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Abstract: Traditional univariate drought indices may not be sufficient to reflect comprehensive
information on drought. Therefore, this paper proposes a new composite drought index that can
comprehensively characterize meteorological and hydrological drought. In this study, the new
drought index was established by combining the standardized precipitation index (SPI) and the
standardized baseflow index (SBI) for the Jiaojiang River Basin (JRB) using the copula function. The
prediction model was established by training random forests on past data, and the driving force
behind the combined drought index was explored through the LIME algorithm. The results show
that the established composite drought index combines the advantages of SPI and SBI in drought
forecasting. The monthly and annual droughts in the JRB showed an increasing trend from 1991 to
2020, but the temporal characteristics of the changes in each subregion were different. The accuracies
of the trained random forest model for heavy drought in Baizhiao (BZA) and Shaduan (SD) stations
were 83% and 88%, respectively. Furthermore, the Local Interpretable Model-Agnostic Explanations
(LIME) interpretation identified the essential precipitation, baseflow, and evapotranspiration features
that affect drought. This study provides reliable and valid multivariate indicators for drought
monitoring and can be applied to drought prediction in other regions.

Keywords: composite drought index; baseflow; LIME algorithm; Jiaojiang River Basin

1. Introduction

As a global problem, drought poses a significant challenge to the development of
human societies. With the increase in global warming, the frequency of extreme weather
events worldwide has increased, which has led to a gradual increase in the frequency and
scope of droughts, posing a severe threat to agricultural production, economic development,
and social stability. Although China has a vast area and many rivers, its uneven spatial
distribution makes it a drought-prone country. According to statistics, the economic losses
caused by meteorological disasters account for about 50% of all natural disasters, and the
losses caused by droughts account for more than 50% of meteorological disasters [1]. To
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better understand and measure the characteristics of drought, scholars have adopted a
variety of drought indices, such as meteorological and hydrological indices, to assess and
compare droughts objectively. These drought indices not only help to measure the intensity,
duration, and frequency of drought occurrence but also provide a more comprehensive
assessment of its impacts on different areas and the degree of damage. Through the
comprehensive analysis of different indicators, scholars can more accurately grasp the
characteristics of drought and its impact on human society, which provides an important
basis for formulating strategies and measures to deal with drought.

Researchers have constructed different drought evaluation indices for different types
of droughts (meteorological drought, hydrological drought, agricultural drought, socio-
economic drought). For example, the Standardized Precipitation Evapotranspiration In-
dex (SPEI) [2] describes meteorological droughts, and the Standardized Streamflow Index
(SSI) [3] investigates hydrological droughts. However, because of the differences in drought-
inducing variables, a single drought index cannot comprehensively evaluate agricultural,
meteorological, hydrological, and socio-economic aspects [4–6]. Creating a comprehensive
drought index that includes multiple drought elements is necessary. Waseem et al. [7] pro-
posed a new multivariate drought evaluation method using entropy-weighted Euclidean
distance to create a composite drought index. Also, Huang et al. [8] combined SPI and SSI
and constructed another composite drought index using the entropy weighting method
in 2015. In addition, Liu et al. [9] proposed a comprehensive composite drought index by
applying the principal component analysis (PCA) method, which combined precipitation,
evapotranspiration, soil moisture, streamflow, and other hydrometeorological factors.

However, comprehensive drought indicators based on the assignment and fuzzy
synthesis methods have a certain subjective tendency when assigning weights, which
cannot process the data objectively and cause errors. The PCA method cannot reflect the
nonlinear relationship among the relevant variables. The copula function is a kind of
joint distribution that can construct the marginal distribution as an arbitrary distribution,
which can effectively describe the correlation among variables and has a wide range of
applications in hydrology and water resources [10–15]. Azhdari et al. [16] constructed
three composite hydrometeorological indices, including JDHMI-CCA, JDHMI-PCA, and
JDHMI-copula, using typical correlation analysis (CCA), principal component analysis
(PCA), and copula-based methods, and explored the mechanism of linear and nonlinear
methods in drought status assessment. Wang et al. [17] established a new meteorological
and hydrological drought index (MSDIP) using streamflow and precipitation as indicators.
However, factors such as precipitation intensity and duration can affect rapid changes
in streamflow, making it relatively unstable. Baseflow is more stable than streamflow
derived by long-term groundwater recharge, which is usually less affected by short-term
meteorological changes [18]. Odongo et al. [19] selected possible wet and dry conditions
in a study area based on SPI and SSI according to a weighted similarity metric. The
essential baseflow characteristics to replenish river flow during dry periods, SBI instead
of SSI, can better respond to hydrologic drought characteristics. Bazrkar and Chu [20]
improved hydrological drought identification by developing a new standardized base flow
index. Meresa et al. [21] explored the relationship between hydrological and meteorological
drought and watershed characteristics. They used the SPI, SPEI, SRI, and SBI to study
drought propagation under meteorological to hydrological drought conditions in nine
selected catchment areas of the Awash Basin in Ethiopia. Kwak et al. [22] used the SBI to
consider the dry and wet conditions of a dam and its storage capacity. In addition, many
studies [23–25] have demonstrated that baseflow can be used as a hydrological characteristic
factor to characterize hydrological drought conditions in a watershed. Therefore, this
study constructs a comprehensive index based on the copula function by constructing a
joint distribution function with precipitation and baseflow as marginal distributions. The
SPI is used to characterize meteorological droughts and the SBI is used to characterize
hydrological droughts so that the index can comprehensively characterize the joint features
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of meteorological droughts and hydrological droughts and improve the accuracy and
applicability of the composite drought index.

Meanwhile, with the development of computer intelligence technology, machine learn-
ing models have been applied to many fields, and the high accuracy of such models has
been proven. In meteorological and hydrological drought forecasting, the use of machine
learning models to construct regional meteorological and hydrological drought forecasting
models has made some progress. Compared with the traditional statistical regression meth-
ods, Support Vector Machine (SVM) [26], Back Propagation Neural Network (BPNN) [27],
eXtreme Gradient Boosting (XGBoost) [28], random forest (RF) [29,30], and other machine
learning algorithms have significant advantages in processing large-scale and multi-source
remote sensing data and have been gradually used in meteorological and hydrological fore-
casting. For example, Elbeltagi et al. [31] investigated the prediction accuracy of SPI-based
RF, Random Tree (RT), and Gaussian Process Regression (GPR-PUK kernel) models for
forecasting meteorological droughts in semi-arid regions. Lotfirad et al. [32] used an RF
model to demonstrate that the prediction accuracy of the SPI and SPEI can be improved by
increasing the time scale. It was also demonstrated that the SPEI is more capable than the
SPI in drought prediction. Zheng et al. [33] evaluated the predictive performance of random
forest models combined with artificial intelligence on a test set of four stocks using optimal
parameters. RF models are heavily used in several areas, such as hydrologic forecasting,
finance, and the environment. It is a more mature forecasting model. In this paper, using
the RF model to forecast regional drought ensures the accuracy of the prediction results
and the significance of each drought-affecting variable, as explained by the subsequent
LIME interpretation.

Therefore, the main objectives of this study are (1) to calculate the SPI and the SBI
based on the optimal marginal distribution function using precipitation and baseflow data;
(2) to introduce a new copula-based comprehensive drought index, which combines the
advantages of the SPI and the SBI and can simultaneously reflect both meteorological and
hydrological drought; (3) to assess the drought in the Jiaojiang River Basin (JRB) from
1991 to 2020 based on drought indices; and (4) to predict future droughts using a random
forest model and to develop a complex machine learning algorithm for the prediction of
droughts using the Local Interpretable Model-Agnostic Explanations (LIME) algorithm to
interpret the results of making complex machine learning model predictions.

2. Materials and Methods
2.1. Study Area and Dataset
2.1.1. Study Area

The Jiaojiang River Basin (JRB) is one of the eight important river basins in Zhejiang
Province. The JRB is located on the central coast of Zhejiang Province between 120◦17′6′ ′

and 121◦41′00′ ′ east longitude and 28◦32′2′ ′ and 29◦20′29′ ′ north latitude, with a watershed
area of 6603 km2 (Figure 1). The topography of the JRB slopes from west to east. The
west–central and northern Zhongshan Mountains are rolling, the coastal plain is embedded
with low hills, and the river channels are densely scattered.

2.1.2. Datasets

Twenty-two meteorological datasets and two hydrological datasets of observation
records in the JRB were obtained from the National Climate Center of the National Meteoro-
logical Administration of China (Figure 1). The records cover hydrologic information from
1991 to 2020. In this study, the JRB was divided into two sub-basins for analysis, including
the Yong’an Creek Basin (Shaduan station) and the Shifeng Creek Basin (Baizhiao station).
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Figure 1. Spatial distribution of meteorological and hydrological stations in the JRB.

2.2. Methods

The SPI (meteorological drought) and the SBI (hydrological drought) were selected
to construct a composite drought index using the Frank copula function to characterize
meteorological and hydrological drought. A random forest model was trained on the data
from 1991 to 2010 for the Shaduan (SD) and Baizhiao (BZA) stations to predict the composite
drought index from 2010 to 2021. Finally, the LIME algorithm was used to analyze the
composite drought index prediction results and interpret the importance of each input factor.
The characteristics of meteorological droughts transformed into hydrological droughts
were investigated. A flow chart of the methods used in this study is shown in Figure 2.
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2.2.1. Drought Index

The SPI was chosen as the meteorological drought index, which can quantitatively
characterize regional drought at different time scales [34]. The SPI considers that precipita-
tion obeys a skewed distribution and normalizes precipitation, which is a good prospect
for application [35,36]. The specific computational steps of the SPI are as follows:

f (x) =
1

βγΓ(γ)
xγ−1e−x/β (1)

where β > 0 and γ > 0 are scale and shape parameters, respectively. β and γ are estimated
by the linear method of moments. Γ(γ) is used to fit the cumulative precipitation series for
a given time scale.

The cumulative probability of the precipitation sequence x is:

F(x) =
∫

f (x)dx (2)

The standard normalization was performed as follows:

F(x < x0) =
1√
2π

∫
e−Z2/2dx (3)

The final SPI value was obtained as follows:

SPI = Z = S{t − (0.10328t + 0.802853)t + 2.515517
[(0.001308t + 0.189269)t + 1.432788]t + 1

} (4)

where t =
√

ln 1
F2 , and when F > 0.5, F = 0.5, S = 1. When F ≤ 0.5, S = 1.

The standardized baseflow index (SBI) was selected as the hydrological drought index.
The baseflow was selected from the digital filtering method of the Chapman Maxwell
(CM) [37] method for baseflow separation, which effectively solves the uncertainty problem
of baseflow when surface streamflow stops flowing. The calculation formula is:

Qb(i) =
a

2 − a
Qb(i−1) +

1 − a
2 − a

Qi (5)

where Qb(i) is the base flow rate at the moment, mm; Qb(i−1) is the base flow rate at the
moment, mm; Qi is the streamflow flow rate at the moment, mm; i is the time step, d; and a
is the receding water constant. The value can be obtained through a receding water analysis.
Usually, the empirical value is set to 0.925, as obtained by Nathan and McMahon [38] based
on the characterization of six watersheds in Germany and used for baseflow partitioning.
Considering the uncertainty in the empirical recession constants when applied to other
watersheds, estimating the recession constant values using the CM filtering method can
reduce the uncertainty in baseflow separation and thus improve accuracy. In this study,
we used the automated baseflow identification method developed by Cheng et al. [39] to
compute the receding water constants of watersheds and perform baseflow separation.

The SBI calculation method is similar to the SRI computation since the baseflow value
is acquired after the filtering method processes the streamflow data. The baseflow is
utilized in place of the streamflow to perform normalization calculations, and the baseflow
probability distribution type is chosen and standardized. The drought index is then split
into two categories, as indicated in Table 1.
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Table 1. Labeling of the aridity index divisions.

Degree of Aridity SPI Value SBI Value Composite Drought Index

No drought SPI ≥ −0.5 SBI ≥ −0.5 CDI ≥ −0.5
Normal drought −1 ≤ SPI < −0.5 −1 ≤ SBI < −0.5 −1 ≤ CDI < −0.5
Heavy drought SPI < −1 SBI < −1 CDI < −1

2.2.2. Run Theory

In this study, we choose the run theory [40] for the initial judgment of the drought
index time series, rejecting and fusing three-step identification to extract drought features.
The three thresholds set are R0 = 0, R1 = −0.5, and R2 = −1. The specific steps are as
follows: (1) Initial identification when the drought index is less than R1, then the initial
judgment of the month for drought is made, as shown in Figure 3a. (2) Elimination of
non-droughts, when the drought index of a month is between R1 and R2, and only this
month reaches this standard, it is recognized that the month is non-drought and is to be
eliminated, as shown in Figure 3b.

Water 2024, 16, x FOR PEER REVIEW 6 of 19 
 

 

where 𝑄() is the base flow rate at the moment, mm; 𝑄(ିଵ) is the base flow rate at the 
moment, mm; 𝑄 is the streamflow flow rate at the moment, mm; i is the time step, d; and 𝑎 is the receding water constant. The value can be obtained through a receding water 
analysis. Usually, the empirical value is set to 0.925, as obtained by Nathan and McMahon 
[38] based on the characterization of six watersheds in Germany and used for baseflow 
partitioning. Considering the uncertainty in the empirical recession constants when ap-
plied to other watersheds, estimating the recession constant values using the CM filtering 
method can reduce the uncertainty in baseflow separation and thus improve accuracy. In 
this study, we used the automated baseflow identification method developed by Cheng 
et al. [39] to compute the receding water constants of watersheds and perform baseflow 
separation. 

The SBI calculation method is similar to the SRI computation since the baseflow value 
is acquired after the filtering method processes the streamflow data. The baseflow is uti-
lized in place of the streamflow to perform normalization calculations, and the baseflow 
probability distribution type is chosen and standardized. The drought index is then split 
into two categories, as indicated in Table 1. 

Table 1. Labeling of the aridity index divisions. 

Degree of Aridity SPI Value SBI Value Composite Drought Index 
No drought 𝑆𝑃𝐼 ≥ −0.5 𝑆𝐵𝐼 ≥ −0.5 𝐶𝐷𝐼 ≥ −0.5 

Normal drought −1 ≤ 𝑆𝑃𝐼 < −0.5 −1 ≤ 𝑆𝐵𝐼 < −0.5 −1 ≤ 𝐶𝐷𝐼 < −0.5 
Heavy drought 𝑆𝑃𝐼 < −1 𝑆𝐵𝐼 < −1 𝐶𝐷𝐼 < −1 

2.2.2. Run Theory 
In this study, we choose the run theory [40] for the initial judgment of the drought 

index time series, rejecting and fusing three-step identification to extract drought features. 
The three thresholds set are 𝑅 = 0, 𝑅ଵ = −0.5, and 𝑅ଶ = −1. The specific steps are as fol-
lows: (1) Initial identification when the drought index is less than 𝑅ଵ, then the initial judg-
ment of the month for drought is made, as shown in Figure 3a. (2) Elimination of non-
droughts, when the drought index of a month is between 𝑅ଵ and 𝑅ଶ, and only this month 
reaches this standard, it is recognized that the month is non-drought and is to be elimi-
nated, as shown in Figure 3b. 

 
Figure 3. Schematic diagram of run theory. 𝑅, 𝑅ଵ, and 𝑅ଶ are the drought index equal to 0, −0.5, 
and −1, respectively. 

Figure 3. Schematic diagram of run theory. R0, R1, and R2 are the drought index equal to 0, −0.5,
and −1, respectively.

2.2.3. Theory of Two-Dimensional Copula Functions

The copula function is an important statistical tool for describing the distributional
relationships of multidimensional random variables. It is mainly used to model the joint
distribution function of random variables, which separates the marginal distribution from
dependence and makes the model more flexible. There are various types of copula functions,
and the common ones include Gaussian copula [41], t-distribution copula [42], Clayton
copula [43], and Frank copula [44]. Each type of copula corresponds to a different de-
pendence structure, so choosing an appropriate copula function is crucial for accurately
describing the dependence among variables. Among them, the Frank copula function
has a simple structure. It can be used to describe the symmetric correlation structure,
which applies to both positive and negative correlations and has no limitation on the
degree of correlation, and the variation in the upper and lower tails of the correlations
is not apparent [45]. Many drought studies have used the Frank copula function [46–48].
Therefore, this study chooses the Frank copula connecting function to construct the joint
distribution of precipitation and baseflow.
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According to Sklar’s theorem, let F and G be the marginal distribution functions of
the random variables x and y, respectively, and H be the joint distribution function, then
∀x, y ∈ R have copula function C such that:

H(x, y) = C(F(x), G(y)) (6)

If F and G are continuous, then C is unique.
The function was first proposed by Frank in 1979, and its expression is:

C(µ, υ) = −1
θ

ln[1 +
(e−θµ − 1)(e−θυ − 1)

e−θ − 1
], θ ∈ R (7)

The generated meta is as follows:

ϕθ(t) = ln[
(e−θt − 1)

e−θ − 1
], θ ∈ R (8)

where µ and υ are the marginal cumulative probabilities of the two variables, respectively,
and θ is a parameter. It can be obtained from the Kendal rank correlation coefficient τ:

τ = 1 − 4
θ
(D1(−θ)− 1) (9)

The first-order Debye function D1(θ) expression is:

D1(θ) =
1
θ

∫ θ

0

t
et − 1

dt (10)

2.2.4. Establishment of A Composite Drought Index

The precipitation and baseflow of the BZA and SD stations in the JRB are random
variables X and Y, respectively. Through the Pearson correlation coefficient method, the
correlation coefficients of precipitation and streamflow in each region were calculated
to be 0.7884 and 0.7506, which have solid correlations and can be used to construct the
joint distribution function. Where X and Y represent a particular value of precipitation
and baseflow in the plain and sandy section of Pak Chi, assuming that the corresponding
marginal distributions of the two random variables are F(x) and G(y), their joint distribution
P can be expressed by the cumulative joint probability p and copula function C as:

P(x ≤ X, y ≤ Y) = C[F(x), G(y)] = p (11)

Thus, the composite drought index is obtained from the joint distribution function:

Index = ϕ−1(p) (12)

where ϕ is the standard normal distribution.
Since meteorological droughts begin and end relatively quickly (because of a lack

of precipitation), hydrological droughts (because of insufficient streamflow) begin and
end with some delay in response to meteorological droughts. It is often the case that a
meteorological drought has already ended, and a hydrological drought has just begun.
This situation makes it difficult for decision-makers to formulate timely, rational, and
effective response strategies. The composite drought index (CDI) is a composite index
that characterizes both meteorological and hydrological droughts. It combines baseflow
and precipitation data to capture drought onset, the severity of drought conditions, and
drought duration. In this study, a similar approach to the SPI classification was used to
categorize the drought classes of the CDI, as shown in Table 1.

The CDI is particularly effective because it considers meteorological and hydrological
factors. Meteorological droughts are characterized by below-average precipitation, while
hydrological droughts are characterized by below-average surface water and groundwater
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levels. The CDI captures both factors and comprehensively describes drought conditions.
The CDI is an essential tool for drought monitoring and management. Identifying different
levels of drought severity can help policymakers and water managers make informed
decisions on water allocation and conservation measures. In addition, the CDI can be
used to track changes in drought conditions over time, thus providing early warning of
potential drought emergencies. Overall, the CDI represents a significant advance in drought
monitoring and management. It captures meteorological and hydrological factors to
provide a comprehensive picture of drought conditions and is a composite of meteorological
and hydrological indices [49].

2.2.5. Linear Regression Estimator

The linear regression method is used to estimate the slope. A positive slope value
indicates an increasing trend, while a negative value indicates a decreasing trend. The
linear regression line can be computed as follows:

y = ax + b (13)

where x and y are the explanatory variable and the dependent variable, respectively, while
a and b are the slope and intercept, respectively.

2.2.6. Mann–Kendall Trend Test

Most previous studies have assumed that sample data are serially independent. How-
ever, it is known that some hydrometeorological time series, such as water quality and flow
or rainfall time series, may exhibit serial correlation. In such cases, serial correlation affects
the ability of the Mann–Kendall (MK) [50] test to assess the significance of a trend because
Mann–Kendall and Theil–Sen cannot consider the AR (1) process for the time series.

The nonparametric MK test is the most widely used time series trend detection method.
If the total amount of data in the time series is denoted by N, the statistic S can be calculated:

S =
N−1

∑
i=1

N

∑
j=i+1

sgn
(
Yj − Yi

)
(14)

If the total amount of data in the time series is denoted by N, then the statistic is
as follows:

sgn(θ) =


+1 i f θ = Yj − Yi > 0

0 i f θ = Yj − Yi = 0

−1 i f θ = Yj − Yi < 0

(15)

A positive (negative) value of S indicates an upward (downward) trend. S is consid-
ered to be normally distributed when N ≥ 8, and its mean and variance can be computed
as follows:

E[S] = 0 (16)

var =
[N(N − 1)(2N + 5)− ∑n

i=1 tii(i − 1)(2i + 5)]
18

(17)

where ti indicates the amount of data in the ith tied group. Finally, the standardized test
statistics Z can be computed as follows:

Z =


(S − 1)/

√
var(S) S > 0

0 S = 0
(S + 1)/

√
var(S) S < 0

(18)

A positive value of Z indicates an increasing trend, while a negative value indicates
a decreasing trend. In this study, trends were tested with a significance level of α = 0.05.
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The null hypothesis of no trend was rejected if the absolute value of Z was more significant
than 1.96.

2.2.7. Random Forest

A random forest (RF) method was used to predict future drought conditions in the JRB,
based on an algorithm that Breiman proposed [51]. The method constructs a decision tree
for each sample by randomly selecting subsamples from the original sample multiple times
in a relaxed manner [52,53]. Then, the prediction results of multiple decision trees are com-
bined by averaging or voting to determine the final prediction result. Elbeltagi et al. [31]
predicted the accuracy of meteorological drought in semi-arid regions using the standard-
ized precipitation index (SPI) based on random forest (RF), random tree (RT), and Gaussian
process regression (GPR-PUK kernel) models. Zarei et al. [54] compared the ability of
six more commonly used drought indices in agricultural drought assessment using the
RF algorithm.

The composite drought index in this study was predicted using a typology to make
predictions for different levels of drought. In categorical analytics research, the complex
black-box nature makes it difficult for researchers to make sense of data insights and
model decisions [55]. Therefore, this study employs the LIME algorithm to interpret
the predicted results using LIME (Figure 4). Data storytelling, as a practical process
with an explanatory purpose, can help storytelling audiences understand the context and
reasons for generating model predictions, enabling an immersive user experience and deep
cognitive data. Introducing interpretability techniques into the data storytelling process
can enhance the explanatory effect of data stories, which can assist in decision-making.
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Figure 4. Structure of the drought story narrative.

Interpretable machine learning techniques offer a fresh approach to locating the data
story reversal point in the context of classification model prediction outcomes. Using
interpretable machine learning techniques, we may identify the critical components in the
decision-making process and better understand how a model makes a particular predic-
tion. This enables us to pinpoint pivotal moments within the data narrative, representing
significant characteristics or patterns that lead the algorithm to alter its forecasts.
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3. Results
3.1. Comprehensive Hydrometeorological Drought Characteristics
3.1.1. Establishment of Composite Index and Analysis of Its Trends

According to the streamflow of the BZA and SD hydrological stations in the JRB
from 1991 to 2020, the baseflow of the two stations was divided according to Equation (5).
Figure 5 shows that the fluctuation intensities in the baseflow after the division of the
two places are significantly reduced compared with the streamflow, indicating that the
baseflow is more stable than the streamflow, which is in line with the needs of this paper.
Subsequently, the SBI indices of the two sections were calculated based on the divided
torrent data. First, the hydrological drought index (SBI) and meteorological drought index
(SPI) were computed in this study. Then, a novel drought index based on copula was
suggested, capable of capturing both hydrological and meteorological drought. After that,
the superiority of the composite drought index was confirmed by contrasting the SPI, SBI,
and CDI on a monthly scale. The Frank copula parameter values for the BZA and SD basins
were determined to be 5.5160 and 4.1631, respectively.
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Figure 6 shows the SPI, SBI, and CDI of the JRB at the annual scale from 1991 to 2021.
The results of the linear fit for the CDI, SPI, and SBI on the annual scale are shown in
Figure 6. The results of the MK test are shown in Table 2. It can be found that the results
of the MK test are the same as those of the linear fitting, which proves the accuracy of the
trend change. The Pearson correlation coefficients of the composite drought index with
the SPI and SBI values passed the 95% confidence test, which indicates that the newly
constructed composite drought index has some reliability [56]. Figure 6 shows that the
aridity in the BZA area decreases year by year, but the aridity in the SD area increases
year by year. According to Figure 6, the fluctuation shapes of the CDI, SPI, and SBI are
similar, and when the SPI and SBI decrease, the CDI decreases at the same time, and when
the SPI and SBI increase, the CDI increases at the same time, which indicates that the
new CDI has very high accuracy and reliability in recognizing the two kinds of droughts,
namely, meteorological drought (SPI) and hydrological drought (SBI). The trend line in
Figure 6 indicates that when the SPI and SBI rise simultaneously, the CDI likewise rises
simultaneously. Similarly, the CDI falls when the SPI rises and the SBI falls, but its slope
is much smaller than the SBI. This indicates that the new CDI combines the two types of
drought indices rather than considering them as one single drought index, which can be
used to recognize drought more comprehensively.
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Table 2. Results of the MK test.

Station (Drought Index) Slope Z

SD(SPI) 0.0011 2.0561
SD(SBI) −0.0015 −2.7836
SD(CDI) −0.0002 −0.4896
BZA(SPI) 0.0011 2.028
BZA(SBI) 0.0007 1.417
BZA(CDI) 0.0011 1.9859

To make a more visual comparison, we intercepted the changes in the monthly SPI,
SBI, and CDI (1992–1998), as shown in Figure 7. Some differences in the three indices can be
observed when zooming in on the abscissa. From the inter-annual variation in the index in
Figure 7, it can be seen that droughts occurred more frequently and at higher drought levels
from 1992 to about 1998, and the same was valid from 1999 to about 2020. The droughts
captured by the drought index in this study are temporally consistent with the droughts that
historically occurred in the JRB [57], which suggests that the newly constructed drought index
has some accuracy. The CDI based on the Frank copula function constructed in this paper has
the advantages of reliability, sensitivity, and comprehensiveness. It can identify droughts more
comprehensively and issue early warnings, supporting drought detection and prevention.
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3.1.2. Mechanisms Underlying the Propagation of Meteorological Drought to
Hydrological Drought

The three thresholds are R0 = 0, R1 = −0.5, and R2 = −1 following the three-threshold
approach of the tour theory for a drought index time series for the first judgment, culling,
and fusion of the three-step identification and extraction of drought characteristics. Figure 8
displays the outcomes from 1995 to 1998. Concurrently, the tour theory was employed to
better comprehend the modifications in meteorological and hydrological drought attributes
following their dissemination. This aided in the identification of hydrological and meteoro-
logical drought occurrences, the extraction of drought intensity and ephemeral features,
and the analysis of the outcomes. The results showed that the duration of meteorological
and hydrological drought in the BZA station, as evaluated by the SPI and SBI, was 77 and
97 times, respectively. The meteorological droughts and hydrological droughts in the
SD station were 74 and 83 times, respectively. According to the CDI results, the drought
duration in the two stations was 150 and 150 times, respectively. Accordingly, the accuracy
of the composite drought index in the two stations was 75.3% and 73.3%, respectively.
Additionally, it may be inferred that hydrological droughts in the SD and BZA regions
occurred one month and 0.7 months behind meteorological droughts.
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3.2. Future Drought Prediction and Important Factor Identification
3.2.1. Drought Forecasting Performance

This study was based on the precipitation, baseflow, evaporation, El Niño Southern
Oscillation (ENSO), Atlantic Multidecadal Oscillation (AMO), Arctic Oscillation (AO),
North Atlantic Oscillation (NAO), Pacific Decadal Oscillation (PDO), Southern Oscillation
(SO), Indian Ocean Dipole (IOD), and composite drought index (CDI) at the BZA and SD
stations in the JRB during the period of 1991–2010. The composite drought index was also
predicted for 2011–2020. The results of the correlation calculation among the numerical
variables of the random forest model are shown in Figure 9. The correlation between the SO
and ENSO indices was more significant than 0.9 at the BZA and SD stations. The correlation
between the ENSO index and the other numerical variables was greater than that of the
SO index. The accuracy of the exercise results is shown in Table 3. Based on the results, it
can be seen that the trained model has vital prediction accuracy for no drought and heavy
drought, but the prediction accuracy for normal drought still needs to be strengthened.

Table 3. Prediction accuracy of the random forest models.

Categorization BZA SD

No drought 83% 75%
Normal drought 52% 63%
Heavy drought 83% 88%
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3.2.2. Important Factor Identification

The inversion point identification algorithm and implementation scheme proposed
in this paper apply to the subtype prediction results. For example, in drought forecasting,
the data values are compared with the thresholds of −0.5 and −1. An area has no drought
when the prediction result is more than −0.5. An area is in a normal drought when the
result is more than −1 and less than −0.5. When the prediction value is less than −1,
an area is in a heavy drought or above. This meets the needs of drought forecasting and
supports the inversion point identification algorithm for validating data storytelling.

The algorithm model was trained using various information characteristics such as
precipitation, baseflow, evapotranspiration, and the ENSO, AMO, AO, NAO, PDO, SO,
and IOD indices. The LIME algorithm model was then utilized to predict the classification
of drought, and the results were fed back to the decision maker for decision-making on
drought conditions. The classification results were characterized as “index ≥ −0.5” (no
drought), “−1 ≤ index < −0.5” (normal drought), and “index < −1” (heavy drought
and above).

Drought occurs in an area when the index is less than −0.5, which indicates a reversal
of the need for change and indicates that the characteristics of the value may alter the
outcomes. When the composite regional drought index is less than −0.5, the features
of the value can be altered. Each time a variable’s properties change inside the tale’s
structure, this can be considered data storytelling in the story point narrative. Figure 10
shows this process. In the development stage of data storytelling, which runs from story
point F0 to F2, the narrative progressively builds to a climax as one or more crucial feature
variables are changed. Based on the LIME algorithm, data storytelling interpretation
can be characterized in the following ways, as shown in Figure 10. The decision maker
continuously looks for the reversal moment, or the point in the story where the predictions
made by the model are overturned by altering the values of one or more features with
higher weights. This is performed using the LIME method to output the feature weights for
each prediction. Figure 11 displays the characteristic weights for every predicted outcome.
Precipitation, baseflow, and evaporation are the fundamental eigenvalues influencing the
impact of a drought.
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4. Discussion

Many new drought indices have been developed in past studies to monitor drought [58–60].
However, no comprehensive drought index is based on the copula function that combines
the SPI and SBI to construct a comprehensive drought index that simultaneously character-
izes meteorological and hydrological droughts. On this basis, a comprehensive drought
index based on the Frank copula is proposed to characterize JRB droughts comprehensively.
The trend line in Figure 6 reveals that the meteorological drought in the sand section has
decreased yearly, but the hydrological drought has increased yearly. The reason for this
phenomenon may be the faulty management of reservoirs because of the intensification of
extreme climate change caused by global warming. As shown in Figure 7, the composite
drought index can monitor the occurrence of meteorological drought, hydrological drought,
or both. In general, the onset of a drought is usually due to a persistent lack of rainfall,
so the SPI index is susceptible to capturing the onset of a drought. There is a delay in
the response of hydrological droughts to meteorological droughts because of complex
sink-producing processes, so the SBI effectively identifies the duration and end of droughts.

As shown in the first black rectangular boxes in Figure 7a,b, the moments when the
CDI and SPI values are less than −0.5 (considered to be the beginning of the drought) are
earlier relative to the SPI, which suggests that the CDI was comparable to the SPI in its
ability to capture the beginning of the drought. In addition, the composite drought index
appears to be similar to the SBI in terms of its capacity to detect the end of drought because
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the times at which the CDI and the SBI are more significant than −0.5 (the point at which the
drought is deemed to be over) occur later than the SPI. This is because the SPI was mainly
based on meteorological drought characteristics, which develop suddenly and rapidly. The
SBI was based on hydrological drought characteristics, with considerable delays and longer
durations. The third black rectangles in Figure 7a,b show that the CDI can include both the
beginning and the end of a drought, as captured by the SPI and the SBI. The CDI captures
the beginning of the SPI and the duration of the SBI during drought events. Furthermore,
as demonstrated by the variations in the three indices in the second black rectangular boxes
in Figure 7a,b, the CDI accurately depicted the beginning of the drought in both cases when
only a hydrological drought occurred and when no meteorological drought occurred. These
findings offer compelling evidence that the composite drought index, which incorporates
data on streamflow and precipitation, can accurately and sensitively identify the beginning,
middle, and end of a drought.

Therefore, we believe that the proposed composite index has practical applications.
Once the CDI detects a drought, practitioners, watershed managers, or agencies should
remain vigilant in warning and preventing possible droughts. In addition, the CDI was
significantly correlated with the SPI and the SBI (p < 0.05), indicating that the CDI has
good reliability. In addition, Hao and AghaKouchak [61] also compared the new composite
drought index with the SPI and the standardized soil moisture index by analyzing the
drought onset and propagation time they captured. They verified that the copula-based
composite drought index is reliable and has effective drought early warning capability. In
Figure 7, the green line representing the composite drought index is slightly lower than
the other lines, indicating that the conditions captured by the composite drought index
are more severe than those captured by the single-factor drought index. Without accurate
forecasts, people prefer predicted drought levels to be higher than actual levels, which is
more conducive to drought planning.

The number of hydrologic droughts at BZA is significantly higher than at SD, as
shown in Figure 8. This may be because the SD station controls 75% of the watershed,
whereas the BZA station controls only 40%. In addition, a random forest model was
trained on precipitation, baseflow, evapotranspiration, and the ENSO, AMO, AO, NAO,
PDO, SO, and IOD indices, which had a more accurate accuracy for no drought and heavy
drought conditions. The LIME model was then used to interpret the predictions of the
random forest to identify the leading causes of drought in the JRB region. The results
showed that precipitation, baseflow, and evapotranspiration most significantly impact the
JRB regional drought. This is consistent with the fact that precipitation, baseflow, and
evapotranspiration are all determinants of drought in each region and that the JRB is a
large and stable watershed, so it is less affected by factors such as ESNO, AMO, AO, NAO,
PDO, SO, and IOD.

There are some shortcomings in this study including the following: (1) only meteo-
rological and hydrological droughts are considered, and agricultural and socio-economic
droughts are excluded; (2) we validated the applicability of the Frank copula function in
the JRB but failed to establish a generalized method for constructing a composite drought
index; (3) there is still a need to improve the prediction accuracy of the random forest model
trained in this paper for predicting mild droughts compared to other scenarios; and (4) we
did not categorize the situation after a moderate drought, resulting in a lack of research on
the composite drought index for extreme drought situations. Furthermore, the propagation
mechanism from meteorological drought to hydrological drought was only considered on
the time scale. Therefore, the spatial propagation mechanism will be further studied.

5. Conclusions

This study constructs a new comprehensive drought index based on the copula func-
tion according to precipitation and baseflow, which can better characterize meteorological
and hydrological droughts. The random forest algorithm was used to predict drought,
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and the LIME algorithm was used to explain the importance of predictors. The following
conclusions were obtained:

(1) The CDI can comprehensively characterize meteorological and hydrological droughts,
providing reliable and powerful support for monitoring, prevention, control, and forecasting.

(2) From 1991 to 2020, the monthly and annual droughts in the BZA area of the JRB
region showed a decreasing trend, and the monthly and annual droughts in the SD area
showed an increasing trend. The subregions have different time-varying characteristics.
Most droughts occurred in the fall and winter, with mean CDI values of −0.447 and
−0.548 at the BZA and SD stations, respectively.

(3) The random forest model training results were accurate for no drought and heavy
drought, with average validation accuracies greater than 0.8 at the BZA and SD stations. The
LIME interpretation was used to find out the most important values of the characteristics
of drought impacts, such as precipitation, baseflow, and evaporation.
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