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A B S T R A C T

Study region: Zemu River, Upper Teesta River Basin, Eastern Himalaya
Study focus: In this study, a tree-ring chronology of Abies densa was used as a proxy to reconstruct 
a century-long May-June streamflow of the Zemu River. The reconstruction was carried out based 
on a scaling approach which explained 35 % of variance in observed streamflow and was varified 
by comparing with other regional reconstructions. Moving windowed Pearson correlation was 
performed to reveal the temporal influence of major climate forcings (e.g., ENSO) with the 
streamflow of Zemu River.
New hydrological insights for the region: Our study identified a strong negative relationship between 
tree-growth and observed May-June streamflow in the glacier-fed Zemu River. This counterin
tuitive, inverse relationship is likely due to the contribution of additional meltwater when con
ditions are dry and insulation over the glacier is high. The reconstructed streamflow record 
reveals several high- and low-flow periods above and below the mean value (+/- 1σ) and iden
tifies 30 high-flow years and 33 low-flow years, including some historically recorded floods in 
1927, 1968, 1980, 1982 and 1998, and of severe droughts in 1951, 1976 and 2017. Most recently, 
a positive association between reconstructed streamflow and the ENSO has become apparent, 
which we attribute to reduced penetration of the Indian Summer Monsoon during ENSO years, 
which reduces precipitation but maintains for longer warmer and drier conditions that allow 
glacier melt.

1. Introduction

The impacts of climate change are greater in high-altitude mountain environments than in lowlands (Kraaijenbrink et al., 2017; 
Pepin et al., 2022; Rangwala and Miller, 2012; Schmeller et al., 2022). This is because rapid warming leads to feedback associated with 
albedo, cloud cover, water vapour, aerosols, blackbody emissions etc. that amplify the warming signal (Pepin et al., 2015). In the 
cryosphere, snow and glaciers are particularly sensitive to climate change (Carrer et al., 2023; Roe et al., 2017). In recent decades, High 
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Mountain Asia (HMA) has been at the centre of global climate change research because of a growing concern that warmer climate 
periods will reduce freshwater availability and increase the frequency and magnitude of natural hazards. Glaciers and snow cover 
supply freshwater to more than 1.5 billion people in the major river basins across the HMA (Immerzeel et al., 2020, 2010; Li et al., 
2021). Projected climate change is a major issue (Dimri et al., 2018; Rani et al., 2022; Wijngaard et al., 2018), because the Himalayan 
‘water towers’ (Immerzeel et al., 2020, 2010; Viviroli et al., 2007) are continuously losing mass even if the extent and rate is not always 
clear (Kääb et al., 2012; Lee et al., 2021; Zhang et al., 2023). Many of these river basins are also experiencing decreasing water 
availability and increasing magnitude and frequency of natural hazards including outburst floods, and droughts (Katel et al., 2015; 
Kattel et al., 2023). A recent study by Shrestha et al. (2023) reported a total of 697 glacial lake outburst floods (GLOFs) between 1833 
and 2022 causing approximately 7000 fatalities in the HMA. It is estimated that 9.3 million people are exposed to GLOF risk from over 
2000 glacial lakes across the HMA (Taylor et al., 2023).

Despite the risk of extremely severe climate impacts across the HMA, there are relatively few instrumental records, the longest of 
which begins in the early twentieth century (Jaffrés, 2019). The lack of long-term instrumental records makes it particularly difficult to 
separate anthropogenic climate-related change from natural variability and therefore understand how snow- and glacier-melt changes 
have historically impacted streamflow (Kayastha and Kayastha, 2019). To fill this knowledge gap, several studies have reconstructed 
streamflow in Himalayan rivers using proxy records in tree rings (see review in Islam et al., 2024). The majority of tree-ring based 
streamflow reconstructions are available for Western Himalayan rivers and only a few streamflow records are available for rivers in the 
Eastern Himalaya. Some reconstructions are not up to date as they are more than one or two decades old. For instance, there are 
streamflow reconstructions covering the period 1309–2008 for the Brahmaputra River (Rao et al., 2020), 1790–1994 for the Lachen 
River (Shah et al., 2014), 1846–1999 for the Lohit River (Shah et al., 2019), and 1775–1996 for the Zemu River (Shekhar and 
Bhattacharyya, 2015). There are also questions of reliability concerning some of these reconstructions. For instance, the Zemu River 
analysis in Shekhar and Bhattacharyya (2015) uses instrumental streamflow data from 1976 to 1996 that are different to the official 
data we have obtained for the same station. Furthermore, they validated their reconstruction based on a split sample method instead of 
applying the leave-one-out method which is more widely used for short duration datasets (Michaelsen, 1987).

The need for such long historical records is reinforced by the growing sense that in these regions natural variability is not 

Fig. 1. Locations of the tree-ring sampling sites and hydrological station along the Zemu River in the Upper Teesta River Basin, North Sikkim, 
Eastern Himalaya.
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statistically stationary due to climate forcing. Studies have shown that streamflow variability in Himalayan rivers is affected by global 
climate phenomenon such as the El Niño-Southern Oscillation (ENSO) in particular. ENSO brings dry and wet conditions to this region 
and is considered a driver of the South Asian Summer Monsoon (Gaire et al., 2024, 2019, 2017; Yadav, 2011; Yadav et al., 2014), 
causing erratic precipitation patterns in the mountains of northeastern India (Shah et al., 2019, 2014). The relationship of ENSO with 
streamflow in the Himalayan rivers has not been explicitly discussed in existing studies. Thus, the aims of this study are (1) to 
reconstruct the pre-monsoon streamflow of the Zemu River, a river in North Sikkim, Eastern Himalaya using a variance stabilized 
ensemble tree-ring chronology of Abies densa, and (2) to use this reconstruction to quantify long-term hydrological changes in this river 
by identifying what linkages exist between streamflow variability and large-scale climate forcing.

2. Materials and methods

2.1. Study area

The Upper Teesta River Basin (2080 km²) is located in the northern part of the Indian state of Sikkim (27◦7 ́15 ́́N to 27◦34 ́10 ́́N and 
88◦7 ́30 ́́E to 88◦51 ́32 ́́E) at an elevation of 1500 m to 8000 m above mean sea level (a.m.s.l.). Many glaciers and glacial lakes are found 
in the Upper Teesta basin (Islam and Patel, 2021). The Zemu River is a right bank tributary of the Lachen River that originates from the 
Zemu Glacier (~42 km²), the second largest glacier in the Himalaya and the largest in the Eastern Himalaya (Debnath et al., 2018; 
Shukla et al., 2018). It is one of seventeen watersheds of the Teesta River. The Zemu catchment is an important headwater catchment in 
terms of freshwater contribution (Fig. 1). The catchment area of the Zemu River is ~340 km² and is highly glacierised. In the 
moist-temperate to sub-alpine forested catchment zones the most dominated tree species is Bhutan fir (Abies densa).

2.2. Tree ring data and chronology development

In May 2022, tree ring samples from 15 A. densa trees, the dominant vegetation cover, were collected. Three sites at 4 km intervals 
along the river were selected at elevations ranging from 3200 m to 3700 m a.m.s.l. The topography and local climatic conditions show 
homogeneity in all three sites making them comparable. At each site, trees both close and distal to the river were sampled. The trees 
close to the river were located at the edge of the Zemu river banks and considered as proximal trees. Trees located away from the Zemu 
river were considered as distal trees. The geographical locations (XY-coordinates, elevations and distances of the trees from the Zemu 
River) are provided in Supplementary file S1. Two cores were taken from each tree using increment borers. All samples were stored in 
air-limiting handmade paper straws. Upon return to the laboratory, cores were individually fixed in wooden mounts, naturally air- 
dried for a few days and then sanded using different grits of sandpapers (e.g., 180, 400 and 600 grits). The tree rings were distinct 
with clearly visible ring boundaries as well as the intra-annual transition from earlywood to latewood. In total, 30 cores from 15 
undisturbed A. densa trees along the Zemu river were prepared for this study (Table 1).

The smooth, polished, cross-sectional surfaces of the samples were then scanned using a high-resolution, automated, image capture 
system called Skippy© (Gärtner et al., 2024). After scanning, each ring from every core was measured to ±1/1000 mm precision using 
the CooRecorder and CDendro 9.6 software suite (Maxwell and Larsson, 2021). Each core’s measurement accuracy and dating pre
cision was evaluated using the COFECHA program (Grissino-Mayer, 2001; Holmes, 1983). The dating of all samples was deemed 
satisfactory after correction of errors that occurred due to the presence of false and locally absent rings detected by COFECHA. Initially, 
two chronologies were produced, one from the trees proximal to the river and another from trees distal to the river. Program ARSTAN 
(Cook, 1985; Cook et al., 2017; Cook and Holmes, 1996) was used to check the degree of coherence between the two site chronologies 
(Fig. 2a). Our results show that the proximal and distal chronologies were highly correlated, suggesting our criteria for selecting 
individual tree based on distance from the river had no significant influence on the common growth history at our study area. This was 
further confirmed by a student’s t-test with no significant inter-site tree growth differences (at p = 0.05). Therefore, all site data were 
combined and used to develop a single Zemu River, A. densa chronology. The tree ring standardization technique used in this study 
employed multiple curve-fitting methods (Fig. 2b). Standardization is a technique used to eliminate age related growth trends due to 
biological maturation and physical geometry thereby transforming raw ring-width measurement values into dimensionless indices 
(Douglass, 1919; Fritts, 1976, 1971; Schulman, 1956). Different standardization techniques including the cubic spline (Cook and 
Peters, 1981), regional curve standardization (Briffa et al., 1992; Helama et al., 2017; Melvin et al., 2007), multiple regional curve 

Table 1 
Quantitative assessment of the ensemble tree-ring chronology in the 
Zemu River catchment.

• No. of cores and trees 30/15
• Chronology length 182 years
• Chronology period 1840–2021
• Mean sensitivity 0.20
• Inter-series correlation 0.52
• Mean growth 1.40 ± 0.45 mm
• Standard deviation (σ) 0.42
• Mean Rbar (r ) 0.32
• EPS > 0.85 (1849–2021)
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standardization (Briffa and Melvin, 2011), and Friedman’s super smoother (FSS; Friedman, 1984) were applied to remove presumed 
non-climatic, low-frequency variance. The cubic spline detrending applies a flexible, smooth spline curve algorithm (Reinsch, 1971, 
1967) to remove non-climatic signals (Bussberg et al., 2020). This technique is suitable for preserving high-frequency (e.g., 
year-to-year) variations while accounting for age related growth and allows control over the stiffness of the curve retaining desired 
climate signals. In this study, the cubic spline was used at both higher and lower smoothing flexibilities (e.g., 25-, 30-, 50-, 70- and 
100-years) to fit multiple smoothing curves for removing biological growth trends. Regional curve standardization (RCS) method can 
retain more long-term climate, low-frequency estimates of climate trends information as it allows for a larger extent of over- and 
underestimation of tree growth to occur (Cook et al., 1995; Helama et al., 2017). This detrending technique combines growth data 
from many trees to establish an average growth curve, which is then used to detrend individual tree-ring growth series and is 
considered as an effective method to capture long-term climate variability across multiple samples. Multiple regional curve stan
dardization (mRCS) is an advanced modification of the RCS detrending technique. The mRCS involves in partitioning of the individual 
tree’s data to a number of age/ growth classes (e.g., 6, 9 or 12) based on specific growth-related characteristics (e.g., mean or median 
growth rates, site conditions, tree species) in a collection, followed by applying individual regional growth curves to each group. The 
mRCS detrending method allows for the condition that not all trees grow at the same rate relative to their age and is assumed to better 
preservation of low frequency variability with lower uncertainty which may not be possible by simply applying the cubic spline or 
simple RCS. Unlike other standardization methods, the FSS is an adaptive smoothing algorithm induced by Friedman (1984) for which 
the smoothing span is based on time-localised data characteristics, making it appropriate for capturing complex patterns in time-series 
data. The FSS allows removal of high frequency non-climatic noise due to forest stand dynamics, as well as biological age trend, and 

Fig. 2. RWI chronology of proximal and distal trees to the Zemu River together with the number of samples used (a), RWI chronology of Zemu River 
using eight different standardization techniques along with the EPS scores (b), and the final variance stabilized ensemble RWI chronology (denoted 
in blue) used in this study (c).
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still preserve low-frequency climatic signals (Friedman, 1984; Matheus, 2014). By applying these different standardization techniques, 
eight unique chronologies were produced in this study. Variance stabilization was applied to all eight chronologies to address any 
residual non-climatic noise in the chronologies. Variance stabilization methods reduce bias by eliminating the variance fluctuations 
due to changing sample size, particularly further back in time when there may be fewer cores available to construct the chronology 
(Frank et al., 2006; Osborn et al., 1997). Combining these techniques together to develop a single ensemble tree-ring chronology 
(Fig. 2c) is valuable, as it removes both undesirable low- and high-frequency age and forest dynamical growth trends, omnipresent in 
the highly complex hydrological and geomorphological conditions common to Himalayan River basins.

A suite of chronology-related statistics, including the inter-series correlation, mean sensitivity, expressed population signal (EPS) 
etc. were calculated using the dplR package (Bunn, 2010, 2008) in the R-programming environment to verify the common signal 
quality and dating precision. The inter-series correlation shows a high degree of agreement in growth patterns between individual trees 
and the average site chronology. The mean sensitivity quantifies the year-to-year variability in tree-ring width and the value ranges 
between 0 and 1. Tree-ring series with a mean sensitivity of 0.2 and above are considered to be sensitive enough to environmental 
information and thus can be used for climatic reconstruction (García-López et al., 2022; Speer, 2010). The EPS is a tool to measure the 
common variability in the chronology with regard to sample depth (Speer, 2010). An EPS value of 0.85 is considered the standard 
threshold above which a chronology is considered to contain a high degree of shared variance over time and thereby suitable for 
climatic reconstruction (Wigley et al., 1984). Chronologies with periods of low EPS values indicate they may not necessarily have 
enough useful common signal for our streamflow reconstruction (Buras, 2017). We further calculated the running Rbar (r) to measure 
common signals between tree-ring series with a 20-year window and a 19-year overlap (Wigley et al., 1984; Wilson et al., 2017).

2.3. Meteorological and hydrological data

The Upper Teesta River Basin is a poorly-gauged glacierized basin and most of the basin is highly inaccessible due to extremely 
steep terrain. Thus, there are no meteorological stations in this region that can provide long-term climate records. The nearest Indian 
Meteorological Department (IMD) station is located in Gangtok, ~150 km from the study site. Therefore, we collected monthly 

Fig. 3. Monthly mean and annual mean temperature; TAVG (a, b) and precipitation; PCPT (c, d) data at the study site (Source: CRU) and 
streamflow; QAVG (e, f) data of the Zemu River (Source: NHPC), Sikkim, Eastern Himalaya. The dashed lines denote trends in the annual 
hydroclimatic data. The blue band indicates 95 % confidence levels.
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average temperature and precipitation data from the Climate Research Unit (CRU; Harris et al., 2020) time series (TS 4.07) for 27.75◦

N and 88.25◦ E. The data covers the years 1901–2021 (http://climexp.knmi.nl). Besides temperature and precipitation, we also 
collected global climate forcing data, notably the ENSO index (Ropelewski and Jones, 1987) from the CRU dataset available at the 
University of East Anglia (https://crudata.uea.ac.uk/cru/data/pci.htm).

The average temperature range is between − 13.1 ◦C in winter (e.g., in January) and 6.9 ◦C in summer (e.g., in July) with an annual 
average temperature of − 2.5 ◦C during the analysis period between 1901 and 2021 (Fig. 3a). The annual average temperature time- 
series (Fig. 3b) shows a significant linear trend of increasing temperature (R²=0.43, p < 0.01) and this trend is stronger from 1960 
onwards. The annual average precipitation in this region is 551 mm and the lowest and highest precipitation is recorded in winter and 
in summer respectively (Fig. 3c). Due to the influence of the Indian Summer Monsoon (ISM), 75 % of the annual average precipitation 
occurs in summer between June to September.

Streamflow data for the Zemu River recorded at the Zemu gauge station (27◦46 5́0´́N and 88◦29 2́8´́E) were obtained from the 
National Hydroelectric Power Corporation (NHPC). The streamflow data are available only for the period from 1976 to 1997 as this 
gauge station is no longer in operation. The Zemu catchment is relatively inaccessible and not particularly impacted by humans. Thus, 
the observed variations in streamflow are likely to reflect natural hydrological variability under changing climate. Fig. 2 shows that 
between 1976 and 1997, the Zemu River had an annual average streamflow of 351.3 m³ /s. The recorded maximum and minimum 

Fig. 4. Heatmap for the temporal relationships between the ensemble RWI chronology and temperature (a), precipitation (b) and streamflow (c). 
Correlation values are shown in the coloured scale bar. Analysis period for climate data (e.g., temperature and precipitation) is 1902–2021, and for 
hydrological data (e.g., streamflow) is 1977–1997.
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flows were 653.5 m³ /s in 1984 and 165.0 m³ /s in 1992 respectively. The Box-and-Whisker plot in Fig. 3e shows that the Zemu River 
reaches its maximum streamflow during the summer months from June to September, i.e., 66.8 % of the average annual streamflow. 
This is due to temperature-induced snow and glacier melt and as well as ISM influence.

2.4. Growth-hydroclimate response analysis

Monthly and seasonal relationships between tree growth and climatic parameters notably temperature, precipitation and 
streamflow were derived by performing Pearson’s correlation analysis. The correlation coefficients are calculated using the “monthly 
response()” function in the dendroToolsR package (Jevšenak and Levanič, 2018). For computing the correlation coefficients, we 
defined the hydroclimatic year as starting in October of the previous year and ending in September of the current year, and the number 
of months for which the correlation is calculated, starting from 1-month to 12-month windows, shown in the x- and y-axes respectively 
in Fig. 4. The significance level of a correlation was assessed at p < 0.05 (95 %) for climate data (e.g., temperature and precipitation 
for the period 1901–2021) and for the hydrological data (e.g., streamflow) for the period 1976–1997. Acress both periods, the highest 
correlations found between tree growth and Zemu river streamflow, were those for the months May and June.

2.5. Streamflow reconstruction

A scaling approach (Büntgen et al., 2017) was used to reconstruct streamflow using the following two-step formula (Eq. 1 & 2). 

RWI = X ∗ σQ/σX (1) 

Streamflow = RWI − RWI+Q (2) 

where RWI is the variance stabilized ensemble RWI chronology, X is the variance stabilized median− 1 time series, Q is the observed 
May-June average streamflow of each year, and σQ, σX are the standard deviations in observed streamflow and the variance stabilized 
median− 1 time series respectively.

The uncertainty in the reconstructed streamflow record was calculated following Büntgen et al. (2017); (Eq. 3 & 4) 

Minimum uncertainty = RWI − RWIerror − SSerror −
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
QRMSE / Qₙ

√
(3) 

Maximum uncertainty = RWI+RWIerror + SSerror +
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
QRMSE / Qₙ

√
(4) 

where, RWIerror is the difference between the variance stabilized minimum− 1 and maximum− 1 time series, SSerror is the sample size 
error which is denoted as 1 minus the sample size of each year, and QRMSE, Qn are the root mean square error and total number of years 
in the observed streamflow.

Since the observed streamflow record for the Zemu gauging station is only 22 years long (1976–1997), any formal validation of the 
reconstruction could not be performed. The estimated streamflow records of this period (1976–1997) were validated using a leave-one- 
out cross validation test (Michaelsen, 1987). The correlation coefficient (r), coefficient of determination (r²), and reduction error (RE) 
were used to evaluate the reliability of the reconstruction (Table 2). A robustification method was applied to the reconstructed 
May-June streamflow during the period of available observed streamflow (1976–1997). Data robustification is the process which aims 
to mitigate the effects of data errors, missing data, and outliers to achieve a better model fit (Huber, 1981; Rousseeuw and Leroy, 
1987). Here, it served to reduce the effects of outliers on the reconstruction and improve the relationship between observed and 
reconstructed streamflow record. Additional evaluation was possible by comparing our reconstruction with other streamflow re
constructions at neighbouring sites in the Himalaya. To investigate high and low streamflow years in all reconstructed time-series, we 
defined high streamflow values as ones greater than the mean+1σ and low streamflow as ones smaller than the mean − 1σ. A similar 
method has also been used in other studies (Gou et al., 2010; Shekhar and Bhattacharyya, 2015; Zhao et al., 2022). We applied an 
11-year low-pass filter to smooth the reconstruction and show the range of low frequency variation in the reconstructed streamflow 
record. To tease out the relationship between reconstructed Zemu streamflow and various climate parameters (i.e., temperature, 
precipitation and ENSO) over a longer timescale , we performed windowed Pearson correlation in which the sign of the correlation 
depends on the window size and year.

Table 2 
Leave-one-out cross validation test results for the May-June stream
flow reconstruction.

• Correlation coefficient (r), -0.83
• Coefficient of determination (r²), 0.69
• Reduction error (RE) 0.63
• Product mean test (PMT), 3.15
• F test (F), 45.18
• Sign test (ST) 19+/3-
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3. Results

3.1. Tree ring chronology and streamflow response

The variance stabilized ensemble RWI chronology is 182 years long, from 1840 to 2021, composed of information from 30 A. densa 
tree cores from three sites along the Zemu River. The inter-series correlation between each core’s ring-width measurements and the 
mean of all series (-1) is 0.52, and the mean sensitivity is 0.20 (Table 1). The mean annual tree growth in this region is 1.42 ± 0.42 mm. 
The mean EPS is above 0.85 and the mean Rbar is 0.32. These overall chronology statistics provide evidence that the ensemble method 
of chronology construction captured a strong degree of common signal amongst the individual series.

The heatmaps in Fig. 4 shows the correlation between variance stabilized ensemble ring-width index chronology and temperature 
(a), precipitation (b) over the period 1902–2021, and streamflow (c) from 1977 to 1997. The correlations start in the previous year’s 
October and end in September of the current year, that is the span a hydrological year, appropriate for a glacial catchment where most 
summer melt has ended by late September. RWI is positively correlated with temperature from October to March, but negatively with 
temperature from April to September. Precipitation is positively correlated with RWI between October and June but negatively 
correlated between July and August. The RWI correlations with temperature and precipitation are weak. The highest positive cor
relation between RWI and temperature is from January to March (r = 0.20, p < 0.01) and the lowest negative correlation with 
precipitation from July to August (r = -0.21, p < 0.01). Unlike temperature and precipitation, Zemu catchment tree-ring growth 
appears to capture a strong streamflow signal. A negative correlation is observed for all months, with the maximum negative corre
lation for May to June (r = -0.59, p < 0.01). Therefore, we considered the implications of this negative correlation (Fig. 4c) and 
reconstruct Zemu River streamflow for the period of May to June. This is a period of significant scientific interest as it is the transition 
period for the south-west Indian monsoon.

Fig. 5. Scatter plot of the RWI chronology and observed streamflow (a), observed and reconstructed May-June Zemu River streamflow (b) with 
their linear relationships highlighted during the period of 1976–1997. Comparison between the observed and reconstructed May-June streamflow 
from 1976 to 1997 (c), and 182-years long May-June streamflow reconstruction for 1840–2021 (d). The blue line denotes the reconstructed 
streamflow with uncertainties (i.e., the maximum and minimum errors in the reconstructions calculated based on RWI chronology errors, sample 
size errors and the root mean square errors) shown in grey shading.
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3.2. Variability in reconstructed streamflow records

Based on the strength of the relationship (r = -0.59, p < 0.01) between tree growth and May-June Zemu River flow, our recon
struction accounts for 35% (R2=0.35) of the observed variance from 1976 to 1997 (Fig. 5a-b). The leave-one-out (Michaelsen, 1987) 
results show that the variance captured by the reconstructed streamflow is 69 % (R²=0.69) and has been used to validate our 
streamflow reconstruction record (Table 2). The reconstruction captured both high and low-frequency streamflow variability and 
agrees well with the observed streamflow record (Fig. 5c). Our reconstruction of Zemu river May-June streamflow extends from 1840 
to 2021 for a total of 182 years. The mean reconstructed streamflow during this period is 38.6 ± 11.7 m³ /s (Fig. 5d). Several low-flow 
and high-flow years are identified in this century-long streamflow reconstruction, but no significant long-term trend (p > 0.05) is 
present in the record, as confirmed by the Mann-Kendall test.(Fig. 6)

We found several distinctive periods of prolonged high streamflow, notably 1876–1882, 1905–1915, 1957–1962 1980–1983, and 
2020–2021 and low streamflow, notably 1851–1857, 1866–1875, 1890–1904, 1916–1924, 1932–1934, 1973–1979, and 2017–2019. 
Over the span of 182 years of streamflow reconstruction, we have identified 33 low streamflow years i.e., 18.1 % of the total 
reconstruction length (values below mean − 1σ) and 30 high streamflow years i.e., 16.5 % of the total reconstruction length (values 
above mean + 1σ; Table 3). The years with the lowest streamflow are 2017 (4.6 m³/s) and 2018 (8.5 m³/s), which are 88.1 % and 
78.0 % lower than mean reconstructed streamflow (38.6 ± 11.7 m³/s) respectively. The highest streamflow year is 1982 (59.8 m³/s), 
i.e., 55.0 % higher than the mean.

Fig. 7 shows the distribution of below-average, above-average, low-flow and high-flow years in four different 50-year window 
periods (e.g., 1840–1890, 1891–1940, 1941–1990, and 1991–2021). 22 below-average (12.1 %), 29 above average (16.0 %), and 10 
low- and 10 high-flow years were identified between 1840 and 1890. For 1891–1940, the number of below-average flow years 
increased to 23 (14.8 %), and above-average flow years decreased to 23 (12.6 %), whereas the number of low- and high-flow years are 
10 (5.5 %) and 7 (3.9 %). For 1941–1990, the number of below-average flow years decreased to 18 (9.9 %), and the number of above- 
average flow years increased to 31 (17.0 %), while 7 low- and 9 high-flow years were identified. In the recent period between 1991 and 
2021, both the number of below-average (14) and above-average flow (17) years, as well as low-flow (6) and high-flow (4) years were 
fewer.

3.3. Relationship between the reconstructed streamflow and hydroclimatic variabilities

The correlations between reconstructed streamflow and hydroclimatic parameters shown in Fig. 8a may hide variability associated 
with different timescales. The results of windowed Pearson correlations (Fig. 8b) suggest time-dependent and scale-dependent re
sponses. For instance, the correlation between streamflow and temperature tends to be positive at the beginning of the observation 
period and over short time-periods, for 1900–1910, in the 1930s, 1970s, and from the late 1980s. For time-scales over 20 years and 
longer, the correlations become generally positive over time, and at the scale of the entire dataset the association with temperature is 
positive. Precipitation shows a positive correlation with streamflow over shorter time-scales in the 1920s, 1950s and 1990s, however 
since 2000 this relationship has become negative. The relationship between ENSO and reconstructed streamflow is negative over short 
time-scales at the beginning of the analysis period until the late 1980s, with some periods of positive correlation in the 1920s, 1940s, 
and 1960s. However, from the late 1980s onwards a positive relationship is observed and, as with temperature, this is seen over 
progressively longer time-scales further back into the 20th century.

Fig. 6. Streamflow variations in the reconstructed May-June streamflow records for the Zemu River since 1840 with the upper and lower dash-lines 
represent high and low streamflow values above the mean+1σ and below mean − 1σ. The thick red line shows 11-year moving average streamflow.
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4. Discussion

In this study, the sign of the association, i.e., the significantly negative relationship between our variance stabilized ensemble 
chronology and Zemu River May-June streamflow is unexpected. In low-lying non-glaciated catchments in the Himalaya the associ
ation is commonly positive (Gaire et al., 2022; Shah et al., 2019, 2014) as in arid regions (Allen et al., 2024; Li et al., 2019; Woodhouse, 
2001). Several other studies have found significant negative correlations between tree growth and streamflow in the glacierised 
catchments in the Western Himalaya (Husna et al., 2025), the Caucasus mountains (Bakhtiyorov et al., 2024), and in the Victorian Alps 
in Australia (O’Connor et al., 2022). This negative association likely occurs due to the dominance of glacial meltwater in driving 
streamflow, particularly during the growing season. In the warmer conditions, increasing meltwater leads to higher streamflow. 
However, at these altitudes, warmer conditions are commonly also drier such that trees may experience drought stress. Warmer 
conditions may also cause earlier melt of the snowpack. Both of these may reduce tree growth at the same time that there is greater ice 
melt, runoff and river flow. Our May-June streamflow reconstruction of the Zemu River, based on a strong and significant negative 
relationship between RWI chronology and observed streamflow, suggests that catchments with glaciers create different 
streamflow-tree growth relationships to those elsewhere. Glacierised and non-glacierised catchments should be considered differently 
vis-à-vis the conditions responsible for a hydrological response in tree ring proxies.

Table 3 
List of low and high streamflow years in the reconstruction.

Low flow High flow

Year Streamflow (m³/s) Year Streamflow (m³/s) Year Streamflow (m³/s) Year Streamflow (m³/s)

1850 26.8 1930 21.9 1841 53.7 1935 50.7
1851 24.0 1932 20.6 1842 58.6 1938 52.7
1855 23.3 1933 15.4 1858 54.3 1948 57.1
1856 9.3 1950 23.6 1864 50.7 1958 53.6
1857 19.3 1951 18.6 1880 54.4 1959 59.2
1866 22.0 1952 25.5 1881 54.9 1960 54.1
1869 23.0 1974 21.9 1905 51.2 1962 56.6
1872 16.3 1975 19.6 1906 56.3 1968 54.0
1873 23.4 1976 10.6 1907 56.2 1980 52.0
1890 26.0 1977 20.4 1908 54.3 1981 56.4
1897 26.1 1992 22.5 1912 54.9 1982 59.8
1899 13.8 1993 17.7 1913 51.1 1999 51.2
1900 22.8 1994 25.9 1914 55.8 2004 53.2
1904 26.3 2009 20.9 1915 53.2 2010 51.6
1919 19.3 2017 4.6 1927 50.7 2021 53.5
1920 23.2 2018 8.5 ​ ​ ​ ​
1924 25.7 ​ ​ ​ ​ ​ ​

Fig. 7. Percentage of below average-flow, above average-flow, low-flow, and high-flow years in the streamflow reconstruction over 50-year 
windows for the period 1840–2021. Values above individual columns represent the number of years during the four different periods.
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To examine the spatial representativeness of our streamflow reconstruction, we have compared it with other streamflow re
constructions from neighbouring catchments (Fig. 9). The latter include reconstructions for the Zemu river (Chuphal and Mishra, 
2023), the Lachen river (Shah et al., 2014), the Gimliang river and Lohit river (Shah et al., 2019), and the Brahmaputra river (Rao et al., 

Fig. 8. Correlation (a) and Pearson window correlation (b) of reconstructed streamflow (Q) with temperature (T), precipitation (P), and ENSO. For 
each combination in the Pearson window correlation, the colour plot indicates the correlation strength in calendar year and varying window length.
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2020). All reconstructions in Fig. 9 are based on tree-ring proxy data and instrumental streamflow records from the nearest gauges 
except for the study of Chuphal and Mishra (2023), which was based on the mizuRoute hydrological model (Mizukami et al., 2016). 
However, the streamflow reconstruction of Chuphal and Mishra (2023) shows good agreement with the others in terms of high 
streamflow and low streamflow periods. All the earlier studies, including ours, report low streamflow periods for 1890–1898, 
1991–1995, and 2017–2019 and high streamflow periods between 1925 and 1930, 1984–1991 and 1996–2002. Compared to other 
streamflow reconstructions, our reconstruction shows quinquennial to decadal (i.e., 5–10 years) variabilities, and a slight pattern of 
shorter low-flow and high-flow periods for a number of consecutive years, e.g., low-flow between 1855 and 1857, 1974–1977, 
1992–1994, and 2017–2019; and high-flow between 1912 and 1915, and 1980–1982.

Long-term hydrological conditions vary depending on the catchment characteristics and to the changes in relative contribution 
from different sources such as snow-, glacier-melt, precipitation and groundwater. For instance, the Zemu catchment is predominantly 
snow-covered with a glacier upstream, hence the Zemu River receives additional meltwater from this glacier in addition to the seasonal 
snowmelt and monsoon rainfall (Shah et al., 2014; Shekhar and Bhattacharyya, 2015). Unlike Zemu, the Gimliang catchment is a 
non-glaciated catchment with relatively less snow-cover. The Gimliang River is pre-dominantly fed by monsoon precipitation with less 
contribution from seasonal snow, and no glacier meltwater supply. This is most likely the reason that in-spite of similar hydrological 
characteristics and catchment size to the Zemu catchment, the average unit runoff in the Gimilang River (7.3 ± 2.6 mm/s) is lower 
than the Zemu River (9.8 ± 3.0 mm/s). On the other hand, the highest average unit runoff (26.7 ± 6.3 mm/s) was observed in the 
Lachen River catchment. This may be because the Lachen River has a number of upstream tributaries including the Zemu and it has a 
significantly larger catchment area (2080 km²). Catchment-wise, runoff for four different 50-year periods (e.g., 1840–1890, 
1891–1940, 1941–1990, and 1991–2021) were calculated together with identifying 10 most low- and high-streamflow years and the 
results are shown in the supplementary file S2. Results illustrate no significant trend in the long-term runoff change in these catch
ments. In the Zemu River average runoff appears to have varied between 50-year periods, for instance during 1840–1890 (9.6 
± 2.8 mm/s), 1891–1940 (9.7 ± 2.9 mm/s), 1941–1990 (10.3 ± 2.9 mm/s), and 1991–2021 (9.5 ± 3.3 mm/s); but these changes are 
negligible and there are no time-dependent trends that are significant (p > 0.05) based upon Mann Kendall test. These results also 
show that the overall runoff in this study (9.8 ± 3.0 mm/s) is higher than the runoff (5.2 ± 2.9 mm/s) modelled by Chuphal and 
Mishra (2023). This difference for the same catchment could be due to the use of different methods to reconstruct streamflow. We used 
the instrumental streamflow record from the Zemu gauge station located in the catchment; Chuphal and Mishra (2023) used observed 
data from a gauge located at the outlet of the Brahmaputra River. As a glacier-fed river, the streamflow of Zemu River is predominantly 
controlled by glacier melt, consequently monsoon precipitation may have relatively less impact as shown in Fig. 4. Thus, changes in 
Zemu River streamflow are more likely linked to rapid warming and glacier retreat producing higher meltwater contributions. This 
observation has been made for other Himalayan rivers in recent decades (Lee et al., 2021; Pritchard, 2019; Sigdel et al., 2020). A 
significant amount of glacier mass loss (6.8 ± 2.1 Gt) and around 797 ± 19.7 m of retreat of the Zemu glacier has been reported 
between 1931 and 2012 (Rashid and Majeed, 2020). An increasing rate of glacier retreat (Rashid and Majeed, 2020; Saha et al., 2024), 
and a gradually northward weakening of summer monsoon (Duan et al., 2006; Saini and Attada, 2023; Sano et al., 2013; Tada et al., 
2016) may indicate that the glacier meltwater contribution will be the primary contributor to the streamflow in Zemu River in the 
future.

The warm phase of ENSO (El Niño) has traditionally been associated with a weaker ISM and the cold phase with a stronger ISM 
(Goswami and An, 2023; Kumar et al., 1999). Several studies have reported that ENSO has been a dominant control over the ISM 
rainfall since early 1900s (Aneesh and Bódai, 2024; Dwivedi et al., 2015; Goswami and An, 2023; Lin et al., 2024) and acts as a 
significant driver for flooding in the Himalayan Mountain and its low-lying floodplains (Gaire et al., 2022; Shah et al., 2019; Shaman 
et al., 2005). Other studies have suggested a weakening relationship between ENSO and ISM since the 1970s (Aneesh and Bódai, 2024; 
Athira et al., 2023) but it is now thought that this weakening was part of interdecadal variations (Kumar et al., 1999), and since the late 
1990s the relationship has strengthened again (Yang and Huang, 2021). In a river catchment that is well into the interior Himalaya, as 
is the Zemu, with a very marked glacier cover, we would expect warmer and drier pre-monsoon periods (i.e., May-June) to increase ice 
melt and so to be associated with increased runoff. Thus, a positive (warm phase) ENSO should be associated with higher streamflow in 
the Zemu River. Fig. 8 shows this to be the case since the end of the 20th century with positive correlations becoming clear in both the 
temperature-streamflow and ENSO-streamflow relationships, and negative correlations in the precipitation-streamflow relationship. 
Similar positive association between ENSO and streamflow in the recent decades can also be seen in other reconstruction records in this 
region as shown in the supplementary figure S3. A tendency for positive correlations between ENSO and Zemu flow is also seen in the 
modelled results of Chuphal and Mishra (2023) from 2000s onwards (supplementary figure S3b), and for the Brahmaputra river (Rao 
et al., 2020) since the 1990s (supplementary figure S3f). This is the opposite of what is reported in non-glaciated catchments in the 
Ganges basin (Shrestha and Kostaschuk, 2005; Whitaker et al., 2001), where precipitation variability dominates runoff variability. For 
the Lachen river (Shah et al., 2014), and the Gimliang and Lohit rivers (Shah et al., 2019), the overall ENSO and streamflow re
lationships were negative from 1901–1999, except for a few years during the 1920s, 1970s and 2000s (supplementary figure S3c-e). 
However, if the relationship between ENSO and streamflow in neighbouring catchments has changed in recent decades, it cannot be 
confirmed due to the fact that the streamflow reconstruction of Lachen, Gimliang, Lohit and Brahmaputra rivers are more than two 
decades old. There is growing consensus that under temperature warming, multi-decadal scale changes in the strength of the 
ENSO-ISM teleconnection will trend towards a weaker teleconnection (Goswami and An, 2023). At the scale of multidecadal forcing, 
even with the length of our reconstructed streamflow record, it is a challenge to tease out more detailed relationships between 
streamflow and ENSO. However, changes in how ENSO modulates ISM are likely to be seen in runoff changes in glaciated basins in the 
Himalaya given the negative relationship between the ISM and runoff reported in this study.
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5. Conclusions

Over recent decades, there has been increased interest in generating long-term hydrological data at ungauged or poorly gauged 
river basins across the Himalaya using proxy records to better understand the impacts of climate change on the Himalayan water 
resources. The present study has developed a tree ring chronology of A. densa and used it as a proxy for reconstructing pre-Monsoon 
(May-June) Zemu River streamflow from 1840 to 2021. The reconstruction represents only 10.7 % of the total annual streamflow 
during the observation period (1976–1997) but may provide useful information about hydrological conditions of Zemu river at the 
onset of the Indian summer monsoon. Our study shows a different streamflow response (i.e., negative correlation) as compared to other 
studies (i.e., positive correlations) in neighboring unglaciated sites (Shah et al., 2019, 2014). This suggests that the 
growth-hydroclimate relationships in glaciated catchments in mountain environments are different to non-glaciated catchments. This 
is because higher tree growth occurs in warmer periods that also lead to ice melt and increased runoff as compared to non-glaciated 
catchments where precipitation drives runoff and when temperatures are generally lower.

As indicated by our reconstruction, the Zemu River experienced five high streamflow periods (e.g., 1876–1882, 1905–1915, 
1957–1962 1980–1983, and 2020–2021) and seven low streamflow periods (e.g., 1851–1857, 1866–1875, 1890–1904, 1916–1924, 
1932–1934, 1973–1979, and 2017–2019) over the past 182 years. We have also identified 30 particularly high-streamflow and 33 
particularly low-streamflow individual years within these periods. Windowed Pearson correlation revealed significant time-dependent 
responses between the reconstructed streamflow and hydroclimatic parameters at the local scale (e.g., temperature and precipitation), 
and other natural climate forcings such as ENSO. Our results show a positive relationship between temperature and ENSO with the 
reconstructed May-June streamflow in the Zemu river in recent decades. We attribute this to reduced penetration of the ISM during 
warm ENSO years; weakening of the ISM maintains longer warmer and drier conditions which leads to higher glacier melt contribution 
to the Zemu river. This explains why tree ring-based streamflow reconstructions between glaciated and non-glaciated basins show 
inverse responses. It also will make runoff in the Zemu and in similar rivers sensitive to the effects of global teleconnections on the 
strength of the ISM.

This study highlights that the variance stabilized ensemble tree-ring chronology can be useful for hydrological reconstructions in 
similar catchments. The Zemu catchment is mostly unexplored by humans due to its highly inaccessible terrain in the remote mountain 
location and this is a key appeal of the approach. However, over the recent decades, downstream of the Zemu river there has been rapid 
infrastructure development including roads, buildings, bridges, hydropower dams etc. This catchment may not be able to meet the 
increases in water demand following from such development if the number of low-flow periods continue to increase in coming years. 
Long-term monitoring of hydrological changes downstream can benefit from hydrological reconstruction using tree rings, but this 
reconstruction needs to be sensitive to how runoff-growth relations vary at the sub-catchment scale due to different glacier influence.

Fig. 9. Comparison between our streamflow reconstruction of the Zemu River (a) with other streamflow reconstructions including (b) the Zemu 
River streamflow reconstruction by Chuphal and Mishra (2023), (c) the Lachen River streamflow reconstruction (Shah et al., 2014), (d) the Gimliang 
River streamflow reconstruction (Shah et al., 2019), (e) the Lohit River streamflow reconstruction (Shah et al., 2019), and (f) the Brahmaputra River 
streamflow reconstruction (Rao et al., 2020). All reconstructed streamflow values were normalized into Z-score. The blue belt indicates high 
streamflow periods, and the orange belt indicates low streamflow periods.
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Gaire, N.P., Zaw, Z., Bräuning, A., Sharma, B., Raj Dhakal, Y., Timilsena, R., Shah, S.K., Raj Bhuju, D., Fan, Z.X., 2022. Increasing extreme events in the central 
Himalaya revealed from a tree-ring based multi-century streamflow reconstruction of Karnali River Basin. J. Hydrol. 610, 127801. https://doi.org/10.1016/j. 
jhydrol.2022.127801.
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