less extreme regions.

Alternatively, this could suggest the potential importance of contributions from other factors to

2010’s intensity. One of the most comprehensive analyses of 2010 was conducted by Di Capua

et al. (2021), who attributed this event to a combination of SST forcing from the tropics, dry soil

moisture conditions in western Russia, and high-latitude warming that all combined to increase

the occurrence and intensity of the Rossby wave train that was the proximal driver of this event.

Much of Asia, including the area in which our NPK region is located, is also strongly influenced

by anthropogenic aerosol forcing (Ratnam et al. 2021). While the conventional expectation is

that aerosols will weaken monsoon precipitation by slowing the hydrologic cycle (Wang et al.

2022), there is evidence that aerosols can enhance mean and extreme precipitation, including over

northwestern South Asia (Andreae et al. 2004; Guo et al. 2016; Lee et al. 2008; Singh et al. 2019,

2023). While the RPCs in the GEDA capture the local circulation anomalies and Rossby wave train

pattern itself, the full suite of dynamics discussed by Di Capua et al. (2021) and others is unlikely

to be fully resolved within these two modes.

There also remain outstanding questions regarding the extent to which climate change may have

contributed to either the likelihood or intensity of the 2010 event. Simulations using modern

radiative forcing find an increased risk of extreme heat in western Russia by a factor of 2 and

heavy precipitation in northern Pakistan by a factor of 4 (Di Capua et al. 2021), but the process

pathways for these contributions from anthropogenic forcing are uncertain. For example, while

20

Accepted for publication in Journal of Climate. DOI 10.1175/JCLI-D-23-0773.1.
Brought to you by Columbia University | Unauthenticated | Downloaded 05/28/24 01:00 AM UTC



climate change likely increased the heat wave risk over Russia directly through warmer overall

temperatures (Di Capua et al. 2021; Hauser et al. 2016), it is less clear if increased radiative forcing

contributed to the severe soil moisture deficits in this region, which amplified the local heat directly

and the downstream Rossby wave response. The GEDA does show a drying soil moisture trend over

WRU in the 20th century that would contribute towards the increased occurrence of wet NPK–dry

WRU events in this interval. These trends are consistent with forced soil moisture responses in

some model projections (Cook et al. 2020a), and at least tangentially support hypotheses regarding

the role of climate change through this mechanism. An explicit climate change attribution analysis

is, however, outside the scope of the current study.

While we believe our approach does offer value for studying events like 2010, we are cognizant

of some of the inherent limitations in our use of seasonal reconstructions for analyses of higher

temporal resolution events. The major soil moisture drying in western Russia occurred rapidly over

a matter of weeks in early summer, with the most intense heat following in the mid-summer. In

Pakistan, the flooding occurred as a consequence of several heavy rainfall events in July followed by

an extended period of steady rainfall for almost the entirety of August (Lau and Kim 2012). These

event evolutions cannot be resolved within a singular seasonal climate reconstruction. There are also

potential uncertainties and biases in the tree-ring proxies themselves used for the reconstruction.

For example, trees are typically much more sensitive to dry versus wet extremes, and therefore

may underestimate the magnitude of extreme wet events (Fritts 1976; Wise and Dannenberg 2019).

Trees also have strong seasonal biases in their climate response which may differ to some degree

with the target reconstruction variable (St. George et al. 2010; St. George and Ault 2014). We are

encouraged, however, by the strong validation statistics in the GEDA in WRU and NPK and our

results demonstrating that events like 2010 can be resolved on a level that allows us to generate

some insights regarding variability and mechanisms.

While quite rare, we identify numerous occurrences of wet NPK–dry WRU events in the GEDA

over the last millennium that are similar to what occurred in 2010. This provides an important

and much longer baseline relative to the instrumental record that can be used to contextualize and

evaluate these extremes. In particular, spatial reconstructions like the GEDA may be especially

useful for evaluating changes in the dynamics of extreme climate events, as evidenced by the

correlations between RPCs #1 and #5 and the large-scale circulation fields. This is an important
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avenue of research, as changes in the dynamics associated with extreme climate events are more

difficult to detect and less well understood (Gagen et al. 2016) compared to much more well

constrained thermodynamics shifts. With increasing evidence for their importance in recent

extreme events (Di Capua and Rahmstorf 2023), there is potentially an important role for high

resolution spatiotemporal paleoclimate reconstructions to contribute towards our understanding of

the dynamics of these events now and in the past.
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