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Key points
• Climate-informed dynamic streamflow reconstruction is skillful over most of Monsoon Asia
• Spatial coherence of streamflow suggests water management be coordinated among basins
• Mekong and Chao Phraya are most sensitive among rivers to anomalies in sea surface

temperature

Abstract
The Monsoon Asia region is home to ten of the world’s biggest rivers, supporting the lives of 1.7
billion people who rely on streamflow for water, energy, and food. Yet, a synoptic understanding
of multi-centennial streamflow variability for this region is lacking. Here we produce the first
large scale streamflow reconstruction over Monsoon Asia (63 stations in 16 countries), using a
novel climate-informed dynamic algorithm that is skillful over 92% of the gauging stations. We
show that streamflow in Monsoon Asia is spatially coherent, owing to common drivers from
the Pacific, Indian, and Atlantic Oceans that exert their greatest influence over the Mekong
and Chao Phraya basins. This work increases our understanding of streamflow variability over
Monsoon Asia. We suggest that future water management in the region should be coordinated
between basins, taking into account the states of the oceans.

Plain Language Summary
Ten of the world’s biggest rivers are located entirely within the Asian Monsoon region. They
provide water, energy, and food for 1.7 billion people. To manage these critical resources, we
need a better understanding of river discharge—how does it change over a long time? Are
there common variation patterns among rivers? To answer these questions, we use information
derived from tree rings to reconstruct river discharge history at 63 gauges in 16 Asian countries.
Our reconstruction reveals the riparian footprint of megadroughts and large volcanic eruptions
over the past eight centuries. We show that simultaneous droughts and pluvials have often
occurred at adjacent river basins in the past, because Asian rivers share common influences
from the Pacific, Indian, and Atlantic Oceans. We also show that the oceans exert their greatest
influences on the Mekong and Chao Phraya basins. From these findings, we suggest that future
water management in the region should be coordinated between basins, taking into account the
states of the oceans. Our findings can benefit the riparian people of the Asian Monsoon region.

∗This manuscript is undergoing revision; it may be updated in a near future.
†Corresponding author, tanthaihung_nguyen@mymail.sutd.edu.sg
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1 Introduction
Of the world’s 30 biggest rivers, ten are located within Monsoon Asia, and two others originate
from this region (Figure 1). These river basins are home to 1.7 billion people (Best, 2019).
With high population densities, even smaller basins support the livelihood of millions—e.g.,
Chao Phraya (Thailand): 25 million, Angat (the Philippines): 13 million, and Citarum (Indone-
sia): 10 million (Nguyen and Galelli, 2018; Libisch-Lehner et al., 2019; D’Arrigo et al., 2011).
River discharge, or streamflow, provides water for domestic and industrial uses, irrigation, and
hydropower. It sustains aquatic life (including fish yield), carries sediment and nutrients, and
enables navigation. Streamflow is an important link in both the water-energy-food nexus and
the ecological cycle. To manage this resource, we need a good understanding of hydrologic
variability. Such understanding is often derived from streamflow measurements; however, these
instrumental data span typically only a few decades, too short to capture long-term variability
and changes in streamflow.

When compared against instrumental data, longer streamflow records reconstructed from
climate proxies—such as tree rings—often reveal striking insights. A reconstructed pre-dam
variability of the Yellow River (Li et al., 2019) shows that streamflow in 1968–2010 was only
half of what should have been; in other words, dam-related activities depleted half of the available
water! A reconstruction of the Citarum River (Indonesia) (D’Arrigo et al., 2011) shows that the
period 1963–2006 contained an increasing trend of low flow years but no trend in high flow years,
compared with the previous three centuries. This finding suggests that 10 million inhabitants of
Jakarta may be facing higher drought risks than what is perceived from the instrumental record.
The Mongolian “Breadbasket”, an agricultural region in north-central Mongolia (Pederson et al.,
2013), experienced an unusually wet twentieth-century, and the recent dry epoch is not rare in
the last four centuries (Davi et al., 2006; Pederson et al., 2013; Davi et al., 2013). Consequently,
agricultural planning cannot take the twentieth century to be the norm, lest history repeats
the lesson of the Colorado River Basin: observations over abnormally wet years (Stockton and
Jacoby, 1976; Woodhouse et al., 2006) led to water rights overallocation, and the Colorado no
longer reaches the Pacific Ocean.

Compelling evidence calls for more streamflow reconstructions in Monsoon Asia. Tremendous
efforts, booming in the last four years (Figure S1), have partly addressed this need, but the
hydrological knowledge gained was limited to the individual catchments studied, more than half
of which are in China (Text S1 and Table S1). A synoptic understanding is lacking. Here, we
produce the first large scale streamflow reconstruction for Monsoon Asia, covering 63 stations in
16 countries, unraveling eight centuries of annual streamflow variability. Fifty-nine stations are
reconstructed for the first time while the other four (Citarum, Yeruu, Ping, and Indus Rivers)
are extended back in time compared to previous works (D’Arrigo et al., 2011; Pederson et al.,
2013; Nguyen and Galelli, 2018; Rao et al., 2018). This data set allows us to assess both local
historical water availability and regional streamflow patterns, revealing the spatial coherence
of streamflow and its links to the oceans. This understanding may improve interbasin water
resources management and coordination.

2 Data and Methods
2.1 Streamflow and Proxy Data
We obtained streamflow data from the Global Streamflow Indices and Metadata (GSIM) data
set (Do et al., 2018; Gudmundsson et al., 2018), using stations having at least 41 years of data,
with no more than 3% missing daily values, and with mean annual flow of at least 50 m3/s.
We also received streamflow data from our colleagues (see Acknowledgment). Our collection
effort resulted in a data set of mean annual (January–December) flow at 63 stations in 16
countries (Figure 1). We used the calendar year as there is not a common water year across
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the study domain (Knoben et al., 2018). We acknowledge that the instrumental data may
contain anthropogenic effects such as those caused by reservoir operations. This is a common
issue in streamflow reconstruction (Xu et al., 2019). Working with annual rather than seasonal
streamflow ameliorates the effects of upstream reservoirs, which transfer water from wet season
to dry season but have less impact on the annual water budget.
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Figure 1. The Monsoon Asia region (Cook et al., 2010); river basins involved in this study
are highlighted by sub-region, rivers belonging to the world’s 30 biggest (Best, 2019)
shown with blue names.

2.2 Climate-informed Dynamic Streamflow Reconstruction
Our paleoclimate proxy is the Monsoon Asia Drought Atlas (MADA) (Cook et al., 2010) version
2 (Cook, 2015), a gridded data set of the Palmer Drought Severity Index (PDSI) (Palmer, 1965)
for the period 1200–2012, reconstructed from tree rings. Drought atlases have been shown to
be a good climate proxy: since both streamflow and PDSI can be modeled as functions of ring
width, one can build a model to relate streamflow to PDSI directly (Ho et al., 2016, 2017; Nguyen
and Galelli, 2018). Drought atlases enhance the spatial expression of the underlying tree ring
data, and are more uniform in space and time than the tree ring network itself (see Cook et al.,
2010, Figure 1), making them better suited to large scale studies.

Our reconstruction method is based on the Point-by-Point-Regression (PPR) procedure (Cook
et al., 1999, 2010; Cook, 2015). The premise behind PPR is that building a large-scale spatial
regression model is challenging; therefore, one can reconstruct each target point (a climate
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time series at a location) independently—hence the term point-by-point—and rely on the proxy
network to capture the spatial patterns. Here, we adopted PPR, but with two key modifications:
first, in the way proxy points are selected, and second, in the regression model.

The PPR procedure used for MADA (Cook et al., 2010) selected proxy points (tree ring
chronologies) within a search radius, performed weighted Principal Component Analysis (PCA)
on the selected points, and repeated for different radii and PCA weights. Given that geographical
proximity does not imply hydroclimatic similarity, we selected our proxies (MADA grid points)
by hydroclimatic similarity directly. The hydroclimate at location i (a MADA grid point or a
streamflow station) is characterized by three indices: aridity ai, moisture seasonality si, and
snow fraction fi, following Knoben et al. (2018) (hereafter referred to as the KWF system, after
the three authors). The hydroclimatic similarity between two locations i and j is then defined as
their Euclidean distance in the hydroclimate space. This distance is termed the KWF distance
and its mathematical definition is

dKWF (i, j) =
√
(ai − aj)2 + (si − sj)2 + (fi − fj)2 (1)

The KWF distance lets us screen out MADA grid points that are geographically close to the sta-
tion of interest but hydroclimatically different—a climate-informed grid point selection scheme.
Whereas previous PPR implementations varied the search radius, we fixed the radius to 2,500
km—the scale of regional weather systems (Boers et al., 2019)—and varied the KWF distance.
In our search regions, PDSI often correlates significantly with streamflow (Figure S2); indeed
hydroclimatic similarity is a physical basis for correlation. The final reconstruction ensemble
includes 18 members as combinations of three different KWF distances and six PCA weights.
Details of the procedure are described in Text S2.

The second step was to model the relationship between climatic inputs and the catchment
output (streamflow). Here, this relationship was not modeled with linear regression (as with
original PPR, and as typical with previous reconstruction studies), but as a linear dynamical
system (LDS), following equations (2) and (3):

xt+1 = Axt +But + wt (2)
yt = Cxt +Dut + vt (3)

where t is the time step (year), y the catchment output (streamflow, log-transformed to obtain
a normal distribution), u the climatic input (an ensemble member from the climate-informed
grid point selection), w and v white noise, and x the system state, which can be interpreted as
the catchment’s flow regime, i.e, wet or dry (Nguyen and Galelli, 2018). By modeling the flow
regime and its transition, the LDS model accounts for both regime shifts (Turner and Galelli,
2016) and catchment memory (Pelletier and Turcotte, 1997). These behaviors are not modeled
in linear regression.

Consistent with previous studies, we assessed reconstruction performance using the metrics
Reduction of Error (RE) and Coefficient of Efficiency (CE) (Cook and Kairiukstis, 1990). We
cross-validated individual stations with a leave-25%-out procedure with 100 repetitions and
calculated the mean score of each metric. The reconstruction and cross-validation procedures
were carried out using the R package ldsr (github.com/ntthung/ldsr).

3 Results and Discussion
3.1 Reconstruction Skills
Reduction of Error (RE) is positive at all stations (Figure 2a and b); Coefficient of Efficiency
(CE) is positive at all but five (Figure 2c and d). Negative CE values belong in two distinct
groups. Three stations in southern Japan may be affected by the low density in that segment
of the tree ring network used to build the MADA (Cook, 2015); nevertheless, their CE values
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are only slightly negative (−0.063 < CE < 0). On the other hand, stations Ban Mixay (CE =
−0.125) and Ubon (CE = −0.118) are located in the Mekong tributaries, in the area of high
quality tree ring chronologies (Buckley et al., 2007; Sano et al., 2009; Buckley et al., 2010), yet
their variability is poorly captured by the MADA, in stark contrast with nearby stations. We
suspect there are data errors at these two gauges. The negative CE values here are likely not due
to the reconstruction model. The histogram of CE resembles that of RE but skews and shifts
slightly left. This is expected as CE is a more stringent metric than RE (Cook and Kairiukstis,
1990). Much lower CE than RE implies overfitting; we do not observe that here.
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Figure 2. Distribution of model performance scores. Panels a and c show the scores of each
station following the color legends encoded with the histograms in panels b and d.

3.2 Spatiotemporal Variability of Monsoon Asia’s Streamflow
Both metrics have similar spatial distributions. Expectedly, lower (but positive) skills are seen
in most of Central and West Asia, which lie outside the active monsoon area. An exception is
the upper reach of the Selenge River (upstream of Lake Baikal), where model skill is remarkably
high, owing to high quality tree ring records from Mongolia (Davi et al., 2006; Pederson et al.,
2013; Davi et al., 2013; Pederson et al., 2014). In Japan, where the small catchments are sensitive
to local climates, model skill is reduced. In all other regions, model skill is homogeneous. The
consistent performance of our model suggests that anthropogenic changes have not affected the
PDSI–streamflow relationship, the MADA is a good proxy for streamflow reconstruction in Asia,
and our climate-informed dynamic reconstruction is skillful.

Having obtained good skill scores, we now present eight centuries of spatiotemporal stream-
flow variability in Monsoon Asia (Figure 3). This reconstructed history captures the riparian
footprint of major historical events (large volcanic eruptions, megadroughts, and pluvials). We
first discuss the impact of the three largest eruptions of the past eight centuries (Sigl et al.,
2015): Samalas (1257) (Lavigne et al., 2013), Kuwae (1452-53) (Gao et al., 2006), and Tambora
(1815) (Stothers, 1984).
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Assuming that Kuwae erupted in 1452 (consistent with tree ring records, see e.g. Briffa et al.,
1998), these three eruptions saw a persistent streamflow pattern across Southeast Asia, eastern
China, and West Asia. In the eruption year t (t = 1257, 1452, 1815), abnormally high streamflow
occurred in all three regions. In year t + 1, streamflow remained high in Southeast Asia but
abruptly turned low in West Asia and parts of eastern China. This is unexpected given the
results of Li et al. (2013). They found that in year t, PDSI (captured by the MADA) was
negative in all three regions; in year t+1, PDSI remained negative in Southeast Asia but turned
positive in West Asia and eastern China. Based on their findings, one would expect streamflow
to be low in all three regions in year t, then remain low in Southeast Asia but turn high in West
Asia and eastern China in year t+1. We observe the opposite. Interestingly, Anchukaitis et al.
(2010), also using PDSI, found in year t wet conditions in Southeast Asia (similar to our results)
but mixed wet and dry conditions in eastern China and West Asia (more similar to Li et al.,
2013). The disparity in these studies are attributed to the different sets of eruptions used—
Anchukaitis et al. (2010) demonstrated this with three sets of events. Our divergence from their
results are partly because they used Superposed Epoch Analysis while we analyze individual
events, but we argue that the main cause is streamflow versus PDSI. With our streamflow
results, we offer a reconciling explanation: during and immediately after the eruptions, PDSI
was more driven by temperature than precipitation, and while low temperature may have caused
negative PDSI, it reduced evaporation and consequently, increased streamflow. This mechanism
is particularly relevant in midlatitude eastern China and West Asia. In Southeast Asia, however,
reduced temperature, from warm to cool, could increase soil moisture (Anchukaitis et al., 2010),
resulting in high streamflow. Not disagreeing with previous works, our results offer a look at
another aspect of past climate using streamflow instead of PDSI.

As a drought/pluvial indicator, streamflow may differ from PDSI in individual years, as dis-
cussed above, but on longer terms, our reconstructed streamflow agrees well with reconstructed
PDSI. For example, our record fully captures the Angkor Droughts (1345–1365 and 1401–1425)
(Buckley et al., 2010) with prolonged low flow throughout the Mekong and Chao Phraya basins
(Southeast Asia). Heavy monsoon rain interrupted these megadroughts; such abrupt alterations
to the flow regime proved difficult for Angkor’s water managers (Buckley et al., 2014). After
the first Angkor Drought, they altered the inflow/outflow functions of their barays (reservoirs)
in an attempt to preserve water. Heavy rains and flooding subsequently destroyed the reduced-
capacity hydraulic infrastructure. Our reconstruction shows that this flood likely occurred in
1375. By the second Angkor Drought, the hydraulic city had insufficient water storage and
could not recover. Four more megadroughts that severely affected Asian societies (Cook et al.,
2010) are also captured in our reconstruction, along with other major droughts and pluvials.
Central Asia observed a six-decade drought between 1260–1320 and sustained pluvials during
1740–1769. Northern Japan experienced extended drought between 1493–1510. Most notably,
Southeast Asia suffered a drought between 1226–1249 that was comparable to Angkor Drought
I, followed by a multi-decadal pluvial 1271–1307; the drought is prominent in the speleothem
record of Wang et al. (2019), and the pluvial can also be traced from there.

3.3 Links to Oceanic Drivers
To exemplify the spatial variation of how the oceans influence streamflow, we selected four river
basins from west to east: Krishna, Chao Phraya, Mekong, and Yangtze (Figure 1). We calculated
the correlation between reconstructed annual streamflow at each basin and the seasonal averages
of global sea surface temperature (SST) for the period 1855–2012. Correlation patterns vary
both seasonally and spatially, with differences among rivers and among oceans.
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Figure 4. Correlation between reconstructed mean annual streamflow at four river basins (this
work) and seasonal averages of global sea surface temperature (SST) from the
NOAA_ERSST_v5 data set (Huang et al., 2017) for the period 1855–2012; sig-
nificant correlations (α = 0.05) enclosed in black boundaries. The stations used are
shown in Figure S2. “(-1)” denotes previous year.

3.3.1 Pacific Ocean

For the Krishna, significant correlations are mainly observed in the tropical Pacific during sum-
mer (JJA) and autumn (SON) of the current year. Tropical Pacific SST—a manifestation of the
El Niño-Southern Oscillation (c.f. McPhaden et al., 2006)—correlates negatively with stream-
flow. The hydroclimate of South Asia tends to be drier during El Niños and wetter during La
Niñas. These tendencies have also been observed from tree ring records (Borgaonkar et al.,
2010), reconstructed PDSI (Yu et al., 2018) and precipitation (Shi and Wang, 2018). The sea-
sonality of correlation suggests that annual streamflow responds more strongly to an ongoing
ENSO event than to a decaying one.

The Yangtze has a similar current summer–winter Pacific SST correlation pattern to that of
the Krishna (i.e, related to ongoing ENSO events), but it responds to decaying ENSO events
(prior summer–winter) more strongly than does the Krishna; correlation with decaying ENSO
events takes the opposite sign to that of ongoing ENSO events. These opposite ENSO influences
on eastern China have been shown in a similar seasonal correlation analysis using reconstructed
precipitation (Shi and Wang, 2018) but not in the annual composite analyses of Yu et al. (2018)
and Li et al. (2013). The latter two works showed wetter tendencies during El Niño and drier
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tendencies during La Niña, likely capturing only the decaying phase.
Unlike in the Krishna and Yangtze, streamflow in the Chao Phraya and Mekong correlates

significantly with SST over most of the Pacific Ocean, and the correlation persists across all
seasons, reflecting equal influences from decaying and ongoing ENSO events. The basin-wide
correlation pattern and its lack of seasonality suggest influences from a driver at longer time
scales, likely the Pacific Decadal Variability (PDV)—decadal variations of Pacific SST resulted
from complex tropical-extratropical ocean-atmosphere interactions (Henley, 2017). The North
Pacific component of PDV is known as the Pacific Decadal Oscillation (PDO) (Mantua and Hare,
2002), its southern counterpart the South Pacific Decadal Oscillation (Shakun and Shaman,
2009); basin-wide SST variation patterns have also been termed Interdecadal Pacific Oscillation
(Folland et al., 1999). These modes are closely related (Henley, 2017). The PDO has been shown
to influence hydroclimatic variability in Monsoon Asia, in conjunction with ENSO (Yu et al.,
2018). Specifically for the Chao Phraya, PDO also modulates ENSO’s influence on peak flow
(Xu et al., 2019). Here, by juxtaposing the correlation maps, our analyses reveal that ENSO
and PDV exert their greatest influence on the Mekong and Chao Phraya.

3.3.2 Indian Ocean

We detect significant negative correlations between streamflow and Indian Ocean SST in current-
year fall and winter in the Krishna, Chao Phraya, and Yangtze, and to a lesser extent in the
Mekong. These basin-wide correlation patterns follow closely after peak ENSO correlations
in summer and fall, consistent with the Indo-Pacific coupling described by Saji et al. (1999):
an ENSO event in the Pacific leads to SST anomalies of the same sign in the Indian Ocean.
This mode accounts for about 30% of Indian Ocean SST variability [ibid]. These authors also
proposed another mode—the Indian Ocean Dipole (IOD) mode, the positive phase of which is
characterized by cool eastern Indian Ocean around Sumatra, and warm western Indian Ocean
around East Africa. Positive IOD events often occur around June–July, peak in October and
abruptly end in November, a phenomenon called seasonal locking (Saji et al., 1999; Ummenhofer
et al., 2017). Positive IOD events have been linked to droughts in Southeast Asia but this
relationship is not robust (Ummenhofer et al., 2013). Consistent with their results, we observe
an east-positive–west-negative correlation pattern between Indian Ocean SST and Southeast
Asia streamflow (Mekong and Chao Phraya) in prior year fall (the peak IOD season), with small
areas of significant correlation. This pattern is not clear in present-year fall, likely because it
is dominated by the basin-wide ENSO mode (the IOD mode only accounts for 12% of Indian
Ocean SST variability (Saji et al., 1999)).

3.3.3 Atlantic Ocean

The Chao Phraya and Mekong streamflow correlates positively with tropical and North Atlantic
SST, with significant correlations observed throughout the seasons. Wang et al. (2019) proposed
a mechanism to explain this relationship: increased tropical Atlantic SST leads to changes in
zonal moisture transport, causing depression over tropical Indian Ocean, reducing rainout over
the basin, leaving more moisture available to be transported to mainland Southeast Asia, ul-
timately strengthen Indian Monsoon rain over the Mekong and Chao Phraya. The reduced
upstream rainout may also contribute to decreased streamflow in the Krishna, which lies up-
stream of the Chao Phraya and Mekong in the moisture transport path (c.f. Buckley et al., 2014,
Figure 13). Hence, the mechanism of Wang et al. (2019) is also consistent with the negative
correlation between tropical Atlantic SST and Krisha’s streamflow.

3.4 Implications for water management
From our reconstruction, streamflow in Monsoon Asia appears coherent: high and low flows
often occur simultaneously at nearby gauges and adjacent basins (Figure 3). This emerges even
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though we reconstructed each gauge individually, proving the merits of point-by-point regression.
More importantly, this coherence implies that water management in Asia should be coordinated
among basins. For example, Thailand is increasingly purchasing Mekong-generated hydropower
from Laos, and when that is insufficient, complements its energy needs with thermal power from
plants that use water from the Chao Phraya for cooling (Chowdhury et al., 2019). Thailand’s
energy system is at risk when a prolonged drought occurs at both rivers—our record shows such
events have happened several times in the past (Figure 3).

We showed that the Pacific, Indian, and Atlantic Oceans contribute to streamflow variability
(frequency analyses further corroborate this, see Text S3). Therefore, water management in
Monsoon Asia should take into account the ocean states. A case study of the Angat River, the
Philippines, showed that reservoir operating policies informed by ENSO states are more robust
than conventional policies (Libisch-Lehner et al., 2019). Operating policies may be improved
further if, say, the PDV is also considered.

4 Conclusions
Using a novel climate-informed dynamic reconstruction algorithm and the Monsoon Asia Drought
Atlas as the climate proxy, we reconstructed eight centuries of streamflow at 63 stations in 16
countries across Monsoon Asia. The algorithm is skillful over 92% of the stations; skill distri-
bution is spatially homogeneous. Our reconstruction shows that streamflow in Monsoon Asia is
spatially coherent, with concurrent high/low flow episodes in adjacent basins. This coherence is
attributed to common oceanic drivers—the El Niño–Southern Oscillation, the Pacific Decadal
Variability, the Indian Ocean Dipole, and tropical Atlantic sea surface temperature variations.
These oceanic drivers exert their greatest influences on the Mekong and Chao Phraya basins.
Our results suggest that water resources management in Monsoon Asia be coordinated among
basins, and shed some light on the potential for improving water management by observing the
ocean states. These insights may benefit the riparian people of Monsoon Asia.
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