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Abstract: In the context of global climate warming, the propagation of meteorological drought (MD) may aggravate the
devastating impact of hydrological drought (HD) on water security and sustainable development. There are challenges in
accurately predicting the propagation of drought and effectively quantifying the effects of uncertainty, especially in data-
deficient regions. In this study, a novel method called RFCFA is developed through integrating random forest (RF), copula, and
factorial analysis (FA) into a general framework as well as applied to the Aral Sea Basin (a typical arid and data-scarce basin in
Central Asia) under considering the impact of climate change. Several findings can be summarized: (1) the projected future
drought propagation probability of ASB is 39.2%, which is about 8% higher than historical level; (2) drought propagation is
mainly affected by mean climate condition, catchment characteristics (i.e., elevation, LUCC, and slope), and human activities
(i.e., irrigation and reservoir operation); (3) the lower propagation probability in spring is expected under SSP1-2.6 due to
increased snow meltwater, and the drought propagation probability in autumn is the highest (reaching 45.4%) under the
influence of reservoir operation; (4) the combined effects of meteorological conditions and agricultural irrigation can lead to a
higher probability of future propagation in the upper river basin in summer. Findings are valuable for predicting drought
propagation risk, revealing main factors and inherent uncertainties, as well as providing support for drought management and
disaster prevention.
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INTRODUCTION

Motivation

Drought, characterized by prolonged periods of abnormal water deficit, such as reduced precipitation and
runoff, has significant and far-reaching impacts on societies, ecosystems, and economies worldwide. Over
the past century, major drought events have resulted in millions of deaths and huge economic losses. From
1970 to 2019, approximately 650,000 deaths were attributed to drought, while global economic losses
reached around $124 billion between 1998 and 2017 [1]. The risk of drought is expected to increase due to
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climate change, particularly in arid and semi-arid regions like Central Asia, which already face water scarcity
[2,3]. Extreme disasters (e.g., drought) triggered by climate change can exacerbate water stress and hinder the
sustainable development of these regions [4–6]. However, the impacts of global warming on different types
of droughts and their propagation are not fully understood. Drought poses increasing challenges in the
context of global warming, and it is critical to develop more robust methods to reveal drought propagation
mechanisms and mitigate the adverse effects of drought hazards.

Literature review

The process of drought development, known as drought propagation, involves the progression of water
deficit [7]. Meteorological drought (MD), characterized by a precipitation deficit during a particular period,
propagates through the various components of the hydrological cycle, leading to soil moisture depletion and
ultimately resulting in hydrological drought (HD) [8–10]. Drought assessment research relies on various
drought indices, such as the standardized precipitation index (SPI) and the standardized streamflow index
(SRI) [11–14]. Drought indices derived from the global climate models (GCMs) dataset can serve as valuable
tools for assessing the impact of global warming on different types of droughts and their propagation [15–
19]. For example, Oguntunde et al. [16] investigated drought propagation and found a time lag of 2–3 months
for MD drought. Wu et al. [17] developed an ensemble hydrological prediction framework using multiple
GCMs to study global drought under specific warming scenarios, revealing the potential for increased
severity in drought propagation [20].
In recent years, the introduction of copula in drought research has advanced the field of probabilistic

drought modeling [21–32]. For instance, Yang et al. [21] developed a Bayesian copula method using multiple
GCMs to generate reliable ensemble projections of drought risk. Yue et al. [22] integrated copula and
Bayesian network techniques to investigate the spatiotemporal dynamics and meteorological triggering
conditions of hydrological drought. Farrokhi et al. [29] proposed a methodology that combined copula and
machine learning algorithms to model the multivariate dependence of drought characteristics, providing
comprehensive insights into future droughts. Jiang et al. [27] developed a copula-based machine learning
method for calculating the propagation of drought from meteorological to ecological droughts, offering a
detailed understanding of the propagation process.
Despite extensive research, the assessment of drought propagation between MD and HD is still an

emerging field. In regions with limited data availability and sparse observation networks, physically based
hydrological models (e.g., SWAT) face challenges in utilizing mechanistic simulation of hydrological pro-
cesses and water resources management [33]. In such cases, data-driven hydrological models (e.g., random
forest, RF) offer a suitable alternative due to their flexibility, adaptability, and fast execution speed [34–36].
The results of drought propagation between MD and HD are subject to various uncertainties arising from
multiple sources, such as GCM, future scenario, and MD condition. Hydrological models and copula are
unable to quantify the individual and interactive effects of these uncertainty sources [37]. Factorial analysis
(FA), an efficient statistical tool, can be utilized to identify the dominant uncertainty source that has the most
significant impact on the system response [38,39]. For instance, Duan et al. [40] developed a factorial-
analysis-based method to investigate the population exposure to drought over the Pearl River Basin under
climate change, revealing the GCM and RCP are the major uncertainty sources of drought exposure in
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different periods.

Research gap

Although a number of research were reported on assessing drought and drought propagation, there are still
difficulties in accurately predicting the propagation of drought and effectively quantifying the effects of
uncertainty, especially in data-deficient regions. In watersheds with limited observed datasets, it is chal-
lenging to obtain streamflow data from physically based hydrological models for studying drought propa-
gation between MD and HD. Both RF and physically based hydrological models (e.g., SWAT) lack the
capability to quantify the individual and interactive effects of factors on drought propagation results. FA can
effectively reveal the interactive effects of multiple factors through calculating the variations in simulation
responses under different combinations of factors’ levels and has been widely used in experiments and
hydrological modeling; however, no previous study was conducted to reflect the effects of multiple factors
and their interactions on drought propagation through integrating RF, copula, and FA into a general fra-
mework.

OBJECTIVE AND CONTRIBUTION

The objective of this study is to develop a random-forest-copula-factorial analysis (RFCFA) method for
predicting the drought propagation between MD and HD and quantifying their uncertainties in data-scarce
watersheds (Figure 1). The main novelty and contribution of this study are: (1) This is the first attempt to
develop such an integrated RFCFA method through incorporating RF, copula, and FA within a general
framework. (2) RFCFA has an advantage in predicting drought propagation (between MD and HD) under
climate change and analyzing the effects of multiple factors and their interactions on propagation prob-
abilities. (3) RFCFA is firstly applied to the Aral Sea Basin (a typical arid and data-scarce basin in Central
Asia) for validating its feasibility and capability, and the obtained results are valuable for predicting drought
propagation risk, revealing main factors and inherent uncertainties, as well as providing support for drought
management and disaster prevention.

RESULTS AND DISCUSSION

Performance of RF and SWAT

Figure 2 shows the preference of observed and simulated streamflow from SWATand RF for ASB. For upper
ADRB (SDRB), the mean values of NSE for calibration are 0.82 (0.78) and 0.92 (0.87) for SWAT and RF,
respectively. Similarly, for validation, the mean values are 0.80 (0.69) and 0.76 (0.67). It demonstrates that
the RF and SWAT are feasible for the streamflow simulation in upper ADRB.
The effectiveness of RF models for five sub-basins of ASB (upper/lower ADRB, and upper/middle/lower

SDRB) is also presented in Figure S2 and Table S2. For validation, RF performs better for ADRB compared
with SDRB, with average NSE values of 0.75±0.03, 0.75±0.01, 0.68±0.02, 0.68±0.02, and 0.68±0.01 for
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each sub-basin, respectively. The satisfactory performance of RF suggests that it effectively captures the
relationship between streamflow and its predictors, including snow-related, meteorological, and anthro-
pogenic factors. Additionally, the parameters SMFMX and SFTMP, which are related to snow melt, are
found to be sensitive for the SWAT model (Figures S5 and S6). The simulation results from SWAT and RF
can be used as a reference for adjusting SWAT parameters or selecting modeling factors for RF.
The degradation in performance of SWAT for validation is considerably lower compared with RF. Given

Figure 1 The framework of RFCFA method.
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that all types of data sets are adequate, it is expected that the performance of SWAT is superior to RF.
Consequently, streamflow prediction based on SWAT is more reliable. This limitation hampers the reservoir
module of SWAT in accurately estimating reservoir releases and ultimate streamflow. For the plain areas of
middle and lower ASB, the absence of detailed datasets of reservoir operation and pre-defined stream may
lead to SWAT losing its ability to simulate streamflow and assess water resources. Data-driven models, such
as RF, possess the advantage of flexible modeling, which helps mitigate the problem of data sparsity
encountered in streamflow simulation. In addition, for the middle and lower ASB, the reservoir operation
data provided by ISIMIP (although it does not meet the input requirements of the SWAT reservoir module)
can be incorporated into the RF modeling. Assuming that the impact of the reservoir on streamflow has

Figure 2 Comparison of simulated streamflow of RF and SWAT for upper Amu Darya River basin (ADRB) and the Syr Darya River basin
(SDRB).
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remained relatively unchanged, RF can be considered a viable alternative method for hydrological simulation
and can provide valuable data support for analyzing HD.

HD and MD under climate change

Figure S7 presents that, in the spring, the correlation between snowmelt and runoff is stronger in the upper
ADRB (R=0.69) compared with the upper SDRB (R=0.55). This indicates that snowmelt has a more direct
and consistent impact on runoff in the upper ADRB region. In other seasons, the correlation between the
snowmelt index and the runoff index is stronger overall. The R value for the upper ADRB is 0.72, indicating a
closer relationship, while the R value for the upper SDRB is 0.34, suggesting a weaker correlation. By
examining the probability density function diagram, we can observe that there is some overlap between the
SSI for runoff and SSI for snowmelt distributions in both the upper ADRB and upper SDRB, but there are
also noticeable differences. This suggests that although snowmelt affects runoff in both regions, the specific
pattern of these effects may vary. Figure 3 and Table S5 present the historical and future trends of indicators
for MD and HD. In the historical period, the decreases of short-term (i.e., time scale n of one or three months)
SPIn and SSI series were mostly not significant for each sub-basin. However, the historical relatively long-
term (i.e., time scale n of six or one year) SPIn series showed a positive trend for lower ADRB and the entire
SDRB, with average values of 0.0043/month, 0.0034/month, 0.0036/month, and 0.0032/month, respectively.
This indicates a gradual increase in wet meteorological conditions for these regions over time. Compared
with the historical results, the future SPIn series would be projected to have mostly accelerated growth trends
under SSP5-8.5, with average values of 0.0038/month, 0.0006/month, 0.0026/month, 0.0023/month, and
0.0024/month for the five sub-basins (upper ADRB, lower ADRB, upper SDRB, middle SDRB, and lower
SDRB). Similar results can be observed for the SSI series, suggesting that both HD and MD will be relieved
compared with historical values. Figure 4 illustrates the higher ratios of months when MD and HD occur
(SSI-1 or SSP-n < −0.5) during the historical period. For example, the historical ratio for HD was 34.2%, and
the future values are projected to be 31.4% and 30.9% under SSP1-2.6 and SSP5-8.5 for ASB, respectively.
This implies that the occurrence of meteorological and HD will be less frequent in the future. The results
align with previous research and can be attributed to increased precipitation due to climate change [17].
However, adapting to the drought hazards remains a primary ecological and social challenge for ASB.

Drought propagation and impact factors

Figure 5 presents the varying annual propagation between MD and HD. In the historical period, the pro-
pagation probabilities for five sub-basins were 32.5%, 32.3%, 31.6%, 32.5%, and 32.3%, respectively. As the
MD time scale grew, the propagation probabilities decreased by 1.5% and 1.8% for ADRB and SDRB,
respectively. This indicates that short-term (one month) MD had slightly higher effects on HD risk than long-
term (12 months) ones in the historical period. As the MD severities developed, the propagation between MD
and HD increased by 1.8% and 1.5% for ADRB and SDRB, respectively. Overall, the difference in HD
conditional probabilities among sub-basins was not distinct, suggesting relatively homogeneous drought
propagation between MD and HD in the historical period for the Aral Sea Basin. The future mean propa-
gation probabilities would be 38.1% and 40.4% under SSP1-2.6 for ADRB and SDRB, respectively.
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Figure 3 Temporal variation in meteorological and hydrological droughts at monthly scales for Aral Sea Basin during 1950–2099.
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Figure 4 The ratios of the months when droughts occur during 1950–2099 for Amu Darya River basin (A, B) and the Syr Darya River
basin (C–E), and their relative change between future and historical periods (F).
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Meanwhile, the future propagation between MD and HD would be higher than historical ones, with an
average increase of 5.6% and 9.7% under SSP5-8.5 for ADRB and SDRB, respectively. It is noteworthy that
this result is consistent with the previous study and revealed the intensification of drought propagation
between MD and HD under climate change [17]. The HD conditional probabilities would decrease with the
MD time scale growing, especially for the upper and middle sub-basins. For example, the propagation
between MD and HD would decrease by 10.1% and 17.2% under SSP5-8.5 for upper ADRB and upper
SDRB, respectively. This result revealed that the risks from HD and short-term scale MD had strong linkages
for upper and middle basins. The higher probability of HD would occur synchronously with the aggravation
of MD severities, with increases of 7.5% and 10.1% under the SSP5-8.5 for ADRB and SDRB, respectively.
These findings not only enhance our understanding of drought propagation mechanisms, but also have
practical implications for improving and supplementing drought predictions. The variations in propagation
probabilities across different spatiotemporal scales (e.g., 3 and 6 months) can assist decision makers in
assessing future hydrological drought risks based on the severity of meteorological droughts in the past. This
information can support hydrological drought prediction and drought disaster prevention.

Figure 5 Comparison of annual propagation probability for Aral Sea Basin (H) and its sub-basins (A–G).
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Meteorological conditions are typical natural factors affecting drought propagation. Figure 6 shows that, in
spring, the higher propagation betweenMD and HDwould be obtained under SSP1-2.6 rather than SSP5-8.5,
with the mean values of 33.4%, 31.7%, 43.6%, 39.8%, and 32.7 for five sub-basins. This could be attributed
to the fact that the higher temperature projected under SSP5-8.5 would result in an 11% increase in glacier/
snow meltwater, which would help alleviate the water shortage experienced in spring for ASB. Overall, the
average climate conditions can significantly influence the hydrological cycle by affecting water transport and
terrestrial water storage dynamics. Consequently, these factors can impact the propagation of droughts.
Previous studies have shown that the propagation from MD to HD occurs slower in dry and continental
climates [41]. Similar patterns have been observed in regional studies. In some arid or semiarid regions,
relatively low and irregular rainfall leads to extended dry periods and limited water storage. As a result, HD
tends to be influenced by long-term precipitation patterns and it should get more attention [7].
Human activities (e.g., reservoir operation) are also important factors affecting drought propagation. Figure

6 also presents that the highest seasonal future drought propagation probabilities would be obtained in
autumn, with ADRB and SDRB having percentages of 44.5% and 46.2%, respectively. The seasonal future
propagation probabilities are expected to be higher than historical ones, particularly in autumn. Under SSP5-
8.5, these probabilities would increase by 3.2%, 9.7%, 14.0%, and 4.5% in the four seasons for ASB. When
comparing with the historical results, the greatest decrease in seasonal future propagation between MD and
HD is observed in autumn as the MD time scale increases, with values of 12.9% and 14.1% for ADRB and
SDRB, respectively. Similarly, the greatest increase in seasonal future propagation between MD and HD is
seen in autumn as MD severities worsen, with values of 13.7% and 14.8% for ADRB and SDRB, respec-
tively. These findings indicate that the impacts of future short-term regional meteorological conditions on HD
will be significantly amplified in autumn. It has been found that reservoir operation can reduce the frequency
and magnitude of drought, indicating positive effects in managing drought [42]. Previous studies have shown

Figure 6 Comparison of seasonal propagation probability under SSP1-2.6 (A) and SSP5-8.5 (B).
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that if reservoirs are operated to increase water availability during dry periods in a specific basin or location,
the duration and severity of HD can be decreased [43]. During dry periods, if the stored water resources in
reservoirs are used by upstream areas for industrial, agricultural, and domestic demands, it can exacerbate
water shortage downstream prolong the duration, and intensify the severity of HD [44]. Therefore, it is
crucial to pay more attention to meteorological/hydrological monitoring of major rivers during autumn.
Additionally, the determination of the reservoir storage period should take these results into consideration.
Catchment characteristics, including slope, elevation, Land Use and Land Cover Change (LUCC), and land

use, play an important role in the propagation of HD. The runoff coefficient is a key factor that characterizes
these characteristics. Figure 7 demonstrates that the average annual runoff coefficient in the upper ASB is
significantly higher (0.49) compared with the middle and lower ASB (0.14) under SSP5-8.5. This difference
can be attributed to the mountainous areas in the upper ASB, which receive abundant precipitation and have

Figure 7 Mean runoff coefficient for different periods (A–C) and its relationship (D) with propagation probability.
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steep terrain, facilitating the generation and confluence of runoff. On the other hand, the middle and lower
ASB have flat terrain and limited precipitation, resulting in a scarcity of runoff and significant dissipation.
Additionally, Figure 7 depicts the relationship between the mean annual runoff coefficient and propagation
probability. It is observed that both variables exhibit similar variation patterns across different geographical
locations. This pattern is influenced not only by elevation and terrain characteristics, as mentioned earlier, but
also by the impact of LUCC on drought propagation. In the mountainous areas of upper ASB, there are
extensive forests, while the lower sub-basins primarily consist of grassland and desert. The type of land cover
plays a role in the propagation of drought by affecting water dissipation. For example, increased vegetation
can lead to enhanced rainfall interception and plant leaf transpiration, which can reduce river flow. Changes
in vegetation also impact the partitioning of precipitation or water deficit into surface water, which in turn
affects water resource generation. The effect of vegetation coverage on meteorological and HD depends on
the type of vegetation, with forests consuming more water compared with grass or shrubs. Previous studies
have highlighted the influence of vegetation changes on the relationship between MD and HD [45].
Therefore, it is important to improve drought warming that conducting meteorological and hydrological
observations in the alpine forest coverage area within the runoff-producing region of the river basin.
Irrigation is also a significant factor that influences drought propagation. Within the five sub-basins,

noticeable geographic variations in future propagation between MD and HD are observed across the four
seasons, particularly in summer and autumn (Figure 6). For instance, during summer, the propagation
between MD and HD for upper ADRB would be 1.6 times higher (50.2%) compared with the lower ADRB
(32.7%), while the values for upper SDRB (51.5%) would be 1.5 times higher than the lower SDRB (34.6%).
This can be attributed to the high evapotranspiration rates in summer, which result in significant water
resource consumption. Additionally, there is a greater demand for irrigation water in the middle of the
growing season. In other words, the combination of meteorological conditions and agricultural irrigation
contributes to the relatively higher future propagation between MD and HD in the upper sub-basins during
summer. Irrigation from groundwater withdrawals can affect groundwater levels and soil moisture content
through irrigation return flows, thereby influencing drought propagation [46]. Previous studies have explored
the aggregated hydrological drought resulting from irrigation at regional and global scales [47]. In-
corporating human activities into hydrological model simulations is an important approach to quantifying the
impacts of irrigation or reservoir operation. However, previous studies on irrigation impacts on drought
propagation have been limited in their quantitative evaluation of the impacts due to the low accessibility of
irrigation data. They are often qualitative or combined with other human activities. Thus, policymakers
should promptly devise effective measures to combat drought in response to these findings.

Uncertainty analysis

Figure 8A–H presents the FA results in future periods (2015s to 2099s). For upper ADRB, the primary
uncertainty source comes from GCM, with contribution rates of 54%. For upper and middle SDRB, the main
source is time scales of MD (TSM) with contribution rates of 36% and 54%, respectively. For lower ADRB
and SDRB, the interactions dominate the uncertainty of drought propagation between MD and HD, with
contribution percentages of 66% and 58%. In contrast, the future scenario (FS) is the minor uncertainty
source for all basins, with contribution percentages of less than 5%. The results indicate that the short-term
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MD effects of the year make a greater impact on annual HD risk than the long-term effects of FSs.
Meanwhile, the significant effect of interactions on uncertainty demonstrates the anthropic, climatic, and
hydrological factors are associated closely with the drought risk propagation for the lower Aral Sea Basin,
and all these factors should be considered in drought risk assessment research.
Figure 8A–H provides the seasonal uncertainty analysis results. The main uncertainty sources for most sub-

basins of ADRB and SDRB vary in different seasons, implying that the impacts of factors on uncertainty are
complex in a year. For the middle SDRB, TSM is the primary source in four seasons with an average
contribution rate of 42%. This result illustrates the short-term precedent that MD has a major influence on
HD risk. It is noteworthy that GCM is always the prominent uncertainty source for upper ADRB, with the
contribution of 56%, 30%, 26%, 38%, and 76% to the annual and seasonal results, respectively. Generally,
GCM is the important uncertainty source for ASB at annual and seasonal scales, with contribution ratios of
19%, 21%, 36%, 16%, and 36%, respectively. This result demonstrates that climate change has significant
impacts on the uncertainty of drought propagation between MD and HD, and the impacts would be highest in
the summer. GCM was found as the dominant uncertainty source in the previous studies, and it highlights the
importance of ensemble projection based on multiple GCMs datasets for the research on the projection of
drought propagation under climate change [48–50]. Severitie of MD (SM) is a notable uncertainty source for
the Aral Sea Basin, especially in upper SDRB with an average contribution rate of 26%. This finding
indicates that regional meteorological conditions would exert a markable influence on HD risk for upper
SDRB. Being similar to the annual results, the interaction is a noteworthy uncertainty source, with average
contribution rates of 22%, 33%, 25%, 24%, and 44% for five sub-basins, respectively. Figure 8I–K presents
the complex response of drought propagation between MD and HD to the interaction between FS and SM,
FS, and GCM, as well as FS and TSM. For instance, propagation between MD and HD would get their peak
value of 45% when FS is SSP5-8.5 and SM is at the extreme level. This indicates the interactions between
factors have effect impacts on propagation probability.

CONCLUSIONS

In this study, a random-forest-copula-factorial analysis (RFCFA) method has been developed to predict the
drought propagation characteristics and quantify uncertainty in data-scarce watersheds. RFCFA incorporates
RF, copula function, and FA within a general framework. RFCFA is applied to ASB for various seasons to
unveil the mechanism of drought propagation and the impact of multiple uncertainty sources.
The main findings are as follows: (1) RF is robust for streamflow simulation and a suitable alternative

method for SWAT in data-scarce watersheds. (2) The future HD and MD would be relieved under SSP1-2.6
and SSP5-8.5. (3) The future mean annual propagation probability would have an increase of about 8% above
historical levels. (4) Drought propagation is mainly affected by mean climate condition, catchment char-
acteristics (i.e., elevation, LUCC, slope), and human activities (i.e., irrigation and reservoir operation). (5)
GCM is the important uncertainty source for ASB at annual and seasonal scales.
Overall, this study illustrates that RFCFA is an appropriate method for analyzing drought propagation in

data-scarce watersheds under climate change. The findings of this study can enhance understanding of
drought propagation mechanism and provide support for future drought warning and mitigation strategies.
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However, several limitations exist in this study including: (1) The impact of data uncertainty resulting from
the limited number of samples in the observed GRDC data is not investigated. (2) The lack of publicly
available data sets on human activities (e.g., reservoir operation, irrigation, and LUCC) hinders the quan-
tification of their role in drought propagation. (3) The physical mechanisms involved in the propagation of
drought remain unclear.

METHODOLOGY

Development of RFCFA

The framework of RFCFA is presented in Figure 1. Two drought indices (SPI and SSI) are used to identify
MD and HD. RF is adopted to simulate and predict the streamflow. Copula is employed to model the
dependence structure between MD and HD. FA is employed to quantify the uncertainty of the drought
propagation arising from multiple sources.
RF is an ensemble technique that utilizes multiple decision trees trained through bootstrap aggregating

[51]. RF offers the advantage of generating reasonable predictions without requiring hyper-parameter tuning
and mitigating overfitting issues commonly observed in decision trees [52–54]. To ensure the universality of
RF models, the historical datasets, including observed streamflow datasets of global runoff data center
(GRDC), GCMs datasets from Coupled Model Intercomparison Project Phase 6 (CMIP6) and, Inter-Sectoral
Impact Model Intercomparison Project (ISIMIP) are divided into two subsets by random sampling: The
subset containing 70% of the data is used to calibrate the model, and the subset containing the remaining 30%
data is used for validation. The predictors include two snow-related factors (i.e., surface snow melt, surface
snow amount), three meteorological factors (i.e., near-surface air temperature, precipitation, and evapora-
tion), and two anthropogenic (i.e., reservoir storage, potential irrigation water withdrawal) (Figure S1). The
hydrological data utilizes GRDC observed datasets, and the datasets of predictors utilize the time series of
raster averages within the shapefile data range for each sub-basin.
RF is trained for five sub-basins separately. The trained models are then used to predict future streamflow

(from 2015 to 2099) under SSP1-2.6 and SSP5-8.5. Finally, the SSI series are calculated from historical and
simulated streamflow results. To assess the effectiveness of RF for hydrological simulation in ASB and
compare its performance with physically based hydrological models (such as SWAT) in data-scarce wa-
tersheds, this study conducted hydrological simulations for upper ASB using both SWAT and RF models.
More detailed information can be found in Figures S2 and S3, and Tables S3 and S4.
The indicator of meteorological drought that the SPI has the advantage of being applied on different

timescales (n), which allows for the consideration of past impacts of drought in calculation. Building on the
concept of SPI, the SSI is introduced as an indicator of hydrological drought [55]. The gamma probability
density function is a suitable model for describing the distribution of water cycle variables, including
streamflow and precipitation [56]:

g x x e x( ) =  1
( ) , >  0 (1)

x 1

where Γ(α) is the gamma function; x represents the accumulation of a variable. The SSI (timescale n is
1 month) and SPIn (timescale n = 1, 3, 6,12 months) are introduced to assess the drought propagation between
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MD and HD. The selection of time scales for meteorological and hydrological drought Indexes refers to
previous studies [57–59]. This strategy is useful for studying drought propagation at different lag times based
on meteorological drought indices at different time scales. The drought indicators that each SSI and SPIn
series are classified into four classes: mild drought (−0.5<SPIn≤−1), moderate drought (−1.5<SPIn≤−1),
severe drought (−2<SPIn≤−1.5), and extreme drought (SPI n≤−2) [60]. Similarly, an SSI-1 value less than
−0.5 is considered a signal for HD.
The dependence structure of each SSI and its SPI nmonthly time series is modeled by the copula functions.

Let SSI and SPIn be two discrete random variables with marginal distributions FSPIn (spi) and FSSI (ssi),
respectively, on the interval [0,1], their joint probability distribution FSPIn ,SSI (spi, ssi) satisfies the following
copula function C in Eq. (2), as follows [61]:

P SPI spi SSI ssi F spi ssi C F spi F ssi( , ) = ( , ) = [ ( ), ( )], (2)n SPI SSI SPI SSI,n n

where FSPIn (spi) and FSSI (ssi) are cumulative distribution functions (CDFs) for bivariate variables SPI-1 and
SSI-1 (Figure S8).
Six copula functions from two copula families, including the elliptical copula and the Archimedean copula,

are selected as the candidate model for calculating the joint distribution of SPIn and SSI (Table S2). The
bivariate copula C(u, v) function is expressed as

C u v u v( , ) = ( ( ), ( )), (3)1

where C(u, v) is the copula function, φ denotes the convex function, and u and v represent the SPIn and SSI.
According to the joint distribution formulated by the best-fit copula functions, the conditional probabilities of
HD occurrences under different severities (mild, moderate, severe, and extreme) and time scales of MD can
be formulated respectively as follows:

P SSI SPI n P SPI SSI
P SPI

F F
F F

( < 0.5 | 1 < 0.5) = ( 1 < 0.5, < 0.5)
( 1 < 0.5)

=
( 0.5, 0.5) ( 1, 0.5)

( 0.5) ( 1) , (4)

n

n

SPI SSI SPI SSI

SPI SPI

, ,n n

n n

P SSI SPI P SPI SSI
P SPI

F F
F F

( < 0.5 | 1.5 < 1) = ( 1.5 < 1, < 0.5)
( 1.5 < 1)

=
( 1, 0.5) ( 1.5, 0.5)

( 1) ( 1.5) , (5)

n
n

n

SPI SSI SPI SSI

SPI SPI

, ,n n

n n

P SSI SPI P SPI SSI
P SPI

F F
F F

( < 0.5 | 2 < 1.5) = ( 2 < 1.5, < 0.5)
( 2 < 1.5)

=
( 1.5, 0.5) ( 2, 0.5)

( 1.5) ( 2) , (6)

n
n

n

SPI SSI SPI SSI

SPI SPI

, ,n n

n n

P SSI SPI P SPI SSI
P SPI

F
F

( < 0.5 | 2) = ( 2, < 0.5)
( 2)

=
( 2, 0.5)

( 2) . (7)

n
n

n

SPI SSI

SPI

,n

n

The conditional probabilities of HD under the given MD drought severities and time scales are defined as
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the drought propagation between MD and HD. To estimate the uncertainty of drought propagation between
MD and HD, modeling chains are analyzed by factorial analysis, which consists of two FSs, three GCMs,
four SMs, and four TSMs. Based on many experimental samples, the change in the effect of drought
propagation Δyi,j,k,l is assumed to follow the following model [62]:

y µ F G S T I= + + + + + (8)i j k l i j k l i j k l, , , , , ,

where μ represents the mean change of the propagation probabilities; Fi, Gj, Sk, and Tl represent the effects on
the drought propagation between MD and HD of the ith FS, the jth GCM, the kth SM, and lth TSM,
respectively; Ii,j,k,l represents the sum of the effects due to the interactions between different sources. The
total variance (overall uncertainty, VT) can be decomposed into contributions from different sources as
follows:

VT=VF+VG+VS+VT +VI +VI +VI +VI +VI +VI +VI +VI +VI +VI , (9)FG FS FT GS GT ST FGS FGT FST GST FGST

where VF, VG, VS, and VT represent the variance contributed by the effects of FSs, GCMs, SMs, and TSMs,
respectively; and VIFG, VIFS, VIFT, VIGS, VIGT, VIST, and VIFGST represent the variance from interaction effects
between FS-GCM, FS-SM, FS-TSM, GCM-TSM, SM-TSM, FS-GCM-SM, FS-GCM-TSM, FS-SM-TSM,
GCM-SM-TSM, and FS-GCM-SM-TSM, respectively. By dividing the variance from different sources by
the total variance, the fractional contributions of different sources to the overall uncertainty can be obtained.

Case study and data

The RFCFA method is used to predict drought propagation in the Aral Sea Basin (ASB), which spans an area
(35°9′–47°48′N, 55°35′–77°42′E) of about 1.8 million km2 in Kazakhstan, Uzbekistan, Turkmenistan,
Kyrgyzstan, and Tajikistan. The ASB has a typical temperate continental climate and a fragile ecosystem
influenced by the Siberian High. The main water sources for rivers in ASB are precipitation and glacier/snow
meltwater from mountainous regions. Additionally, the annual evaporation in this region is as high as
1700 mm [63]. The ASB is divided into the Amu Darya River basin (ADRB) and the Syr Darya River basin
(SDRB), covering areas of 860,000 and 550,000 km2, respectively (Figure 1). The annual precipitation in the
eastern and southeastern high mountainous regions ranges from 1000 to 3000 mm, while the rainfall on the
southern and southwestern slopes of these mountains varies between 600 and 800 mm. In contrast, the
lowlands and valleys receive an annual rainfall of 80–200 mm [64]. The annual snowmelt water volume is
estimated to be approximately 53.3 km3 for the SDRB and 60.1 km3 for the ADRB. Furthermore, glaciers
contribute to about 2% and 8% of the total annual water volume in the SDRB and ADRB, respectively [65].
The proportion of snow/glacier meltwater is approximately 64% and 62% for SDRB and ADRB, respectively
[65]. The water supply of the Aral Sea and local agricultural irrigation rely heavily on the runoff from two
major sources. Drought disasters have been occurring frequently in ASB [66]. Due to limited observational
and predictive data, there has been little research on the propagation between MD and HD for ASB.
Therefore, it is crucial to investigate the drought propagation between MD and HD, reveal the main factors
affecting drought propagation, as well as analyze the climate change impact. Considering the catchment area,
the ASB is classified into five sub-basins, including the upper and lower ADRB, as well as the upper, middle,
and lower SDRB.
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In this study, we focused on meteorological and hydrological drought by predicting and analyzing SPI and
SSI. SPI is calculated from historical and future precipitation datasets from GCMs datasets (Table S1). The
historical SSI is calculated from the Global Runoff Data Center (https://www.bafg.de), and the future SSI is
calculated from the streamflow projected by random forest. To train RF models, seven monthly meteor-
ological, snow-related, and anthropogenic factors are chosen as the predictors to predict streamflow (Table
S1). The reason for choosing these factors is mainly based on the runoff-producing mechanism. The me-
teorological and snow-related factors are derived from GCMs datasets of the Coupled Model Inter-
comparison Project (CMIP6, https://esgf-node.llnl.gov/search/cmip6/) datasets archive [67]. Based on the
Global Land Data Assimilation System (GLDAS, https://disc.gsfc.nasa.gov/) Noah Land Surface Model L4
V2.0 reanalysis dataset, The GCMs datasets for three variables (temperature, precipitation, and evaporation)
are corrected by quantile mapping with the assumption that the relationship will be maintained for the future
[68,69]. Meanwhile, anthropogenic factors are obtained from the two datasets (i.e., WaterGAP2 and H08)
from Inter-Sectoral Impact Model Intercomparison Project (ISIMIP, https://www.isimip.org//) datasets ar-
chive [70]. The datasets of CMIP6 and ISIMIP are commonly employed in previous studies, and they are
proven to be reliable [71–73]. Three GCMs datasets (i.e., GFDL-CM4, MIROC6, IPSL-CM6A-LR) are
chosen in this study, and the reason for selecting them is that the driver datasets of WaterGAP2 and H08 are
GFDL-ESM2M, IPSL-CM5A-LR, MIROC5, respectively. Besides, the scenarios for datasets of CMIP6 are
SSP1-2.6 and SSP5-8.5, and those for datasets of ISIMIP are RCP1.6 and RCP8.5.
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