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Analysis of rapidly decreasing discharge in the transboundary
Amudarya River, Central Asia: considering climate change

and human impacts

Abstract. The livelihoods of millions of people from five countries rely on the water resources of the
transboundary Amudarya River basin, one of the most important freshwater systems in Central Asia. However,
climate change (CC) and human activities (HA) have substantially altered the hydrological processes in the basin.
This study provides one of the first comprehensive impact assessments of CC and HA on streamflow changes by
analysing 90 years of simulated streamflow in this climate data-scarce region, using the hydrological modeling
approach and climate elasticity. The data limitations were addressed by integrating multiple sources, including
local and global datasets. The CC and HA’s impacts were separately quantified at 29 sites across all the main
Amudarya tributaries for 1951-2020 relative to 1931-1950. The results showed a substantial increase in
temperature (0.51-0.83 °C) and precipitation (6-13%) in the entire basin. Streamflow decreased by 54-77% in
the middle and lower reaches. Attribution analysis showed that human activities were the dominant driver of this
decline, contributing 114-120% of the net reduction, while climate change partly offset the decline by increasing
streamflow by 14-20%, mainly through increased precipitation. In the headwater region, streamflow decreased
by 22%, with human activities contributing 140% of the net decline, offsetting the positive contribution from
climate change. Major tributaries, including the Vakhsh, Kunduz, Kofirnihon, Surkhandarya, Zeravshan, and
Qashqgadarya, showed streamflow reductions of 4-34%, primarily attributed to HA. Climate elasticity revealed
precipitation as the most sensitive element in the region, with an elasticity of 1.25. These latest and comprehensive
findings provide valuable insights for improving water resources planning and management in the region under
changing climatic and anthropogenic pressures.

Keywords: Amudarya River basin; Climate change; Human activities; Hydrological modelling; Freshwater
resources; Climate elasticity; Central Asia

1 Introduction

Freshwater resources are essential for food production, energy generation, and domestic and industrial use, yet
they are under increasing pressure from intensive human water withdrawals, particularly for irrigated agriculture

(Singh et al., 2023; Sterner et al., 2020). Agriculture alone accounts for more than two-thirds of global water
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extraction (Gilbert, 2012; Viala, 2008), and in several major river basins, including the Amudarya, extensive
irrigation has severely reduced downstream flows (Mahmood and Jia, 2019). In parallel, climate change—marked
by a global temperature increase of about 1.1 °C since pre-industrial times—has intensified hydrological extremes
and increased risks to freshwater ecosystems (IPCC, 2022). The combined impacts of climate change and human
activities on water resources vary substantially across regions, highlighting the need for basin-specific assessments
(Mahmood and Jia, 2019)

The Amudarya River basin (ADRB) is the largest and most critical water resource in Central Asia and the main
source of discharge to the Aral Sea. As a transboundary river, it flows through five countries: Afghanistan,
Kyrgyzstan, Tajikistan, Turkmenistan, and Uzbekistan (UNEP, 2011), and supports the livelihoods of around 89
million people engaged in irrigated agriculture (Hou et al., 2023; Salehie et al., 2022b). Between 1950 and 1990,
the Soviet Union established an extensive network of irrigation canals and pumping systems to promote regional
socio-economic growth. This development led to a 150% increase in irrigated land within the ADRB, primarily
to meet demand for crops such as wheat, rice, and cotton (World-Bank, 2004). Agriculture is a key contributor to
the national Gross Domestic Product (GDP) in this region, but consumes 92% of the water withdrawn (Schluter
et al., 2013). For instance, during 2007-2008, agriculture comprised approximately 20% of the GDPs of
Tajikistan, 25% of Turkmenistan, and over 28% of Uzbekistan (UNEP, 2003). This intense investment in irrigated
agriculture has led to significant over-exploitation of freshwater resources, often with minimal regard for
environmental preservation. These priorities have had, and continue to have, far-reaching impacts on the river’s
ecosystem. (UNEP, 2011). For example, since the 1960s, over 80% of the Aral Sea’s surface area has disappeared,
reducing its once-critical role in moderating the regional climate (He et al., 2022).

Additionally, the river’s delta (28,500 km?) has also been severely impacted by decreasing streamflow due to
agricultural expansion and dam construction, resulting in the loss of approximately 90% of the delta’s Tugai forest
since the 1930s (Schluter et al., 2013). In addition, once a tributary of the Amudarya, the Zeravshan River is now
largely diverted for human use, preventing it from reaching the river (Schliter et al., 2013). Furthermore, climate
change has noticeably impacted water resources in the ADRB. For example, evapotranspiration has increased by
62 mm since the 1960s, and most areas of the basin experience more precipitation but reduced streamflow at the
outlet (Hu et al., 2021). Extreme alterations in the river flow regimes due to climate change and human activities
have resulted in a lowered water table, extensive soil salinisation and desertification, significant reductions in
fisheries in the Aral Sea, and glacier shrinkage (Kure et al., 2013). Thus, this compels us to separate and assess

the impacts of climate change (CC) and human activities (HA) on streamflow patterns in the basin. Understanding
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these impacts is crucial for developing effective regional water resource planning, management, and sustainable
development strategies, ultimately ensuring a resilient and sustainable future for our communities.

Numerous studies, such as those by White et al. (2014), Salehie et al. (2022a), Immerzeel et al. (2012),
Lioubimtseva (2014), and Wang et al. (2016), have been reported exploring the impacts of CC on water resources
in the basin because of its dynamic importance in the region. However, a few studies have quantified the impact
of CC and HA on water resources in the ADRB, i.e., Hu et al. (2021), Wang et al. (2020), Xu et al. (2021), and
Hou et al. (2023). Among them, Xu et al. (2021) investigated the impacts of land use and climate change on
streamflow using the hydrological modelling approach, but for future periods (i.e., 2021-2050). Wang et al.
(2020) focused on determining the changes in the Aral Sea (i.e., surface area, water level, and water volume) from
1960 to 2018. They linked HA and natural parameters (i.e., temperature and precipitation) using a linear regression
model to explore which factor affects the changes in the Ara Sea. However, they did not exclusively quantify the
impacts of CC and HA on water resources. Hu et al. (2021) and Hou et al. (2023) are the only studies that
exclusively quantified the impacts of CC and HA on Amudarya’s water resources, using the Budyko framework
and modelling approach, respectively. A key question in these studies concerns the selection of the baseline period
(BLP): the first study uses 1960-1974 and 1960-2000, while the second uses 1956-1973. A BLP is the duration
where the effects of human activities can be ignored. Although they used statistical methods to explore the change
point, there are still doubts using these periods as BLPs because most of irrigation extraction and dam construction
were accomplished during 1960-1990 (FAO, 2021; UNEP, 2011). Table S-1 (Supplementary Materials) provides
a comprehensive list of dams and completion dates, such as the Karakum Canal, which, constructed in the 1960s
and 70s, diverts approximately 15% of the Amudarya’s flow near the Kerki discharge gauge (Brite, 2018).
Additionally, their analyses focused only on three sites (i.e., Kelif, Kerki, and Kyzyl-jar) along the Amudarya
excluding major tributaries like the Vakhsh, Panj, Kunduz, Surkhandarya, and Kofirnihon Rivers. To address
these gaps, we separated and quantified the impacts of CC and HA on streamflow in the ADRB and all of its main
tributaries (e.g., Vakhsh, Panj, Kunduz, Qashgadarya, Surkhandarya, and Kofirnihon Rivers) using the
Hydrological Modelling Approach. Hydrological modelling provides a physically based framework that explicitly
represents key hydrological processes, including snow and glacier melt, evapotranspiration, soil moisture
dynamics, and groundwater—surface water interactions, making it particularly suitable for large, complex river
basins. This approach has been widely applied and is considered robust for attributing streamflow changes to CC

and HA (Chiew et al., 2006; Li et al., 2020). However, it requires detailed calibration and long-term hydroclimatic
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time series, which are also essential for objectively defining an appropriate baseline period (BLP) (Mahmood and
Jia, 2019).

In addition to attributing streamflow changes to CC and HA, it is critical to understand the sensitivity of
streamflow to specific climatic variables, such as precipitation, temperature, and evapotranspiration, particularly
in basins strongly influenced by snowmelt and glacier dynamics. The climate elasticity of streamflow provides a
dimensionless, physically interpretable measure that quantifies the proportional response of river discharge to
changes in climatic drivers(Anderson et al., 2024; Yang and Yang, 2011). To the best of our knowledge, Hu et al.
(2021) is the only study that applied the climate elasticity method coupled with the Budyko framework to analyze
streamflow change in the ADRB quantitatively. However, the selected BLP for this study is also questionable, as
most water extractions occurred during these periods, as discussed above. Moreover, the Budyko method does not
account for the impacts of groundwater storage, soil moisture, snow/glacier melting, and other cryospheric
components within a basin, rendering it physically deficient for application in most catchments (Zheng et al.,
2009). Different methods have been used to quantify climate elasticity, grouped into five categories by
Sankarasubramanian et al. (2001): hydrological modelling, analytical, empirical, and statistical methods. Similar
to quantifying impacts of CC and HA, we also used the hydrological modelling approach as the primary method,
complemented by statistical analyses, to assess the climate elasticity of streamflow to precipitation, temperature,
and evapotranspiration. The modelling approach was adopted as the primary method due to the strong influence
of snow and glacier melt processes, and because it is widely used and enables process-based evaluation of
streamflow sensitivity under controlled climate perturbations (Chiew et al., 2006). On the other hand, the
statistical indicators proposed by Sankarasubramanian et al. (2001) and Zheng et al. (2009) were used as
complementary analyses to examine consistency between modelling and statistical results.

In this study, one major challenge was selecting a BLP. There are mainly two approaches: statistical methods
(Mahmood and Jia, 2019) and literature- or evidence-based methods (Wang et al., 2010) to detect a change point
and select a BLP. The primary limitation to applying statistical change-point methods, such as the Standard
Normal Homogeneity Test and the Worsley Likelihood Ratio Test, was the lack of continuous, homogeneous
streamflow records for 1931-2020. For example, only one gauging station (Kerki) contains data spanning this
period, and even this record includes missing years. Most other stations have data only up to the mid-1990s and
with different starting years (Table 1), making tributary-specific statistical change-point detection unreliable.
Therefore, a literature-based method was applied to detect a BLP for the study. The literature indicates that most

dams, irrigation canals, and agricultural pumping stations in the basin began in the 1960s (Schliter et al., 2013;
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UNEP, 2011). Therefore, the period before 1950 (i.e., 1931 to 1950) was taken as a BLP in this study, during
which human interventions were considered negligible. This single basin-wide BLP was adopted to (i) maintain
methodological consistency across the basin, (ii) enable comparative attribution of climate change and human
activities among tributaries, and (iii) avoid introducing additional uncertainty associated with tributary-specific
change points.

Another significant challenge in the basin is the absence of historical daily climate data for hydrological modelling
dating back to 1931. Existing station-based climate data is generally sparse. The only daily meteorological dataset
we found covering the period before 1950 is the recently developed gridded dataset from the Climatic Research
Unit (CRU) at the University of East Anglia (UEA). This dataset was created by combining the Japanese
Reanalysis (JRA) dataset with the CRU TS 4.08 dataset (Harris and UEA-CRU, 2023). It has been applied for the
first time in a basin-level hydrological modeling, particularly in the ADRB, where it showed very promising
results. Additionally, the dataset was used by Araghi and Martinez (2024) for modeling wheat production systems
in Iran and by Yin et al. (2025) for the detection of global compound climate events. Wang et al. (2025) also
employed it as one of three meteorological forcing datasets to drive the Canadian Land Surface Scheme Including
Biogeochemical Cycles (CLASSIC) model, aiming to assess the influence of topography and meteorological
forcing on global snow simulations. To overcome these data limitations and ensure robust results, this study
integrated a diverse array of data sources—from local monitoring agencies to global datasets—bringing together
multiple scales of information to support a comprehensive assessment.

The core objectives of this study were to quantify the impacts of climate change and human activities for the
impacted period (1951-2020) relative to the baseline period (1931-1950) in the Amudarya River Basin, and to
examine these impacts on a decadal scale to capture temporal variability in greater detail. In addition, the climate
elasticity of streamflow with respect to precipitation, temperature, actual evapotranspiration, and potential
evapotranspiration was assessed to identify the most influential climatic drivers of streamflow change. All
analyses were conducted using 90 years of hydroclimatic data (1931-2020) at 20 to 30 hydrological and
meteorological locations across nearly all major tributaries of the Amudarya, including the Zeravshan and
Qashqgadarya Rivers, using the hydrological modelling approach and climate elasticity analysis. Several key
challenges related to data availability and methodological limitations were successfully addressed in this study,
providing a useful reference for future research in the basin. The findings of this study provide a clearer

understanding of how climate change and human activities jointly influence streamflow dynamics in the basin.
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These insights can support more informed water allocation, reservoir operation, and long-term adaptation planning
under increasing climatic and socio-economic pressures.

2 Study area and data

2.1 Study area

The ADRB is a transboundary watershed of significant importance, covering 74% of Tajikistan’s area, 13% of
Afghanistan, 8.5% of Uzbekistan, 2% of Kyrgyzstan, and 1.7% of Turkmenistan (Mahmood et al., 2025). The
majority of streamflow (approximately 80-90%) is generated in the upstream mountainous regions of Tajikistan
(75.6%), followed by Afghanistan (14.5%) (Mahmood et al., 2024; SIC-ICWC, 2025). Stretching over 2,540 km,
it is Central Asia’s largest River (Schliter et al., 2013). The study area, as shown in Figure 1a, covers 465,000
km?, including the Zeravshan and Qashgadarya basins. There are about 25 tributaries in the basin (Figure 1a).
Among them, the Panj, Vakhsh, Kunduz, Kofirnihon, Surkhandarya, Zeravshan, and Qashqgadarya Rivers are the
main tributaries of the Amudarya (Wang et al., 2016).

The ADRB can be broadly divided into three main regions: upstream (headwater), midstream, and downstream.
The first region lies above the Kerki hydro-station and includes the Pamir-Alay-Hindukush mountain ranges. This
region ranges in elevation from 300 m to 7400 m AMSL, with an average of about 3700 m AMSL (Figure 1b). It
is characterised by extensive snow and glaciers, contributing approximately 80% to 90% of the river's flow
(Schliter et al., 2013). The second region primarily consists of fertile agricultural land (between Kerki and Kyzyl-
jar). In contrast, in the third region, the flow spreads out over the delta (below the Tuyamuyun Hydroelectric
Complex near Nukus city) and ultimately reaches the Aral Sea. In the last two regions, elevations range from
roughly 28 to 500 m AMSL (Figure 1b), with landscapes comprising huge deserts, patches of grassland, large
plains, and arid forests (UNEP, 2011). The ADRB experiences a continental climate with cold winters, hot
summers, and limited rainfall. It spans from a tundra climate in the far east to a cold desert climate in the northwest
(Salehie et al., 2022b). The basin’s annual average temperature is between 11°C and 14°C, with seasonal extremes
from -20°C in winter to 35°C in summer. Average annual precipitation is around 464 mm, varying from about
100 mm in the lower reaches to 2000 mm in the eastern Pamir (Salehie et al., 2022a). This precipitation, combined
with winter’s snow, spring’s rain, and summer’s ice melt, generates an average annual streamflow of 2470 m?/s
(78 km?3). The recorded maximum and minimum annual streamflows are 3455 m3/s (109 km?) and 1838 m3/s (58

kms3), respectively (UNEP, 2011).
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2.2 Data description

Streamflow data of the Kerki, Samanbay, Dargan-Ata, Tuyamuyun, Kyzyl-jar, and Kipchak stations, covering the
periods 1990-2020 and 1980-1989, was obtained from the Scientific Information Center of the Interstate
Commission for Water Coordination (SIC-ICWC) of Central Asia and CaWater (http://www.cawater-info.net/),
which are located on the middle and lower reaches of the River (Figure 1a). The primary streamflow data,
however, was obtained from the Global Runoff Data Centre (GRDC), a worldwide record founded in 1988 that
holds daily and monthly streamflow records from over 10,000 stations (www.bafg.de/GRDC/). All streamflow
data between 1931 and 1995 is detailed in Table 1, and their positions are depicted in Figure 1a. Since most GRDC
data is limited to the 1980s, additional data from 1982 to 2015 for the Komsomolabad and Tutkaul stations were
obtained from Gulakhmadov et al. (2021) and Nikolaevich and Munavvarovich (2019), both sourced from
Tajikistan’s Ministry of Energy and Water Resources. Streamflow records of Doab, Pull-1-Khomri, and Kulukh
Tepa along the Kunduz River were provided by Akhundzadah et al. (2020) from 2009 to 2018, sourced from
Afghanistan’s Ministry of Energy and Water.

Before analysis, streamflow records were screened for missing values and outliers. No infilling was performed
for long data gaps; only periods with continuous streamflow observations were used in the analysis. Short gaps
(1-3 consecutive missing values) were filled by averaging the preceding and subsequent observations, and the
values were also checked against the corresponding precipitation record. Potential outliers were identified by
cross-checking streamflow values against precipitation records for the same and preceding days, and only values
inconsistent with hydrometeorological conditions were treated as outliers. This approach minimized artificial
modification of the observed streamflow signals.

Climate data (i.e., precipitation, maximum temperature (Tmax), minimum temperature (Tmin), and relative
humidity for 1931-2020 was obtained from the CRU-JRA v2.5. This gridded dataset offers ten key meteorological

variables, developed by the CRU at the University of East Anglia. Designed primarily for driving environmental
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and hydrological models, this dataset spans 1901 to 2023, which is available at a 0.5° latitude by 0.5° longitude
global land grid, excluding Antarctica (Harris and UEA-CRU, 2023). The dataset is regenerated by combining
the Japanese Meteorological Agency’s JRA reanalysis (JRA-55) data (Kobayashi et al., 2015) and the CRU-TS
v4.08 (Harris et al., 2020) to improve consistency with observed climatology, and has been applied in different
studies, such as Wang et al. (2025) and Yin et al. (2025)

In addition to the CRU-JRA gridded data, observed station-based daily climate data for precipitation and
temperature were also obtained from the Global Historical Climatology Network (GHCN), as described in Table
S-2 (Supplementary material) (Menne et al., 2012). Notably, about 85% of regional stations lack data from 1931,
which was necessary for this study. Therefore, the GHCN data was primarily used to validate the CRU-JRA data.
Potential evapotranspiration (PET) spanning 1931-2020 was obtained from the latest version, CRU-TS v4.08
(Harris et al., 2020), and used to calculate climate elasticity indicators.

The spatial data such as the Harmonized World Soil Database v2.0, having a resolution of 30 arc-seconds
(Nachtergaele et al., 2012), the Climate Change Initiative Land Cover product of the European Space Agency,
having a resolution of 300 m, and NASA’s Shuttle Radar Topography Mission (SRTM)-Digital Elevation Model
(DEM), having a resolution of 3 arc-second were used to extract physical characteristics and process parameters

of the basin. Glacier distribution data was obtained from the Randolph Glacier Inventory (RGI-Consortium, 2017).



216 Table 1. Description of hydro-meteorological stations in the Amudarya River basin.

. . Elevation SIC-
SN Station River ';?\tl't”de ';OE”g””de (m GRDC ICWC/MEWR/MEW
CN) (°E) AMSL) Monthly Daily (monthly)
1  Kyzyl-jar Amudarya 43.15 59.14 0062 - - 1980-2020
2 Samanbay Amudarya 42.44 59.56 0075 - - 1980-2020
3 Chatly Amudarya 42.28 59.70 0072 1931-1973  1940-1950 -
4 Kipchak Amudarya 42.22 60.11 0078 - - 1980-2020
5 Tuyamuyun Amudarya 41.21 61.39 0116 - - 1980-2020
6 Bir-Ata Amudarya 40.40 62.34 0155 - - 1980-2020
7 llchik Amudarya 39.54 62.96 0172 - - 1980-2020
8 Kerki Amudarya 37.83 65.25 0241 1931-1989  1952-1989 1980-2020
9 Kelif Amudarya 37.33 66.28 0259 - - 1980-2020
10 Nizhniy Panj/Pyandzh 37.33 68.67 0327  1965-1989 - -
11 Hirmanjo Panj/Pyandzh 37.9 70.18 0820 - - 2000-2016
12 Rabat-I1-Bala Balkh 36.58 66.97 0432 - 1964-1978 -
13 Kulukh Tepa  Kunduz 36.98 68.30 0500 - 1966-1980 2014-2018
14 Pull-I-Khomri  Kunduz 36.10 68.67 0562 - 1968-1978 2009-2018
15 g;:;@'l'KO”da Kunduz 3560 6860 0899 : 1967-1978 :
16 Doab Kunduz 35.27 67.98 1468 - 1967-1978 2009-2018
17 Pul-I-Chugha  Talugan 36.73 69.20 0558 - 1960-1978
18 Khojagar Kokchah 37.08 69.47 0446 - 1964-1978 2009-2018
19 Khorog Gunt 37.53 71.52 2070 - 1940-1985 1986-2014
20 Ustie Kudara 38.33 72.48 2714  1942-1978 - -
21 Tutkaul Vakhsh 38.33 69.30 0692 1932-1967 - 1979-2015
22 KOmoomolaba yqngn 3887 6098 1258 19491989 - 19902015
23 Tavildara Vakhsh/Obikhingob 38.70 70.52 1616  1958-1985 - -
24 Dombrachi Vakhsh/Qizilsu 39.27 71.38 1841  1961-1985 - -
25 Tartki Kofimihon/kafimig 37.60 68.15 0436 1932-1992 - ]
26 Manguzar ﬁg;’:;;dary”s”rkha 37.20 67.25 0302 19321989 - ]
27 Chirakchi Qashgadarya 39.03 66.35 0510 1932-1989 - -
28 Varganza Qashqgadarya 38.83 66.00 0818 1932-1995 - -
29 Dupuli Zeravshan 39.38 67.77 1041 1932-1995 -

217 GRDC, Global Runoff Data Center, MEWR, The Ministry of Energy and Water Resources of the Republic of Tajikistan, MEW, The

218 Ministry of Energy and Water, Afghanistan, “-“ data not available
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3 Methodology

Figure 2 describes the overall methodology applied in this study. Firstly, physical characteristics extracted from
DEM and the input data, such as precipitation, temperature, and streamflow, were fed into the hydrological model
(HEC-HMS) to simulate streamflow. Secondly, the impacts of climate change and human activities were separated
using the hydrological approach, and lastly, hydrological responses to climate variables were determined using

the climate elasticity method. Each method is described in the following sections:

Soil moisture accounting

Linear Reservoir

Muskingum Routing
1. Travel time (K)
2. Weighting factor (X)

Process parameters

1. GW1 and GW2 coefficients
2. GW1and GW2 reservoirs

Temperature Index

1. Travel time (K)
2. Weighting
factor (X)

Physical parameter

L, 1. Riverlength 5. Longest flow path
2. River slope 6. Gage weight
3. Subbasin area 7. Elevation
4.  Subbasin slope 8. Centroids etc.

. Ground melt rate
Muskingum
Routing

Deficit and loss
method

Clark UH
Muskingum Routing
Linear Reservoir
baseflow
Temperature Index

‘ DEM: SRTM ‘ ‘ Land cover: GLCC ‘ ‘ Soil data: HWSD ‘ Climate data: Naturalized
¢ . Precipitation streamflow
Max temperature
HEC-GeoHMS ArcGIS Min temperature
ArcGIS Potential
l evapotranspiration

No:
Calibrate again 4

Yes

Step 1: HEC-HMS setup to generate naturalized streamflow

—
Observed streamflow

Step 2:

1. Initial deficit Soil storage 1. PX temperature Y 1. HEC-HMS performance

2. Constant rate 2. Base temperature] es ) el

3. Maximum deficit 3. Wet melt rate — .

4. Impervious percentage 4. Dry melt rate 2. Statistics analysis of hydro-
Clark unit hydrograph 5. Rain rate limit HEC-HMS climate data

1. Time of concentration 6. Water capacity Canopy model

2. Storage coefficient 7 Mirace model Validation

Step 3: Quantify climate
change and Human impacts on
streamflow

l

Step 4: Climate elasticity
of streamflow

Figure 2. Schematic diagram showing the methodology applied in this study.

3.1 HEC-HMS setup

3.1.1 Model description

The HEC-HMS hydrological model, developed by the US Army Corps of Engineers Hydrologic Engineering
Centre (HEC), is a physically based, semi-distributed hydrological tool designed to simulate a wide range of

hydrological functions across various watershed systems, ranging from simple to complex streamflow networks
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(USACE, 2023). It can generate continuous hydrographs over extended periods or single-storm hydrographs. Due
to its reliability, ease of use, data accessibility, and overall accuracy, HEC-HMS was rated top by Keller et al.
(2023) among 22 commonly used models. Its versatility makes it suitable for diverse hydrological applications
worldwide, such as climate impact assessment, flood forecasting, water supply management, and resource
assessment (Mahmood et al., 2020).

This study used the Deficit and Constant Method and the Hamon evapotranspiration method to estimate excess
precipitation and evapotranspiration, and simulate continuous hydrological processes. The model also
incorporated methods such as the Clark Unit-Hydrograph for hydrograph transformation, the Linear Reservoir
Method for baseflow simulation, Lag Routing for channel flow, a Simple Canopy for canopy interception and
transpiration, and a Simple Surface Storage for surface storage estimation. Given that snow and ice melt contribute
significantly to the region's streamflow (about 75%, as noted by Armstrong et al. (2019), a Temperature Index
algorithm for snow/ice melt was integrated into the setup. For this, subbasins are commonly subdivided into 3 to
5 elevation bands to enhance accuracy and capture elevation-dependent variations, as by Mahmood et al. (2019).
However, this method does not explicitly simulate snow/glacier mass balance or quantify the individual
contribution of snow/glacier melt to total streamflow. Due to the lack of long-term, basin-wide observations of
glacier mass balance and snow water equivalent data, an energy-balance or fully distributed glacier model could
not be applied. As a result, meltwater contributions are implicitly included in the simulated runoff through the this
method, rather than being separately quantified. Consequently, trends in glacier or snow cover were not analysed
independently in this study. This limitation may introduce uncertainty in high-elevation catchments and will be
addressed in future studies using glacier-specific datasets and physically based melt models.

A crucial part of developing the HEC-HMS involves preparing the initial estimates of the model’s parameters,
which are generally divided into physical and process parameters (Kan et al., 2019). Physical parameters—such

as subbasin area, slope, and reach length—that define watershed characteristics were derived from SRTM-DEM
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(Mahmood and Jia, 2022). Process parameters, such as surface water storage, water infiltration, snow/ice melt
rates, and crop coefficients, representing the basin’s functional processes and controlling hydrological behaviour
(Kan et al., 2019), were estimated using LULC and soil data. These are confirmed during calibration, as they
cannot be measured directly due to complexities, knowledge gaps, limitations in measurement methods, data
inaccuracy, and a basin’s spatial and temporal variability (Garna et al., 2023). Detailed procedures for rational
estimation of these parameters can be found in Ahbari et al. (2018) and Mahmood and Jia (2022). The parameters
used in calibration are listed in Table S-3 (Supplementary).

3.1.2 Calibration and validation

HEC-HMS was calibrated and validated using 20 streamflow gauges in the region. For 10-13 gauges, 10 years of
streamflow were used for calibration and validation, and 4 to 8 years for the remaining gauges, as described in
Table 2. Only stations and periods with minimal water extraction were selected for the model calibration to ensure
naturalized streamflow for this study. For sites such as Kerki and Chatly, located along the middle and lower
reaches of the river, the model calibration focused on the period from 1931 to 1950 because large-scale irrigation
and reservoir construction began in the 1960s. Above Kerki (headwater region), we explicitly selected gauges and
periods with minimal water withdrawal for the model calibration. For example, the Kulukh-Tepa gauge near the
Kunduz River outlet was excluded, as it experienced significant water extraction between the Pull-1-Khomri and
Kulukh-Tepa gauges from 1965 to 1978. This careful selection ensures the reliability and accuracy of our
calibration process.

Model calibration was conducted using a hybrid approach that combined physically based parameter estimation,
automated optimization, and expert-guided manual adjustment. Initial parameter values were derived from land
cover, soil, and DEM datasets to ensure physical realism. An automated calibration using the simplex (Nelder-
Mead) optimization algorithm, with the Nash—Sutcliffe efficiency (NSE) as the objective function, was then

applied to constrain parameter ranges. Additional automated methods, including Univariate and Differential-
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Evolution algorithms, were also tested but produced unrealistic parameter values and failed to yield acceptable
results (e.g., NSE), particularly in this large and complex basin. Therefore, calibration was finalized manually by
adjusting sensitive parameters, including crop coefficient, snow/ice melt rate, loss rate, groundwater coefficient-
1 and -2, and groundwater fraction-1 and -2 (Supplementary Material, Table S-4 and Figure S-1), starting with
the uppermost streamflow station. These sensitive parameters were reported by Mahmood and Jia (2022) in the
ADRB. This approach followed a large-scale hydrological modelling methodology and is consistent with the
methodologies detailed in Mahmood and Jia (2022) and Dariane et al. (2016).

Another significant challenge in the model calibration was the limited number of daily streamflow stations. So,
the model was also calibrated using monthly streamflow by simulating daily streamflow and converting it to
monthly for evaluation against observations. For the performance assessment, we employed NSE, standardized
root mean square error (SRMSE), and Percent Volume Deviation (PVD), complemented by graphical

presentations, as by Mahmood and Jia (2019) and Wang et al. (2016).

_ Z(Qsim - ans)z

NSE =1 = 1
Z(Qobs - Qobs)2
Z(Qsim - Qobs)
PVD (%) = 100 x 2-Xsim __ <obs’ 2
(/0) X Z Qobs
1 1w
SRMSE = = X <;;(Qsim - Qobs)2> 3

Qobs, Qsim, and o describe observed streamflow, simulated streamflow, and standard deviation of simulated
streamflow, respectively. The PVD and SRMSE values are close to 0, and the NSE values are close to +1.0,
indicating good model performance. According to Moriasi et al. (2015), for watershed-scale hydrological models
like HEC-HMS, flow simulation performance is considered satisfactory if NSE > 0.50 and PBIAS <+15%. Model

performance is considered very good if NSE > 0.80. The acceptable value of SRMSE is < 0.5.
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3.2 Quantification of climate change and human impacts on streamflow
To date, many methods have been applied for quantifying the impacts of climate variability and human
interventions (activities) on streamflow, which are categorized into four main groups: hydrological modelling,
conceptual, analytical, and experimental approaches, and are reviewed comprehensively by Dey and Mishra
(2017). This study applied the hydrological modelling approach to assess the individual impacts of CC and HA
on the streamflow. It is the most common way to explore the impact of climate change and anthropogenic activities
on streamflow (Li et al., 2020). However, more information is required to calibrate a hydrological model and
long-term time series to determine the BLP (Mahmood and Jia, 2019).
There are two main steps of this approach. The first step is to determine the BLP, the period when human
interventions (e.g., dams, canals, deforestation, and urbanization) can be considered negligible. It can be explored
through change-point analysis or through the literature-based method. In this study, we selected the period 1931—
1950 as a BLP using a literature-based approach, and more details on the BLP selection are provided in the
introduction section. Therefore, the entire study period (1931-2020) was divided into the BLP (1931-1950) and
the impacted (altered) period (1951-2020).
The second step is to calibrate a hydrological model for the BLP and simulate naturalized streamflow for the
impacted period (IPP) using only climate data, without considering human interventions (Hu et al., 2015). The
simulated naturalized streamflow can be referred to as the hydrological response solely to changing climate
variability, whereas the measured (observed) streamflow is the hydrological response to the combined effects of
climate change and human activities (Hu et al., 2015; Mahmood and Jia, 2019). After dividing the observed
streamflow and naturalized streamflow for the BLP and IPP, changes in streamflow due to climate change and
human activities can be separated and quantified as below (Hu et al., 2015; Wang et al., 2013):

AQr (%) = AQ¢ + AQy =100 X (Qo; — Qos)/Qos 4

AQ¢ (%) = 100 X (Qs; — Qsp)/0sk 5
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AQu(%) = AQr — AQc 6
Equation 4 calculates the total relative change in streamflow (AQy) in the IPP (1951-2020) relative to the BLP
(1931-1950). Here, Q,; is the observed streamflow during the impacted period (with both climate change and
human activities), and Q,p is the observed streamflow during the BLP. The formula expresses the total change as
a percentage of the baseline streamflow. This total change results from the combined effects of both climate
change and human activities. Equation 5 quantifies the relative change in streamflow due to climate change (AQ.)
alone. It compares simulated natural streamflow under current climate conditions (Qg;) with simulated streamflow
under baseline climate conditions (Qgg), assuming no human influence. This separates the impact of climate
variability on streamflow, expressed as a percentage relative to the baseline. Equation 6 segregates the relative
contribution of human activities to streamflow change (AQy). It is calculated by subtracting the climate-induced
change (AQ.) from the total observed change (AQr). This approach assumes that the effects of climate change
and human activities on streamflow are additive and separable. In short, these equations provide a framework to
distinguish and quantify the individual impacts of climate change and human activities on river streamflow
dynamics, which is crucial for understanding hydrological changes and for planning adaptive water management
strategies. In some studies, such as (Dey and Mishra, 2017; Hu et al., 2015; Wang et al., 2008; Wang et al., 2013),
AQ. has been calculated as:
AQc (%) = 100 * (Qs; — Qor)/Qor 7
However, we used equation 5 as in Mahmood and Jia (2019) because there are always some biases between
simulated streamflow and observed streamflow, and a hydrological model cannot capture all the variation of
observed streamflow. This can mislead the original changes due to climate change and human activities. The

contributions of AQ. and AQy to total change in streamflow (AQ) are calculated as below:

Po(%) = % x 100 and P, (%) = iQT: x 100 8
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Pc (%) and Py (%) represent the percentage contribution of climate change and human activities to the total
streamflow change. These equations help quantify how much of the observed streamflow change is due to climate
variability and how much is due to human-induced factors like land use change, water withdrawal, or reservoir
operations. This separation is crucial for understanding the dominant drivers of hydrological change and for
designing appropriate water management and adaptation strategies. Finally, the overall (1951-2020) and decadal
changes in streamflow due to climate variability, human activities, and both factors (climate and human) were
estimated in all the main tributaries in the basin. Additionally, changes in climatic variables (i.e., precipitation,
Tmax, Tmin, and Tmean) were assessed at the decadal scale to examine climatic variability in the IPP relative to
the BLP and identify plausible drivers of streamflow changes in the region.

3.3 Climate elasticity

Climate elasticity is key in projecting the hydrological response to climate change or climate variables. At the
watershed level, the climate elasticity of hydrological variables (e.g., streamflow) is considered a vital indicator
of the sensitivity of streamflow to a changing climate (Yang and Yang, 2011). This study applied hydrological
modelling and statistical methods to examine the climate elasticity of streamflow with respect to temperature,
precipitation, actual evapotranspiration (AET), and PET. In the modelling approach, the calibrated HEC-HMS
model was forced with a 10% increase in precipitation, evapotranspiration, and temperature, and the resulting
streamflow simulations were compared with the baseline simulations to assess the climate elasticity of streamflow.
Similar climate perturbation ranges (x10-25%) have been adopted in previous elasticity studies mentioned in
Sankarasubramanian et al. (2001). In the statistical approach, two mostly used non-parametric indicators
developed by Sankarasubramanian et al. (2001) and Zheng et al. (2009) were applied to estimate the climate
elasticity (a dimensionless indicator) of streamflow at 34 sites in the ADRB, which are described below,
respectively:

(Qz-@)/@) 9

E, = median ((Xl-—?)/i
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Ee=35x ( S ) = Ryg % 10

Where E, is the climate elasticity of streamflow (Q) with respect to precipitation or PET (X). Xiand Qi are annual
precipitation/PET and annual streamflow time series, while X and Q are the long-term averages of climate
variables and streamflow, respectively. Rxq, CVq, and CVx are the correlation coefficients between Q and X, the
coefficient of variation of Q, and the coefficient of variation of X, respectively. Zheng's formula indicates that the
higher the Rx o and CVq /CVx values, the more vulnerable or sensitive the streamflow is to the climate variable.
These indicators were estimated using annual time series of precipitation and PET from CRU, and simulated
streamflow data from HEC-HMS for 1931-2020.

4 Results

4.1 Calibration and validation

Table 2 describes the NSE, PVD, and SRMSE indicators used to evaluate the model. On average, NSE values
were 0.73 (0.56-0.92) during calibration and 0.74 (0.53-0.93) during validation. PVVD values ranged from -21%
to 30%, averaging 4.08% during calibration and 3.69% during validation, while SRMSE values varied between
0.26 and 1.19, with averages of 0.58 and 0.62 for calibration and validation, respectively, across the basin’s hydro-
stations. The evaluation indicated acceptable results, with high NSE and low PVD/SRMSE at all main stations,
including Chatly, Kerki, Nizhny, and Tutkaul. However, performance was comparatively lower at higher-
elevation stations, particularly those on the Afghanistan side (e.g., Rabat-1-Bala, Baghlan, Doab, and Khojagar).
This discrepancy may be due to lower-quality hydroclimatic measurements, as maintaining gauges in mountainous
regions with heavy snowfall and glacial contributions is challenging.

Furthermore, accurately modelling hydrological processes in glacierized basins requires detailed data on glacier
mass balance and snow cover. However, such data are often scarce, increasing uncertainty in model outputs. For
instance, Schaefli and Huss (2011) noted that limited seasonal mass-balance data can hinder the calibration of

hydrological models in high-mountain catchments. Similarly, Finger et al. (2011) emphasized that the lack of
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comprehensive glacier mass-balance and snow-cover observations can reduce the performance of physically based
hydrological models. Additionally, measuring precipitation accurately in high-altitude regions is complex due to
sublimation and blowing snow (Tobias Siegfried, 2024). Since streamflow measurement typically relies on the
stage-discharge method, errors can arise from various factors, including measurement inaccuracies in river stage
and discharge, errors in rating curve parameterization, interpolation and extrapolation errors, unsteady flow
conditions, and seasonal vegetation changes (Di Baldassarre and Montanari, 2009).

Figure 3 shows that the simulated streamflow closely matched the observed streamflow components, including
low flows, rising limbs, and falling limbs, though it struggled with peak flows in some years. These differences

are likely due to the previously mentioned climate, streamflow, and HEC-HMS-related limitations.
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398 Table 2. Performance evaluation of the hydrological model at different hydro-stations in the Amudarya River basin for 1931-2020.

399

400

SN Station River Calibration Validation Period
PVD
NSE PVD (%) SRMSE NSE (%) SRMSE Calibration Validation
1 Chatly Amudarya 0.89 -1.37 0.379 0.93 -0.14 0.26 1931-1940 1941-1950
2 Kerki Amudarya 0.87 7.50 0382 091 -1.26 0.30 1931-1940 1941-1945
3 Rabat-I-Bala Balkh 0.59 3.13 0.676  0.86  3.35 1.03 1964-1971 1972-1976
4 Khorog Gunt 0.74 4.60 0498 079  16.78 0.46 1940-1949 1950-1959
. Kofirnihon/Kafirni
5 Tarki gan 0.72 -11.83 0782 087 -14.63 0.48 1932-1941 1942-1951
6 Khojagar Kokchah 0.47 6.89 0.661 0.88 4.54 0.58 1965-1970 1971-1976
7 Ustie Kudara 0.69 1.37 0.614 057 -21.32 0.76 1951-1960 1965-1970
Pul-1-Konda

8 Sang Kunduz 0.85 8.34 0520 070 12.92 0.61 1969-1975 1975-1979
9 Pull-I-Khomri  Kunduz 0.56 -10.09 1.087 056  -8.01 1.19 1968-1973 1974-1977

10 Doab Kunduz 0.66 10.01 0.628 092 2285 0.58 1969-1975
11  Nizhny Panj/Pyandzh 0.82 -3.18 046 078 573 0.548 1970-1979 1980-1989

Surxondaryo/Surk
1p Manguzar handarya 0.75 6.90 0507 060 818 0.68 1933-1942 1943-1952
13 Pul-I-Chugha  Talugan 0.71 -3.94 0.724 054 937 0.84 1968-1973 1974-1977
14 Tutkaul Vakhsh 0.91 03.32 0.347 081 -10.91 0.51 1932-1941 1942-1951
15 Komsomolabad Vakhsh 0.92 0.70 0.327 0.84 13.55 0.43 1951-1957 1977-1986
1g Tavildara /aknsh/bikhingo 01 so.34 e ofs 2941 05 1959-1968 1969-1978
17  Dombrachi Vakhsh/Qizilsu 0.72 20.20 0.531 0.79 9.18 0.62 1961-1970 1971-1980
18 Chirakchi Qashgadarya 0.70 1.33 0.54 1932-1936 1937-1940
19 Varganza Qashqgadarya 0.71 -1.72 0.59 0.58 -0.36 0.75 1931-1940 1941-1950
20 Dupuli Zeravshan 0.77 9.36 051 075 -6.11 0.63 1932-1941 1942-1951
Average 0.73 4.08 0.58 0.75 3.69 0.62
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4.2 Mean annual statistics

Table 3 summarizes the mean annual hydroclimatic statistics for the ADR’s main tributaries—Panj, Vakhsh, and
Kunduz Rivers—using CRU-JRA climate data, observed (for available period), and simulated naturalized
streamflow from 1931 to 2020. To compute these climate averages, we used an arithmetic mean across all grid
cells within the whole basin and its sub-basins, since CRU-JRA provides spatially gridded data. For temporal
aggregation of climate and streamflow data, annual means were first calculated for each variable, and the long-
term values reported in Table 3 were obtained by averaging these annual means over the full period (1931-2020).
Basin-wide average Tmax, Tmin, and Tmean were 17.26°C, 4.45°C, and 10.87°C, respectively, with notable
spatial variation. Precipitation ranged from 220 mm (Gunt) to 787 mm (Kunduz), averaging 394 mm basin-wide.
The Amudarya’s naturalized mean annual flow was 2618 m?/s (82.6 km3/yr), compared to 2470-2540 m3/s (78—
80 kmd/yr) in literature (UNEP, 2011).

The Panj and Vakhsh accounted for 66% of the total flow, while the other tributaries contributed 2-8%. The
observed flow at Kyzyl-jar has been reduced by 83% relative to naturalized flow, with greater reductions in the
middle and lower reaches. The headwater above Kerki contributed 82% of the total flow. Additional hydroclimatic
statistics for the BLP and IPP regions are presented in Table S-5 (Supplementary), indicating notable increases in

temperature and precipitation and mostly reduced streamflow.
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421 Table 3. Mean annual statistics of all the main rivers at 25 streamflow gauges in the Amudarya River basin.

Tmax Tmin Tmean Precip NS-flow OS-flow
SR River Station
(°C) (°C) (°C) (mm) m/s m/s
1 Amudarya Kyzyl-jar 17.26 4.47 10.87 394 2618 435
2 Amudarya Chatly 17.26 4.47 10.87 394 2618 1412
3 Amudarya Tuyamuyun 17.25 4.46 10.86 396 2606 832
4 Amudarya Bir-Ata 17.2 4.43 10.82 396 2561 1106
5 Amudarya Kerki 17.04 4.15 10.59 364 2149 1578
6 Amudarya Kelif 17.04 4.15 10.59 364 2149 1876
7 Panj Nizhny 21.07 7.72 14.4 264 1016 1006
8 Panj Hirmanjo 20.28 7.07 13.67 270 686 809
9 Balkh Rabat-e-Bala 7.03 -3.96 1.54 746 50 50
10 Kunduz Kulukh Tepa 15.76 2.81 9.28 306 163 102
11 Kunduz Pull-1-Khomri 10.43 -1.71 4.36 417 68 71
12 Kunduz Pull-1-Konda Sang 4.49 -6.95 -1.23 550 37 31
13 Kunduz Doab 0.31 -10.65 -5.17 787 8 9
14 Talugan / Kunduz Pull-1-Chugha 22.36 8.44 15.4 263 70 65
15 Kunduz Chardara 13.36 11 7.23 459 87 54
16 Kokchah / Panj Khojagar 22.76 9.37 16.06 274 218 196
17 Gunt / Panj Khorog 22.15 9.19 15.67 220 123 104
18 Bartang / Panj Ustie 15.29 1.69 8.49 387 29 35
19 Vakhsh Tutkaul 21.59 8.3 14.95 418 683 635
20 Vakhsh Komsomolabad 21.22 8.02 14.62 427 683 632
21 Vakhsh Garam 21.22 8.02 14.62 427 446 316
22 Kofirnihon Tartki 22.24 8.46 15.35 316 147 164
23 Surkhandarya Manguzar 13.52 0.82 7.17 296 68 54
24 Qashgadarya Chirakchi 5.33 -5.81 -0.24 552 36 22
o5 Zeravshan Dupuli 11.52 -0.45 5.53 457 209 154

422  Tmax, maximum temperature, Tmin minimum temperature, Tmean mean temperature, Prec precipitation, NS-flow naturalized mean annual streamflow,

423 OS-flow observed mean annual streamflow,

424
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4.3 Impacts of climate change and human activities

4.3.1 Climatic variability

Figure 4 (columns 2-5) shows the changes in precipitation, Tmax, Tmin, and Tmean, and changes in streamflow
(columns 6-8) due to climate change, human activities, and the combined effect of both factors. More detail is
provided in Table S-6 (Supplementary Materials). In the entire basin (above Kyzaljar), Tmax, Tmin, and Tmean
increased in all decades except Tmax in the 1950s relative to the BLP, with an overall increase of 0.45°C, 0.88°C,
and 0.67°C, respectively. The maximum increases in Tmax and Tmean were observed in the 2000s (1.13 °C and
1.41 °C, respectively), and in Tmin, it was observed in the 2010s (1.74 °C). The basin also showed an overall
increase in precipitation of 9.8%, with a minimum in the 1970s and a maximum in the 2010s (Figure 4a). Similar
climatic changes were observed at the Tuyamuyun and Bir-Ata sites (Figure 4 (b—c)). However, the temperature
and precipitation increases in the headwater region (above Kekri) were slightly higher than in the whole basin
(Figure 4 d and e). In the Balkh and Kunduz basins, an increase in Tmax, Tmin, Tmean, and precipitation ranged
from 0.23-0.59 °C, 0.79-1.10 °C, 0.51-0.81°C, and 8.4-13.3%, respectively, at different sites (Figure 4 (f-J)).
The Kunduz basin showed a slightly higher increase, specifically in Tmin and precipitation, whereas the Balkh
basin showed a slightly lower increase than the whole basin. In the Panj (Amudarya above Nizhny), Vakhsh,
Kofirnihon, Surkhandarya, Zeravshan, and Qashqgadarya basins, temperature changes were quite similar across
the basins and to the whole basin. However, precipitation increases in the Panj, Vakhsh, and Kofirnihon (5.7—
8.6%) were lower than the changes in the whole basin, while slightly high values (9.8-12.0%) were observed in
the Surkhandarya, Zeravshan, and Qashgadarya basins. Across the ADRB, the maximum increases in Tmax,
Tmin, Tmean, and precipitation were observed in Surkhandarya (0.68 °C), Kunduz (1.1 °C), Surkhandarya (0.83
°C), and Kunduz (13%), respectively. The last two decades showed higher increases in climate variables than the
average across the whole basin. It was also observed that Tmin has been increasing at a much faster rate than

Tmax in the basin. Hu et al. (2021) and Murodov et al. (2023) also showed increases in temperature and
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precipitation using trend analysis. It was also observed that climatic variables, especially temperatures, showed a
dramatic, continuous increase from the 1980s onward.

4.3.2 Streamflow changes

At Kyzyl-jar (outlet of the ADR) (Figure 4a), streamflow was reduced by 77% during the whole IPP relative to
the BLP, out of which CC and HA accounted for 11% and -88%, respectively. This means HA caused a 114%
decrease in total streamflow (77% reduction), while CC resulted in a 14% increase in streamflow. A continuous
decrease was observed from the 1950s (-27%) to the 2010s (-97%) relative to the BLP. By 1970, more than half
of the streamflow had been reduced by HA, and by 1990, more than 90%. The main reason was an immense
expansion (150%) in irrigated agriculture during 1950-1990 by the Soviet Union in the ADRB (UNEP, 2011).
Across all decades, 3-15% changes in streamflow were estimated due to CC, which contributed about a 4-38%
increase; in contrast, HA caused a reduction of 37-112%, contributing about 104-138% to the total. At
Chatly/Samanbay, the results were similar to those at Kyzyl-jar because the two sites are very close (Table S-5).
At Tuyamuyun and Bir-Ata, streamflow reductions were estimated at 65% and 54%, respectively, attributed
mainly to HA (Figure 4 (b—c).

The headwater region (above Kerki, Figure 4d) also showed a 22% reduction in streamflow. The attribution
analysis showed that HA accounted for 140% of this reduction. This occurs because CC actually produced a 10%
increase in streamflow relative to the BLP (i.e., a +45% contribution). In other words, climate change alone would
have increased streamflow, but human activities more than offset this increase, causing the overall decline.
Therefore, HA contributions exceeding 100% indicate that human-driven reductions not only counterbalanced the
climate-induced gains but also resulted in an additional net decrease in streamflow. The magnitude of reduction
at this point is much lower than at Kyzyl-jar. This means the most human activities (e.g., water extraction)
occurred between the outlet and Kerki. According to the World-Bank (2004) and UNEP (2011), the network of

irrigation canals reached deep into the deserts of Turkmenistan and Uzbekistan. It supplied water to 7.6 million
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hectares of agricultural land in 1980. All decades showed a decrease in streamflow, except the 1950s, when CC
increased streamflow by 9% but had no HA impact on streamflow. Similar results were observed at Kelif (Figure
4e), but the streamflow reduction (6%) was much lower than at Kerki, even though the sites are very close. This
is mainly because of the largest irrigation canal, the Karakum Darya, which diverts about 15% of the flow of the
Amudarya near Kerki (Brite, 2018).

In the Kunduz basin, one of the major tributaries of the Amudarya from the southern side, CC and HA were
quantified at five sites, where four, i.e., Kulukh Tepa (near outlet), Pull-1-Khomri / Pull-1-Konda Sang (middle),
and Doab (upper) are located on the main Kunduz River, and Pull-I-Chugha on the Talugan River (a tributary of
the Kunduz River) (Figure 4 (f-h). At the Doab station, streamflow increased by 88%, with 34% attributed to CC
and 54% to HA. These rises are likely linked to reductions in rainfed agriculture, vegetation/grassland, and glacier
area. Akhundzadah et al. (2020) showed that between 1992 and 2019, rainfed agriculture, vegetation/grassland,
and glaciers, which were 16%, 60%, and 2.5% in 1992, declined by about 30%, 20%, and 33%, respectively.
According to Coe et al. (2011) and Levy et al. (2018), deforestation alters the hydrological, geomorphological,
and biochemical processes of rivers by reducing evapotranspiration on the land surface and increasing runoff,
river discharge, erosion, and sediment fluxes from the land surface. At Pull-I-Khomri, a 21% increase in
streamflow was estimated, of which 23% was attributed to CC and -2% to HA during the whole IPP. In contrast,
streamflow was estimated to decrease by 30% at Kulukh Tepa, 46% due to HA, and 16% due to CC. The reduction
is mainly due to water withdrawal for irrigation by about 19 irrigation canals below Pull-I-Khomri, where the
Kunduz River flows through the wide, lowlands of Baghlan and Kunduz provinces, a highly populated area in the
basin (Akhundzadah et al., 2020; Varzi and Wegerich, 2008). At Pull-1-Chugha on the Talugan River, in contrast
to Kulukh-Tepa, an increase of 1.7% in streamflow was estimated, where a 13% increase was estimated due to

CC and an 11.3% decrease due to HA.
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The Amudarya above Nizhny is referred to as the Panj (Pyandzh), which is fed by many tributaries, including the
Wakhan, Pamir, Gunt, Kokchah, and Bartang (Figure 4). In the Kokchah and Gunt River basins, HA dominated,
causing a decrease in streamflow by 1.9% and 10%, respectively (Figure 4i). In contrast, 25% and 5.6% increases
in streamflow were calculated at Hirmanjo and Nizhny, respectively (Figure 4(j—k)). Hirmanjo is the second site,
where both HA (72%) and CC (28%) contributed positively (increase) to streamflow. At Nizhny, HA also caused
an increase in streamflow in the 1960s and 1970s, but a decrease during the entire IPP. The main reasons can be
deforestation, as mentioned by Coe et al. (2011), and increased glacier melt in the region, as we observed a positive
temperature elasticity of streamflow ranging from 0.51 to 1.04 (section 4.4). In all previous results, we found
positive values of CC, but at Khorog in the 1970s and 1980s and Hirmanjo in the 1970s, it was found that CC
caused a decrease in streamflow. This was mainly due to decreased precipitation ( | and n).

In the Vakhsh River basin, the second-largest contributor to the Amudarya, the analysis was performed at the
Garam (upper), Komsomolabad (middle), and Tutkaul (middle-lower) stations. At Garam, streamflow was
increased by about 3% (8% by CC and -5% by HA), and it decreased by 1.8% (8% by CC and -11% by HA) at
Komsomolabad and 2.6% (8% by CC and -10% by HA) at Tutkaul. It was observed that the HA factor increased
from Garam (-5%) to Tutkaul (-11%) while the CC factor remained the same (8%). Among all stations, Kyzyl-
jar exhibited the strongest human-activity (HA) influence on streamflow change (—114%), whereas Doab showed
the largest climate-change (CC) contribution (38%) to streamflow. The results of all 25-gauges in the basin are

described in Table S-6 (Supplementary Materials).
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512  Figure 4. Climatic changes and the impacts of climate change (AQc), human activities (AQw), and both (AQr) on the streamflow of all tributaries in the Amudarya River basin for
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the impacted period (1951-2020) relative to the baseline period (1931-1950).
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4.4 Climate elasticity of streamflow

The Hydrological Modelling Approach (HMA) was used to explore the elasticity of streamflow with respect to
precipitation, actual AET, and temperature (Ep, Eaer, and Er, respectively), as shown in Figure 5 (b—d). The
statistical indicators (Sankarasubramanian et al. (2001) (S-indicator) and Zheng et al. (2009) (Z-indicator) were
used to determine streamflow elasticity to precipitation (Ep ) and PET (Eper), as shown in Figure 6 (a—d), at 34
locations (Figure 5a) on the main tributaries in the ADRB.

According to the HMA, Ep, Eaer, and Er ranged from 0.04-3.60, -1.15—-0.03, and -0.02-1.53, with average values
of 1.25,-0.17, and 0.31, respectively. This means that, on average, a 10% increase in precipitation and temperature
can increase streamflow by 12.5% and 3.1% in the basin. However, a 10% increase in AET can decrease
streamflow by 1.7%, indicating that the basin’s streamflow is more sensitive to precipitation changes than the
other two climate variables. Figure 5b shows that the Kunduz basin (with Ep of 1.57-3.6), Surkhandarya (2.83),
Qashqgadarya (1.94), and Zeravshan (1.86) are the most sensitive basins to precipitation in the ADRB, which can
produce 2 times the streamflow by a unit increase in precipitation. However, the Vakhsh and Kofirnihon River
basins were the least sensitive to precipitation. Figure 5¢ shows a similar distribution for Eagr, but in reverse order
(decreasing streamflow). For example, the Kunduz basin was most sensitive to precipitation and AET. However,
precipitation had a much greater effect on streamflow than AET for the same unit change. In the case of
temperature (Figure 5d), it was observed that tributaries such as the Vakhsh, Kokchah, and Panj, which have
dominant glacier contributions, were more sensitive to temperature than others. This means these basins can
produce more streamflow by increasing temperature, but the glaciers’ size will be reduced in the future.
According to the S-indicator, Ep and Eper ranged from 0.49-1.57 and -6.0—0.62, with mean values of 0.92 and -
2.19, respectively. The Z-indicator obtained similar values for Ep and Eper, ranging from 0.48-1.44 and -4.53—
1.22, with mean values of 0.86 and -2.19, respectively. Both indicators showed spatial distributions similar to
each other and to the HMA, but with lower g magnitudes and much higher Eper magnitudes than the modelling
approach.

The higher precipitation elasticity estimated using the HMA, compared to the statistical indicator, reflects the
model’s ability to explicitly represent nonlinear hydrological processes and climate—runoff interactions,
particularly those related to snowmelt, evapotranspiration, and basin storage. In contrast, the statistical indicator
is based on historical variability and assumes a stationary precipitation—streamflow relationship, which may
reduce sensitivity estimates in complex, cryosphere-influenced basins. On the other hand, the much stronger

evapotranspiration elasticity estimated using the statistical indicators compared to the HMA mainly reflects
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methodological differences, particularly the use of actual evapotranspiration in the model, which is constrained
by soil moisture, versus potential evapotranspiration in the statistical indicators, which represents atmospheric
demand. Additionally, the model smooths evapotranspiration impacts through basin storage, while statistical
indicators directly link evapotranspiration variability to streamflow, potentially overstating its influence in dry
basins. In two previous studies, Hu et al. (2021) and Hou et al. (2023) explored Ep and Eper using the Budyko
method and the Z-indicator for the periods 1960-2017 and 1974-2015, respectively, at Kerki and Kyzyl-jar. Hu
etal. (2021) explored Ep of 1.6 and 2.69 and Eper 0f -0.62 and -1.66 at Kerki and Kyzyl-jar, and Hou et al. (2023)
disclosed Ep 0f 0.71 and 0.94 and Eper 0f -0.07 and -0.04 at Kerki and Kyzyl-jar. Our results have a little difference
in the case of Ep (e.g., at Kerki /Kyzyl-jar, 0.91/1.06 from the HMA and 0.77/84 from the Z-indicator) but a big
difference in the case of Eper (e.9., at Kerki, -0.04/-0.05 from the HMA and -2.25/-2.79 from the Z-indicator).
The two possible reasons are the time period of estimation and the streamflow data used for the calculation. For
example, we used a longer period (1931-2020) than both studies (i.e., 1960-2017 and 1974-2015). We also
utilized simulated naturalized streamflow, as done by Lv et al. (2018), in the lower reaches of the Yellow River
instead of observed streamflow. In the basin, streamflow has mainly decreased due to human extraction for
irrigation in the lower and middle reaches during 1960-1990 (UNEP, 2011). So, using observed streamflow for
climate elasticity analysis can cause misleading results. The Ep results of Hu et al. (2021) using the Budyko water-
balance framework are approximately twice those obtained in this study using the HMA. This might be the
assumption underlying the elasticity method, which treats changes in water storage as negligible. In addition, the
higher Ep reported by Hu et al. (2021) may also reflect the simplified structure of the Budyko framework, which
does not explicitly account for snow and glacier melt, groundwater storage, or routing processes. The higher
precipitation elasticity reported by Hu et al. (2021) may also be due to their use of observed streamflow rather
than naturalized streamflow, as observed discharge reflects not only precipitation variability but also the influence
of human activities such as irrigation withdrawals. In contrast, the hydrological modelling approach represents
these buffering mechanisms explicitly, leading to more moderated streamflow responses to precipitation
variability. Hu et al. (2021) and Hou et al. (2023) only used statistical methods; however, the modelling approach
is considered a robust method to explore the climate elasticity of streamflow, though it requires more information
(Yang and Yang, 2011). The naturalized streamflow is more suitable for identifying the climate change effects on
streamflow (Lv et al., 2018). The HMA can provide realistic estimates of the climate elasticity of streamflow
because all other hydrological processes, such as evapotranspiration, snow and glacier melt, canopy storage,

suface storage, soil storage, and infiltration, occur simultaneously in a basin.
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5 Discussion

5.1 Impacts of climate variability on streamflow

This study’s results showed that a decrease in basin streamflow is mainly due to HA, not CC, because increased
precipitation directly increases streamflow, whereas increased temperature indirectly increases streamflow by
melting more glaciers. According to Hou et al. (2023), streamflow in the basin is mainly generated by snow (43%)
and glacier melting (39%) in the headwaters of the ADRB. This means CC, especially an increase in temperature,
is a big challenge in the basin, which will cause more streamflow by melting, but for a shorter period. Glaciers
are projected to decrease by about 50% by 2050 relative to 2010, resulting in reduced streamflow thereafter
(Immerzeel et al., 2012). According to Hagg et al. (2013), by 2050, under temperature increases of 2.2°C and
3.1°C, glacier extents in the Rukhk river (a small tributary of Amudarya) are projected to decrease by 36% and
45%, respectively. This reduction is significant, especially in lower elevation zones where glaciers may disappear
almost entirely. These alterations in upstream glaciers will impact hydrological processes in the ADRB, including
shifts in seasonal runoff, changes in peak runoff timing, and a long-term decline in water availability. Glacier
alterations will not only influence the quantity of water but also critically affect its seasonal distribution, posing
challenges for water resource management and agricultural planning in the Amu Darya Basin (Chen et al., 2017;
Hagg et al., 2013).

However, in the lowland areas of the basin, which already have low annual rainfall (100-200 mm)(Salehie et al.,
2021), the increased temperature will trigger evapotranspiration, reducing the amount of water reaching the main
river streams. Although CC had no impact on streamflow reduction, as shown in Figure 7 (discussed below), it
will alter the basin's hydrologic regime and reduce streamflow when there is no glacier due to increasing global
warming.

5.2 Impacts of human activities on streamflow

Generally, watersheds are more sensitive to external stressors, and their impacts are more damaging in arid and
semi-arid regions (Huang et al., 2021), as observed in this study, where human activities caused a profound
decrease in streamflow across most tributaries. The main reasons for this are the increasing population, water
withdrawal for agriculture, industrial, and domestic purposes, and the construction of dams, headworks, and
barrages in the basin. According to UNEP (2011), from 1950 to 1990, the Soviet Union invested substantially in
establishing an extensive network of irrigation canals, dams, and pumping stations across Central Asia. Most
rivers, such as the Amudarya and Syrdarya, were diverted for irrigated agriculture to produce cotton, wheat, rice,

etc., in the arid plains and even desert areas, without regard for ecological requirements. During this era, irrigated
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land expanded by about 150% and 130% in the ADRB and Syrdarya basin, respectively (World-Bank, 2004). It
is also reported that the network of irrigation canals extended into the deep deserts and covered about 7.6 million
hectares of land in the middle and lower reaches located in Turkmenistan and Uzbekistan (UNEP, 2011). The
largest irrigation canal, the Karakum (or Garagum) canal, is also constructed on the Amudarya near Kerki,
diverting about 15% of the river’s flow (Brite, 2018). According to Schliiter et al. (2013), irrigated agriculture
consumes about 92% of the Amudarya’s streamflow. According to FAO (2021), 30 reservoirs have been
constructed in the ADRB, of which 26 were built only between 1950 and 1990 (Table S-1, Supplementary). These
reservoirs are mainly used for irrigation, followed by power generation. Thus, the water withdrawal for agriculture
is the major factor reducing the streamflow, especially in the middle and lower reaches of the ADR. Hou et al.
(2023) and Hu et al. (2021) also concluded that the decrease in streamflow in the basin was mainly due to HA.
Hu et al. (2021) reported that HA and CC contributed about 112% and -14% at Kerki and 103% and -4% at
Kyzyl-jar, respectively, for 1975-2017 relative to 1960-1974, and Hou et al. (2023) showed contributions of HA
and CC of 122% and -22% at Kerki and 107% and -7% at Kyzyl-jar, respectively, for 1974-2015 relative to 1956—
1973, which are very similar to our results at these two sites but lower in magnitude. For example, at Kyzyl-jar
(Kerki), HA and CC contributed about 114% (144%) and -14% (-44%) in this study. This can be mainly because
different climatic datasets, methods, and data periods are used. For example, they used 1960-1974 and 1956—
1974 as the BLP, but we used 1931-1950. In this case, our results can be more robust because human activities
are not ignorable during their BLPs in these studies, especially in the lower reaches. For example, Figure 4a shows
that streamflow decreased by 27% and 57% in the 1950s (1951-1960) and 1960s (1961-1970), respectively, due
to the combined effect of CC and HA, at Kyzyl-jar, and Figure 4d shows 9% and 26% decreases in streamflow at
Kerki in the 1960s and 1970s, respectively. Therefore, these periods cannot be used as baseline periods.
Nonetheless, these periods can be used as BLPs for gauges in the headwaters, such as Doab, Ustie, Khorog, and
Khojagar. To understand the impacts of HA and CC on the streamflow in more detail, we calculated annual
changes in streamflow due to HA, CC, and both (HA and CC) along with changes in precipitation for the period
of 1951-2020 relative to the 1931-1950 at Kyzyl-jar and Kerki, as show in Figure 7. This shows that CC caused
an increase in streamflow, with slight upward trend while HA resulted in a decrease in streamflow, with sharp
downward trend. It can be seen that decrease in streamflow due both factors is less than the decrease due to HA
because of increase in streamflow due to CC. Figure 7 also shows that at lower and middle reaches (below Kerki)
the extraction of water is much higher than in the headwater regions. Furthermore, Figure 7, shows clear

alterations in streamflow regimes due to HA, which requires to consider proper water resources planning and
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management to create a balance between the environment and human needs. Central Asian countries have already

endeavoured to deal with water related issue by developing different institutions and organizations such as the

International Fund for Saving the Aral Sea, Interstate Commission for Water Coordination of Central Asia, Water

Users Association, and the informal Water Users Groups. However, minor effects have been observed on the

ground due to various limitations, including a lack of funds and technical support (Abdullaev et al., 2010).
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Figure 7. Change in streamflow due to climate change (AQC), human activities (AQH), and both (AQT), as well

as change in precipitation (AP) at (a) Kyzyl-jar and (b) Kerki for the impacted period (1951-2020) relative to the

baseline period (1931-1950).
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5.3 Uncertainties, limitations, and suggestions

In impact assessment studies, uncertainties arise from various factors, including data quality, methodology, model
structure, and parameter values (Bosshard et al., 2013). According to Chen et al. (2017), the main sources of
uncertainty in assessing the regional hydrological impacts of climate change can be unreliable and incomplete
datasets. Due to insufficient observed gauged data, CRU-JRA climatic data was used in most analyses across the
basin. This represents the first major source of uncertainty in the study. The second source of uncertainty arises
from selecting the BLP, which is intended to represent conditions with minimal human interference.

Although we selected 1931-1950 as a BLP, considering all possible factors, there remain sources of uncertainty.
A third source of uncertainty stems from the simplified representation of hydrological processes in the
hydrological model. For example, due to a lack of climate and snow/ice data, the Temperature Index method was
used to account for melting water rather than the Energy Balance Method. HEC-HMS does not explicitly quantify
the separate contributions of snow and glacier melt to streamflow; instead, it represents snow and ice melt
indirectly, which limits the ability to analyze meltwater contributions independently. The uncertainties associated
with hydrological models also influence climate impact studies (Faiz et al., 2018). Generally, uncertainties in
hydrological modelling are associated with input data, output data, model structure, and estimated parameters
(Renard et al., 2010).

The present study provides the latest and most comprehensive novel results, both temporally and spatially, across
the basin for almost all tributaries, which can be used to understand hydrological responses to changing climate
and human activities and to manage water resources in the ADRB. It is recommended that more efficient
technologies be adopted to mitigate human impacts on regional water resources, while strengthening alignment
with the United Nations Sustainable Development Goals related to climate action (SDG 13) and clean water and
sanitation (SDG 6).

6 Conclusions

The Amudarya River, the largest river basin in Central Asia, has been severely altered by human activities (e.g.,
the construction of irrigation canals, dams, and headworks) to meet human needs, resulting in almost no water for
the Aral Sea, which was the 4th-largest lake in the world in the 1960s. Climate change and global warming pose
significant threats to water resources and their availability in the basin, as the river is primarily fed by snowfall
and glaciers. The present study used the hydrological modelling approach to separate and quantify the impacts of
climate change and human activities on streamflow, along with climate elasticity. The elasticity was also

determined using statistical indicators (S- and Z-Indicators). The analyses were performed for the period 1931
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2020 at 25-34 points, with 1931-1950 serving as the BLP and 1951-2020 as the IPP. The main challenge in this
study was to calibrate HEC-HMS between 1931 and 1950 due to the scarcity and low quality of hydroclimatic
data, which were obtained from various institutions, including the Climate Research Unit, Global Runoff Data
Centre, and Scientific Information Centre.

The results indicate pronounced climatic changes in the region during the impacted period (IPP) relative to the
baseline period (BLP). Over this period, Tmax, Tmin, and Tmean increased by 0.45 °C, 0.88 °C, and 0.67 °C,
respectively, while precipitation increased by 9.8%. Both climate change and human activities substantially
altered streamflow dynamics. Overall, streamflow in the basin (at the outlet) declined by 77%, with human
activities accounting for a —114% contribution to the decline, offsetting the positive contribution from climate
change (14%). In the headwater regions, streamflow decreased by 22%, with human activities contributing —145%
of the decrease, offsetting the positive effects (45%) of climate change. The main tributaries, including the Panj
and Vakhsh rivers, experienced streamflow reductions ranging from 0.4% to 34%, primarily attributed to human
activities. In contrast, the headwaters of the Panj (e.g., Nizhny), Kunduz (e.g., Doab and Pull-I-Khomri), and
Vakhsh (e.g., Komsomolabad and Garam) showed increases in streamflow, mainly due to climate change
(increased precipitation and temperature). Overall, human activities were the dominant factor driving reductions
in streamflow across all major tributaries, ultimately leading to decreased water inflow to the delta and the Aral
Sea. Climate elasticity analysis indicated that precipitation had the strongest control on streamflow variability
among all climatic variables.

This study shows that human activities contributed overwhelmingly to reductions in streamflow across the basin,
underscoring the urgent need to modernize irrigation systems, reduce conveyance losses, and support efficient
water-use technologies. Strengthening transboundary water governance through enhanced collaboration, data
sharing, and institutional support is essential, alongside aligning basin-wide strategies with the Sustainable
Development Goals. Improved hydroclimatic monitoring—including expanded gauging networks, glacier and
snow-cover observations, and remote sensing capabilities—will support more reliable future assessments. Long-
term water planning must also integrate climate change impacts, encourage adaptive reservoir operations, promote
water-efficient cropping patterns, and safeguard environmental flows to restore the degraded Amudary delta and
the Aral Sea ecosystems.
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