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Abstract: We developed a combined drought index to better monitor agricultural drought events. To
develop the index, different combinations of the temperature condition index, precipitation condition
index, vegetation condition index, soil moisture condition index, gross primary productivity, and
normalized difference water index were used to obtain a single drought severity index. To obtain more
effective results, a mesoscale hydrologic model was used to obtain soil moisture values. The SHapley
Additive exPlanations (SHAP) algorithm was used to calculate the weights for the combined index.
To provide input to the SHAP model, crop yield was predicted using a machine learning model, with
the training set yielding a correlation coefficient (R) of 0.8, while the test set values were calculated
to be 0.68. The representativeness of the new index in drought situations was compared with
established indices, including the Standardized Precipitation-Evapotranspiration Index (SPEI) and
the Self-Calibrated Palmer Drought Severity Index (scPDSI). The index showed the highest correlation
with an R-value of 0.82, followed by the SPEI with 0.7 and scPDSI with 0.48. This study contributes
a different perspective for effective detection of agricultural drought events. The integration of an
increased volume of data from remote sensing systems with technological advances could facilitate
the development of significantly more efficient agricultural drought monitoring systems.

Keywords: combined drought indices; SHAP; XGBoost; crop yield; agricultural drought

1. Introduction

Drought is a natural disaster characterized by insufficient water resources in a given
region to meet demand, typically associated with periods of low precipitation [1,2]. In
addition to the widely accepted simple definition, drought can also be described as a
complex process involving trends of soil moisture depletion, reduced streamflow, and
declining groundwater levels, often accompanied by increasing temperatures [3]. This
situation leads to negative impacts on ecosystems, agriculture, water resources, and human
life [4]. Drought can be classified in several ways: meteorological drought as a result of
periods of below-average precipitation [5]; hydrological drought, which occurs due to
reduced surface water flows [6]; agricultural drought, caused by insufficient soil moisture
to support normal crop development [7]; and socioeconomic drought, which affects human
lives and leads to economic disruption [8]. These are conventional classifications, but today
the terms flash drought, characterized by rapid onset and assessed on a 5-day basis [9],
and ecological drought, characterized by reduced water availability leading to reduced
vegetation activity (with consequent disruption of ecosystem services) [10,11], are also
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commonly used. Each of these types (except socioeconomic) is defined and assessed based
on specific hydroclimatic variables [12], while socioeconomic drought is related to local
water supply and monitors water demand through socioeconomic systems [13]. As a
natural disaster with increasing costs each year, drought has a significant and widespread
impact on many economic activities and people at any given time [14,15].

Due to its complex and nonlinear nature, the mathematical characterization of drought
events remains a substantial challenge. Dynamic drought processes are often simplified by
defining drought indices, which are simplified formulae derived by analyzing long-term
trends of variables like precipitation, evaporation, and temperature using statistical meth-
ods [16]. Drought indices, which can characterize drought in terms of duration, severity,
and intensity [17], are indispensable in drought assessment as they facilitate drought risk
analysis and monitoring by comparing current and future drought characteristics with
past events [18]. Some of the drought indices commonly used in the literature include
the Standardized Precipitation Index (SPI) [19], Standardized Precipitation Evapotran-
spiration Index (SPEI) [20], Palmer Drought Severity Index (PDSI) [21], Soil Moisture
Anomaly (SMA) [22], Evapotranspiration Deficit Index (ETDI) [23], Streamflow Drought
Index (SDI) [24], Enhanced Vegetation Index (EVI) [25], Normalized Difference Vegetation
Index (NDVI), Drought Reconnaissance Index (DRI) [26], Evaporative Demand Drought
Index (EDDI) [27], and Effective Drought Index (EDI) [28], all of which were designed with
different drought impacts in mind. These indices can represent a single class of drought,
while some can represent multiple classes of drought. For instance, SPI is commonly used to
define meteorological drought, SDI for hydrological drought, SMA for agricultural drought,
and PDSI for both meteorological and agricultural drought [29]. These indices may be
effective for describing particular drought features, but were not necessarily designed to
incorporate all drought impacts.

Drought indices can be classified as single, multivariate, or combined based on the
number of parameters they use. While single drought indices are easier to compute,
their success in reflecting drought conditions may be less than that of multivariate and
combined indices [30]. Multivariate indices are derived by combining different variables.
For example, the SPEI uses both precipitation and evapotranspiration values, while the
PDSI includes precipitation, temperature, and water-holding capacity of soil. Combined
drought indices (CDIs) are formed by merging several single drought indices to highlight
the multidimensional characteristics and multifaceted effects of drought [31], and, therefore,
may be of particular use for characterizing key drought impacts that single and multivariate
models may miss.

With the advancement of technology, there has been a significant increase in the
number of parameters measured at Earth’s surface. These measurements can be made
by both ground-based stations and remote sensing systems. In contrast to ground-based
measurements, remote sensing products (attempt to) provide continuous measurements in
both time and space, despite varying spatial, temporal, and spectral resolutions. The data
obtained from remote sensing systems, such as land surface temperature, precipitation, soil
moisture, and vegetation reflectance characteristics, have introduced numerous drought
indices into the literature. Some of the most commonly used indices include the Tempera-
ture Condition Index (TCI) [32], the Vegetation Condition Index (VCI) [32], the Normalized
Difference Water Index (NDWI) [33], and the Soil Moisture Condition Index (SMCI) [34],
all of which measure different physical phenomena. CDIs, derived from the combination
of these and/or other indices, play a critical role in the detection of agricultural drought
events [35]. One of the earliest examples of such combined indices is the Vegetation Health
Index (VHI), which combines the TCI and VCI [36]. Danodia et al. [37] conducted a study in
India using TCI, VCI, PCI, and SMCI values to calculate CDI values and found significant
positive relationships between CDI values and crop yield. Karimi et al. [38] used TCI, PCI,
Soil Water Index, and VCI inputs to calculate CDI for their drought analysis in Iran and
reported that the resulting CDI values better represented the 2008 and 2014 droughts than
SPI. In a study conducted in Niger, Houmma et al. [35] constructed a CDI index using
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Normalized Rainfall Efficiency Index, PCI, TCI, and smoothed vegetation index values.
They reported that the index had a high correlation with VHI and PDSI, thus providing
important information for agricultural drought monitoring. Li et al. [30] proposed a new
CDI index using PCI, TCI, and Evapotranspiration Condition Index values as inputs. They
found that the new index had a higher correlation with SPI-1, a one-month SPI, than the
individual indices. In addition, the proposed index showed a negative correlation with
drought affected/disaster area and net primary productivity.

In reviewing the literature on CDI studies, there are a limited number of studies using
gross primary productivity (GPP) and NDWI despite opportunities for integrating carbon
and other water-based metrics into drought indices. In Wei et al. [39], GPP was not used as
an input, but, rather, to validate the derived CDI. NDWI is sensitive to the water content of
the vegetation canopy [40], and numerous studies have shown that NDWI is effective in
monitoring agricultural drought [41,42]; for example, Delbart et al. [43] found that NDWI
was more responsive than NDVI to crop responses to drought. Similarly, in another study,
Olmos-Trujillo et al. [44] found that NDWI was more sensitive to agricultural drought
than NDVI in semiarid regions. The GPP, as a critical component of terrestrial ecosys-
tem productivity and surface carbon cycling, represents photosynthesis at the ecosystem
level [45]. Recent studies have highlighted the importance of the relationship between
drought and GPP [46–48]. The study by Pendergrass et al. [49] found that changes in
GPP should also be considered when examining the causes of regional meteorological and
agricultural droughts.

Most methods for creating a CDI derive a linear equation, with the optimal calcu-
lation of the equation’s coefficients being one of the main challenges. To address this
issue, Kogan [36] calculated the Vegetation Health Index by taking the arithmetic mean
of TCI and VCI, giving equal importance to both inputs. In their study, Hao et al. [50]
optimized the CDI equation weights through trial and error by assigning different weights
to the TCI, SMCI, and PCI indices. This trial-and-error method requires evaluating the
CDI values against a target. Zhang et al. [51] used seven different weighting scenarios in a
trial-and-error approach, with the PDSI, Z-index, and SPI as target variables to determine
the optimal scenario. In studies conducted without a target variable, researchers often
utilize methods such as principal component analysis (PCA) [52,53], entropy [54,55], and
analytic hierarchy process (AHP) [56,57]. In CDI calculations, PCA captures the common
variance of the single indices and creates principal components for analysis, assigning
weights to each single index. These weights are determined by each input’s contribution to
the principal components, with higher variance components receiving more weight. CDIs
based on PCA assume linearity among random variables, which can lead to information
loss post-analysis [58]. This linearity assumption can be problematic in drought studies
involving complex hydrological and meteorological systems with nonlinear characteris-
tics [59]. AHP methods, on the other hand, rely on expert opinions to weigh criteria. Some
disadvantages of this method include high computational requirements even for small
problems, a subjective nature that can depend on emotional judgments, and increased time
and effort required for additional pairwise comparisons [60].

A review of the CDI literature reveals that very few studies have used machine learn-
ing (ML) methods to calculate the weights of the equation. Of those that have employed ML,
Houmma et al. [61] used the random forest (RF) method to determine the weights of CDI
inputs. However, metrics used in the RF model, such as Gini impurity and permutation im-
portance, can be biased, especially for features with high cardinality (many categories). This
can inflate the importance of certain features, thereby leading to an inaccurate assessment
of their true contribution to the model [62].

Recently, methods have been developed to explain nonlinear relationships and work
alongside ML techniques to evaluate the power of inputs in predicting the output, taking
into account their intricate relationships. One of the most frequently used methods that
can adapt to almost any type of ML model is the SHapley Additive exPlanations (SHAP)
method. SHAP uses Shapley values from game theory, which are used to fairly deter-
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mine each player’s (in this case, the features in the model) contribution to a game (the
model’s prediction). A feature’s contribution to the model is calculated as the average of
its marginal contribution across all possible combinations. While random forest’s feature
importance ranks the general contributions across the entire model, it does not provide
local (individual prediction level) explanations. In contrast, SHAP provides individual
explanations for each prediction, allowing for a more detailed and fair understanding of
the model’s decisions [63].

The study aims to answer the following questions:

1. Does adding NDWI and GPP values improve CDI calculations?
2. How successful is the developed CDI in detecting agricultural drought?
3. What are the relationships between CDI, formed by different combinations of single

drought index indicators, and crop yield?
4. What is the nonlinear behavior of each input on the output?

To find answers to the questions listed above, this study aims to define a new CDI
that will reflect winter wheat yield values. In addition to the commonly used TCI, PCI,
VCI, and SMCI, the NDWI and GPP are included to calculate CDI values. To demonstrate
the effectiveness of including the CDI, the correlation coefficients between CDI and winter
wheat yield are calculated. This is intended to more accurately detect agricultural drought
events. Furthermore, high-resolution hydrological model outputs are used to obtain SMCI,
thus employing soil moisture values derived with the Mesoscale Hydrological Model
(mHM) instead of directly using satellite-derived soil moisture values, which were not
available across the study period. The SHAP method is used to determine the equation
weights for the CDI, and its effectiveness is evaluated by comparing it with PCA and
empirical method results. By using SHAP analysis to assess the nonlinear behavior of each
input variable (TCI, PCI, VCI, SMCI, NDWI, and GPP) on the CDI, we provide a deeper
understanding of how each individual index contributes to the overall CDI and its impact
on crop yield, revealing complex interactions and the relative importance of each input
variable. Furthermore, the developed index is compared against the widely used SPEI and
scPDSI to quantify differences and lend further insight into drought indices for agricultural
yield estimation.

2. Materials
2.1. Study Area

This study focuses on four of the most critical areas for Türkiye’s food security, namely,
Aksaray, Karaman, Konya, and Niğde, which are characterized by fertile soils and cover an
area of 54,908 km² [64]. These four regions are part of Türkiye’s driest interior zone, with
an average annual rainfall of 380 mm. The elevation of the study area ranges from 284 to
3583 m, with agricultural activities primarily conducted in the lower northern sections [65].
These provinces mainly practice rainfed agriculture for wheat. According to the annual
reports of the Turkish Statistical Institute (TUIK), approximately 70% of the region is
engaged in rainfed agriculture [66]. There are 49 administrative districts in these provinces;
we excluded districts with minimal agricultural land as indicated by land cover maps in the
present study. The list of districts included in the study and their statistical information is
presented in Table S1 and Figure 1b. The districts with limited or no cropland land areas are
excluded from the study area and labeled as “Unstudied” in Figure 1b. From the elevation
map, it is obvious that arable land is very limited due to topographical conditions.
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2.2. Data Description

The precipitation values used to calculate PCI were obtained from the Climate Hazards
Group InfraRed Precipitation with Station (CHIRPS) database [67]. CHIRPS is a widely
used precipitation dataset for climate data analysis and research. It contains global precipi-
tation estimates from 1981 to the present, available on daily, 10-day, and monthly bases.
The dataset is produced by combining two main data sources: satellite-based estimates
and ground station data. CHIRPS uses precipitation data provided by the U.S. National
Oceanic and Atmospheric Administration Climate Prediction Center and enhances satellite
estimates by incorporating precipitation data from thousands of ground stations world-
wide [68]. Due to the discrete nature of precipitation data, there can be challenges in
obtaining precipitation from remote sensing systems, which necessitates research on their
correlation with ground observations. Studies conducted specifically for Türkiye have
shown that monthly CHIRPS data have a high correlation with ground observations [69].
In addition, CHIRPS data used in drought studies specific to Türkiye have been verified to
produce satisfactory results by Aksu et al. [70] and Orieschnig and Cavus [71].

Land surface temperature (LST) and NDVI were obtained from the Moderate Resolu-
tion Imaging Spectroradiometer (MODIS) database for the calculation of TCI and VCI. In
addition, NDWI was also similarly obtained from MODIS. Launched in 1999 on the Terra
satellite and in 2002 on the Aqua satellite, both satellites scan the entire Earth’s surface every
1 to 2 days, collecting data in 36 spectral bands. The instrument’s detectors collect data at
three different spatial resolutions: 250 m, 500 m, and 1000 m. MODIS bands 31 (centered
at 11,030 µm) and 32 (12,020 µm) are thermal infrared bands used in LST calculations [72].
NDVI, an indicator widely used to monitor vegetation health and density, is obtained using
MODIS Band 1 (red: 645 nm) and Band 2 (NIR: 858 nm). Finally, NDWI values are obtained
using MODIS Band 2 (NIR: 858 nm) and Band 5 (SWIR: 1240 nm).
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In previous studies, researchers have used soil moisture (SM) data from various
databases, including the Global Land Data Assimilation System (GLDAS) [73], Advanced
Microwave Scanning Radiometer for EOS [74], Famine Early Warning Systems Network
Land Data Assimilation System [75], ERA5-Land [76], and Soil Moisture and Ocean
Salinity [77]. In this study, SM values were obtained using the mHM, a physically-based
high-resolution distributed hydrologic model used to simulate hydrological processes in
watersheds at different scales. The mHM divides watersheds into small cells and performs
calculations for each cell separately, allowing for more realistic results by accounting for
spatial heterogeneity. The model is based on physical principles and simulates hydrological
processes including evaporation, transpiration, runoff, and groundwater flow [78]. While
the model is designed to predict surface runoff using inputs such as precipitation, potential
ET, and mean air temperature, it also outputs SM at various depths, including 0–50 cm. In
this study, these SM values were used to calculate the SMCI.

Gross primary productivity (GPP) values were obtained from the Penman–Monteith–
Leuning Evapotranspiration V2 (PMLV2) dataset [79]. The Penman–Monteith–Leuning
(PML) model was first developed by Leuning et al. [80], who introduced a biophysical
model for surface conductance based on the Penman–Monteith (PM) equation [81]. Since
then, two improved versions of the PML model have been developed: PML-V1 and PML-
V2. PML-V2, as described by Gan et al. [82], uses a biophysical canopy conductance model
to integrate evapotranspiration (ET) with GPP. To simplify the model, only key parameters
of physiological importance for stomatal response and assimilation are retained. In contrast
to PML-V1, PML-V2 considers the effects of increasing leaf area index (LAI), increasing
CO2, and climate forcing on GPP [83].

Temporal and spatial resolutions, dates, and data sources are given in Table 1. In
addition, the wheat yields used in the study were obtained from the TUIK database. The
yields are in t/ha and were obtained at the district level. The land cover/land use map of
the Global Land Analysis and Discovery (GLAD) team with a resolution of 30 m was used
to identify the cultivated areas [84].

Table 1. Descriptive information of the data.

Data Spatial Resolution Temporal
Resolution Time Range Sources Product Name

Rainfall 0.25 degree Monthly 1 January 2000–30
December 2021 CHIRPS CHIRPS-2.0

LST 1000 m Daily 1 February 2000–30
December 2021 MODIS MOD11A1

NDVI 1000 m Monthly 1 February 2000–30
December 2021 MODIS MOD13A3

NDWI 0.05 degree Daily 24 February 2000–30
December 2021 MODIS MOD09GA v061

GPP 0.05 degree Monthly 1 March 2000–30
December 2021 MODIS and GLDAS PML_V2 0.1.7

Land Cover 30 m - 2020 GLAD
Crop Yield District Based Annual 2001–2020 TUIK

Soil Moisture 500 m Monthly 1 January 2000–30
December 2021 mHM

3. Methods
3.1. Calculations of Drought Indices
3.1.1. The Precipitation Condition Index

The PCI was calculated by comparing current precipitation to long-term maximum
and minimum precipitation. The precipitation used to calculate the PCI was obtained from
the CHIRPS dataset. The equation used to calculate the PCI is shown below.

PCIi =
CHRIPSi,j − CHRIPSi,j,min

CHRIPSi,j,max − CHRIPSi,j,min
(1)
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In this context, i represents the pixel, and j represents the month. CHRIPSi,j,max denotes
the maximum precipitation for the i-th pixel in the j-th month, while CHRIPSi,j,min denotes
the minimum precipitation for the i-th pixel in the j-th month. This index ranges from 0 to
1, with values close to 0 (1) indicating dry (wet) periods.

3.1.2. The Temperature Condition Index

The TCI is calculated using LST values obtained from the MOD11A1 dataset. Similar
to the calculation method of the PCI, the TCI ranges from 0 to 1, but higher TCI values are
associated with drought conditions, while lower values indicate nondrought periods. The
TCI, like the PCI, ranges between 0 and 1.

TCIi =
LSTi,j,max − LSTi,j

LSTi,j,max − LSTi,j,min
(2)

3.1.3. The Vegetation Condition Index

The VCI was proposed by Kogan [32]. This index indicates how close the current
month’s NDVI value is to the minimum NDVI calculated from long-term records. It is
developed by scaling each location’s and pixel’s VCI values from 0 to 1:

VCIi =
NDVIi,j − NDVIi,j,min

NDVIi,j,max − NDVIi,j,min
(3)

High VCI is associated with wet periods, whereas low VCI is associated with
drought periods.

3.1.4. The Soil Moisture Condition Index

The calculation steps of the SMCI are the same as those of the PCI. SMCI values also
range from 0 to 1, where low (high) SMCI indicates drought (wet) periods. The steps for
calculating SMCI are provided below.

SMCIi =
SMi,j − SMi,j,min

SMi,j,max − SMi,j,min
(4)

The SM values produced by the mHM are used to calculate the SMCI. Technical
information about the mHM is provided in Section 3.2.

3.1.5. The Normalized Difference Water Index

NDWI is strongly associated with plant water content [85]. Shortwave infrared (SWIR)
reflectance captures changes in both spongy mesophyll composition and plant water
content. In contrast, NIR (near-infrared) reflectance is determined by the internal structure
of the leaf and its dry matter content rather than its water content. The combination of
NIR and SWIR is designed to improve the accuracy of SM determination by eliminating
variations due to internal leaf composition and leaf dry matter quality.

NDWIi =
NIRi − SWIRi
NIRi + SWIRi

(5)

NDWI values range between +1 and −1. An NDWI value close to +1 indicates higher
plant water content, while a value close to −1 indicates the absence of plant water content.
In this study, the NDWI was normalized using the same min–max normalization applied to
the other indices, ensuring they fall within the same range (0–1). NDWI values close to 1 are
associated with wet periods, whereas values close to 0 are associated with dry periods.
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3.1.6. The Gross Primary Productivity

The GPP data used in this study consist of data obtained using the PMLv2 method [78].
The PMLv2 model is a biophysical model designed to estimate evapotranspiration (ET)
and GPP by coupling water and carbon processes. It improves on earlier versions by
incorporating stomatal conductance and the effects of carbon dioxide on both water loss and
photosynthesis, allowing for a more accurate simulation of land–atmosphere interactions.
PMLv2 uses remote sensing data, such as MODIS-derived LAI and albedo, and is driven
by meteorological inputs, including air temperature, humidity, wind speed, and solar
radiation. Detailed information regarding PMLv2 is provided in the Appendix A.

3.2. Mesoscale Hydrological Model

The Mesoscale Hydrological Model (mHM) is a physically-based, distributed hy-
drological model designed to understand and model the components of the water cycle,
particularly for assessing water resources over large areas and extended periods [86]. The
mHM utilizes a distributed approach to model spatially variable hydrological processes
using meteorological (e.g., precipitation, temperature, evaporation) and soil data to com-
pute hydrological processes for each grid cell [87]. The importance of SM modeling is the
rainfall–runoff module, which simulates processes such as precipitation falling on the soil
surface, infiltration, surface runoff, and river flow [86]. The soil moisture module calculates
the distribution and changes in moisture within the soil profile. In this study, SMCI was
calculated using the SM values generated by the mHM. Precipitation, temperature, and
PET were obtained from ERA-5 for use in the mHM. SM values were produced at a spatial
resolution of 1 km for each grid cell within the study area. Figure S1 provides an insight into
the working principles of the mHM. During the development of the mHM, the calibration
was carried out using measurements from 10 streamflow stations within the study area,
which includes four provinces: Aksaray, Karaman, Konya, and Nigde. The calibration set
achieved a R of 0.78 and an RMSE of 3.2 m3/s between the simulated and observed values.
For the validation set, an R of 0.77 and an RMSE of 3.3 m3/s were obtained.

3.3. Crop Yield Detrending

In this study, the weights of the CDI values were optimized using crop yield as the
target variable. When comparing drought indices with yield, it is essential to remove
the trend component from the original series. This trend is often associated with tech-
nological advancements, soil improvements, and fertilization effects in agriculture [88].
Common methods for detrending include polynomial fitting (linear or cubic) [89], moving
average [90], and locally weighted regression model (LOWESS) [91,92]. Due to certain
assumptions associated with linear trends [93], the difficulties in using cubic splines with
small datasets (<60) and their tendency to remove components other than the trend [94],
this study opted for the nonparametric LOWESS method [94]. A standardization process
was carried out to compare the detrended series with standardized series such as SPEI
and scPDSI, and yield anomalies were obtained. The standardization process is given
in Equation (6).

detrend yieldstd =
detrendi − detrend

σdetrend
(6)

where detrendi represents the detrended yield in the i-th month, detrend represents the
temporal average of the detrended yield in a district, and σdetrend represents the standard
deviation of the detrended yield in a district.

3.4. Benchmarking Methods
3.4.1. Standardized Precipitation Evapotranspiration Index

The SPEI was developed by Vicente-Serrano et al. [20] to assess drought by considering
the climatic balance between precipitation and potential evapotranspiration (PET). Unlike
the SPI, the SPEI considers temperature in addition to precipitation. Similar to SPI, SPEI
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can be calculated on different time scales, with negative values indicating drought periods.
Due to the sensitivity of vegetation to evapotranspiration, the SPEI is considered to have
a relative advantage in being closely associated with drought events. After calculating
the climatic water balance over different accumulation periods, the data are fitted to a
parametric distribution and the probabilities are converted to a percentile of the standard
normal distribution to obtain the SPEI values [95]. Typically, the three-parameter log-
logistic distribution is used as the reference distribution. The parameters are estimated
using L-moments, following the approach proposed by Beguería et al. [96]. The SPEI used
in this study was obtained from the global dataset produced by Beguería [97], which has
a spatial resolution of 0.5 degrees and a monthly temporal resolution. This dataset uses
precipitation and temperature data produced by the Climate Research Unit to perform SPEI
calculations. To assess the effectiveness of CDI in this study, 1-, 3-, 6-, and 9-month SPEI
values were obtained, represented by the abbreviations SPEI_1, SPEI_3, SPEI_6, and SPEI_9.

3.4.2. Self-Calibrated Palmer Drought Severity Index

The Palmer Drought Severity Index (PDSI) [21] characterizes the balance of moisture
deficit and surplus based on the difference between actual precipitation and climatically
appropriate precipitation. Although this index is primarily a meteorological drought index,
it is often used to monitor agricultural drought events [98]. The parameters of the original
PDSI were obtained based on observations from the Midwestern United States, which limits
its applicability to other regions. To address this issue, Wells et al. [99] proposed the self-
calibrating PDSI (scPDSI) by incorporating weighting and persistence factors to improve
spatial comparability. The core idea of scPDSI is to determine the weighting and persistence
factors based on locally observed hydrometeorological variables. The empirical parameters
in the analysis procedure can be self-calibrated, thereby improving the spatiotemporal
comparability of drought monitoring results using scPDSI. In this study, scPDSI values
with a spatial resolution of 0.5 degrees were obtained from van der Schrier et al. [100].

3.5. eXtreme Gradient Boosting

EXtreme Gradient Boosting (XGBoost) is a powerful ML algorithm used for classi-
fication and regression problems, created by sequentially boosting decision trees [101].
Gradient boosting attempts to minimize errors by updating model parameters along the
gradient of a loss function. XGBoost improves on this by using a second-order Taylor series
expansion to use the second derivatives of the loss function for more precise optimization.
Thus, the model is optimized faster and more accurately compared to traditional gradient
boosting methods that rely solely on first derivative information. In particular, it uses L1
(lasso) and L2 (ridge) regularization terms to control model overfitting [102]. Regularization
helps maintain control over tree depth and number of trees, leading to more general results
on complex datasets. XGBoost also has a built-in algorithm that handles missing data and
automatically processes missing values. While most gradient boosting algorithms work
sequentially, XGBoost processes different parts of the dataset in parallel, speeding up the
tree-building process [103]. This parallel processing capability allows XGBoost to work
effectively on large datasets.

3.6. SHapley Additive exPlanations

SHAP is an explanation method based on game theory, used to better understand
the decisions of machine learning models [104]. SHAP determines feature importances by
calculating each feature’s contribution to the prediction. This becomes particularly valuable
when trying to explain the internal working mechanism of the model. SHAP is based on
a concept called Shapley values [105] from cooperative game theory to fairly distribute
the contributions of players (features) to the game (prediction model) [106]. This method
calculates the marginal contribution of each feature to the model’s prediction and does so
for all possible feature combinations [107]. Unlike traditional feature importance methods
(permutation importance and Gini importance etc.), SHAP accounts for interactions be-
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tween features when measuring each feature’s contribution. This enhances the accuracy
and reliability of SHAP, as features in most real-world data often interact with one another.
Calculating SHAP values typically has high computational costs, but these costs can be
minimized through optimization techniques like the TreeSHAP algorithm proposed by
Lundberg and Lee [108]. In this study, the TreeSHAP method, which is particularly effective
for decision trees and tree-based ensemble models like XGBoost, was also used.

3.7. Principal Component Analysis

PCA is a statistical technique used to better understand and analyze multivariate
data. The primary goal of PCA is to explain the largest variance in a dataset by creating
new variables, called principal components, which are linear combinations of the original
variables [109]. PCA begins by calculating the covariance matrix of the variables in the
dataset, which shows the relationships and shared variance between them. Using this
covariance matrix, eigenvalues and eigenvectors are computed. Eigenvalues represent
the variance of the principal components, while eigenvectors determine the direction of
these components. The eigenvector with the largest eigenvalue defines the first principal
component and explains the most variance in the dataset. The eigenvector with the second-
largest eigenvalue defines the second principal component, explaining less variance and
being orthogonal to the first component. This process continues until as many principal
components as the number of variables are created. Since the principal components are
linear combinations of the original variables, understanding the relationship between
these components can help reveal structural features and hidden patterns in the dataset.
However, PCA has some limitations. For instance, it only considers linear relationships and
may require data normalization [110]. Additionally, interpreting the principal components
can be challenging because they are complex combinations of the original variables.

3.8. Model Evaluation Metrics

In this study, statistical metrics were used to evaluate the performance of ML models
and to analyze the relationship between drought indices and crop yield. The metrics
employed include Spearman’s correlation coefficient (R), root mean square error (RMSE),
and Akaike information criterion (AIC). Due to the generally non-normal distribution of
the data and the limited number of yield values available at the district level (20 samples,
excluding ML models), Spearman’s correlation coefficient was preferred over the Pearson
correlation coefficient. Spearman’s correlation coefficient is nonparametric, robust to out-
liers, and capable of revealing nonlinear relationships [111]. Additionally, RMSE and AIC
were used alongside the correlation coefficient to assess the performance of the ML models.
The equations for RMSE, AIC, and Spearman’s correlation coefficient are provided below.

RMSE =

√
∑n

i=1
(yi − ŷi)

2

n
(7)

R = 1 −
6 ∑ d2

i
n(n2 − 1)

(8)

AIC = n × ln
(

SSe

n

)
+ 2K (9)

where di is the difference between the two ranks of each observation, n is the number of
observations, yi is the actual yield, ŷi is estimated yield, SSe is sum square of errors, and K
is number of parameters. Its value lies within the range [−1, 1], where R < 0 indicates a
negative correlation, R > 0 indicates a positive correlation, and R = 0 indicates no correlation.
The larger the absolute value of r is, the stronger the correlation between two variables. The
RMSE ranges from 0 to infinity, with models that achieve RMSE closer to 0 being considered
superior. Lower AIC values indicate that the model is more useful.
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3.9. Drought Classification

Threshold values are commonly employed to categorize the severity of climatic events,
such as droughts and excessive moisture. These classifications are crucial in assessing the
extent to which regional climate conditions deviate from expected patterns. Such insights
are instrumental in shaping long-term water management strategies and informing climate
policies. The use of these classifications is essential for comparing climatic anomalies
across different temporal scales and geographic regions. Given that the drought severity
levels of CDI and SPEI are derived from similar statistical processes and have comparable
lower and upper bounds, a widely used classification in the literature was adopted [112].
In view of the considerable quantitative range encompassed by the severity values of
scPDSI, a representation comprising a greater number of classes was selected to facilitate a
more comprehensive analysis [113,114]. The classifications for CDI, SPEI, and scPDSI are
provided in Table 2.

Table 2. Classification thresholds for CDI, SPEI, and scPDSI.

CDI and SPEI Class scPDSI Class

≤ −2 Extreme Drought ≤ −4 Extreme Drought
−1.5 to −1.99 Severe Drought −3 to −3.99 Severe Drought
−1 to −1.49 Moderate Drought −2 to −2.99 Moderate Drought
−0.5 to −0.99 Mild Drought −1 to −1.99 Mild Drought
−0.49 to −0.49 Near Normal −0.5 to −0.99 Incipient Drought

0.5–0.99 Slightly Wet 0.49 to −0.49 Near Normal
1–1.49 Moderately Wet 0.5–0.99 Incipient Wet

1.5–1.99 Severely Wet 1–1.99 Slightly Wet
≥ 2 Extremely Wet 2–2.99 Moderately Wet

3–3.99 Very Wet
≥ 4 Extremely Wet

4. Model Development

In this study, machine learning methods and the capabilities of the SHAP method were
utilized to develop a new drought index by combining individual indices into a CDI. The
data used for calculating single indices within the study area were obtained from remote
sensing systems and subsequently underwent normalization processes for the calculation
of each index. The normalized images were cropped to cover the study area. The input
data utilized to obtain the CDI were rescaled to have a temporal resolution of monthly
and a spatial resolution of 1 × 1 km. This was achieved by averaging the daily data on a
monthly basis. The bilinear algorithm was applied for spatial rescaling, transforming all
cropped images to a target resolution of 1 × 1 km, and they were subsequently masked to
include crop areas based on crop land information obtained from GLAD. After the masking
process, spatial averages were taken for each month from October to June, considering
the district boundaries within the study area. Thus, a single value representing each
month was obtained for each district. Using these values, the weights of the CDI equation
were calculated using three different methods. Of these, PCA and empirical methods do
not require a target variable, but for the SHAP method, crop yield values measured in
each district were used as the target variable. To provide inputs for the SHAP algorithm,
prediction models were created using the XGBoost method. The inputs of the XGBoost
model were TCI, VCI, SMCI, PCI, GPP, and NDWI values, while the target variable was the
detrended crop yield values. Since the GPP input has been available since 2000, the period
between 2001 and 2020 was selected for modeling. During the ML model creation phase,
all possible scenarios for the six inputs (63 different combinations) were tested. During
the modeling phase, a random splitting strategy was embraced, with 75% of the data were
used for training and 25% for testing. The districts selected for the test set were Aksehir,
Altinekin, Altunhisar, Beysehir, Bor, Camardi, Cihanbeyli, Ilgin, Karapinar, and Selcuklu. In
the next step, the calculation of mean SHAP values was carried out using the results of the
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model with high prediction accuracy. Using the SHAP feature importance values obtained,
the weights of the CDI equation were determined, thereby obtaining accurate weights using
a method that calculates the marginal contributions of all variables in a nonlinear manner.
The correlation between the CDI equations obtained by three different methods and crop
yield was examined to measure the success of the new index in representing agricultural
drought. Additionally, a comparative analysis with SPEI and scPDSI values, which are also
used in agricultural drought studies in the literature, was conducted. Furthermore, the
similarities and differences between CDI, SPEI, and scPDSI were examined. The analysis
steps are shared in Figure 2.
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The hyperparameters of the XGBoost algorithm used in the study were optimized
using the grid search method. Additionally, early stopping was applied to overcome
the overfitting problem. The search space information and optimum values required for
parameter optimization of the XGBoost model are provided in Table S2.

In this study, the empirical method, used to represent conventional approaches, is the
simplest method. The CDI equation obtained by assigning equal importance to all inputs is
as follows. Thus, the weights of all inputs for this method were set at 0.1666 (i.e., 1/6th).

5. Results and Discussion
5.1. Machine Learning Results

For the model where all inputs were used, the training R value was found to be 0.82,
and the test R value was 0.68 (the prediction model results for all combinations are provided
in Table S3). The training R values obtained by reducing the inputs one by one were all
found to be lower than the initial model. Since the SHAP values’ feature importance
reflects the results obtained from the training set, the weights were calculated using the
results of the model with the highest R value. In this study, to compare with PCA and
empirical methods, the model using all inputs was selected, and PCA and empirical method
calculations were performed on this model. Thus, a comprehensive analysis was achieved
by using TCI, PCI, SMCI, VCI, NDWI, and GPP values, resulting in an extensive evaluation
of factors potentially affecting drought for CDI calculations.

5.2. Weight Obtained by SHAP

A feature importance plot was generated using the SHAP method after obtaining
the prediction results from the XGBoost model (Figure S2). In generating these plots, the
original feature importance values were used to recalculate relative values on a scale of
100 to determine the impact of each input on the output. NDWI was the most influential
variable for yield, contributing 41%. It was followed by TCI (19%), PCI (15%), GPP (11%),
VCI (8%), and SMCI (6%). GPP, SMCI, and VCI had lower importance. The CDI equation
calculated using the weights obtained from the SHAP method are as follows:

CDI = 0.41 × NDWI + 0.19 × TCI + 0.15 × PCI + 0.08 × VCI + 0.11 × GPP + 0.06 × SMCI (10)

5.3. Weight Obtained by PCA

For a fair comparison with SHAP, PCA weights were obtained using the data in the
training set, and the weights derived from this dataset were validated using the test set
(Table S4). When examining CDI studies, information from the first component or the
first two components is commonly used [115]. The contribution ratios of the principal
components following the PCA analysis for the districts are shown in Table S5. The first
two components accounted for more than 60% of the variance.

When examining the weights obtained from the PCA analysis, the input with the
highest weight is VCI at 0.23, followed by TCI at 0.19. The third highest weight is GPP
at 0.18, while the fourth is NDWI at 0.17. The lowest weight is attributed to PCI, with an
average of 0.10. Compared to SHAP, only the TCI input shares the same ranking, while the
weight rankings for all other inputs are significantly different.

CDI = 0.16 × NDWI + 0.19 × TCI + 0.10 × PCI + 0.23 × VCI + 0.18 × GPP + 0.10 × SMCI (11)

To analyze the relationship between the inputs after the PCA analysis, PCA loadings
plots were created. These plots allow us to see which inputs are closely related to each other
in each district and their contribution to explaining the variance. The axes represent the
components that explain the variance in the data, with the direction of the vectors indicating
the relationship between the variables and the components, and their length reflecting
their contribution. The angle between vectors signifies the correlation between variables;
small angles indicate a positive relationship, while large angles suggest a weak association.
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Vectors pointing in the same direction imply that the variables exhibit similar behavior.
The districts with the highest explanation ratio in the first two principal components were
selected to create Figure 3. Among the values of the four districts in the graph, VCI
provides the highest contribution to both the first (PC1) and second (PC2) components and
TCI significantly contribute to PC1 and PC2. PCI and SMCI values have relatively low
contributions. Additionally, a strong positive relationship can be observed between VCI
and GPP in all regions, while a negative correlation can be observed between VCI and TCI
and between NDWI and GPP, as these inputs intersect each other perpendicularly.
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5.4. Crop Yield Correlation Results Obtained by Three Different Methods

The relationship between crop yield and CDI equations calculated using three different
methods was examined. The results of the correlation analysis for all districts are shared in
Table 3. In 7 out of the 40 districts where the study was conducted, correlations were not
statistically significant for all methods. Among all the significant models, the SHAP model
provided the best results with an average correlation of 0.56. Following the SHAP model,
the highest average correlation was 0.47, obtained using the empirical method. Another
significant finding is that the correlation results between the PCA and empirical methods
are quite similar.
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Table 3. Correlation results for different CDI weight calculation methods.

District SHAP PCA Empirical District SHAP PCA Empirical

Agacoren 0.008 −0.039 −0.011 Guneysinir 0.182 0.120 0.080
Akoren 0.439 * 0.417 * 0.438 * Guzelyurt 0.340 −0.056 0.036
Aksaray_Merkez 0.681 * 0.636 * 0.644 * Huyuk 0.689 * 0.723 * 0.708 *
Aksehir 0.583 * 0.319 0.389 * Ilgin 0.794 * 0.759 * 0.705 *
Altinekin 0.547 * 0.353 0.347 Kadinhani 0.829 * 0.752 * 0.740 *
Altunhisar 0.738 * 0.719 * 0.716 * Karaman_Merkez 0.729 * 0.549 * 0.556 *
Ayranci 0.269 0.008 0.008 Karapinar 0.635 * 0.453 * 0.454 *
Beysehir 0.623 * 0.591 * 0.614 * Karatay 0.571 * 0.445 * 0.468 *
Bor 0.644 * 0.574 * 0.565 * Kulu 0.331 0.402 0.430 *
Camardi 0.504 * 0.320 0.305 Meram 0.456 * 0.365 0.385
Celtik 0.701 * 0.487 * 0.493 * Nigde_Merkez 0.547 * 0.438 * 0.441 *
Ciftlik 0.408 0.475 * 0.483 * Ortakoy 0.565 * 0.444 * 0.516 *
Cihanbeyli 0.762 * 0.689 * 0.692 * Sarayonu 0.377 0.311 0.287
Cumra 0.558 * 0.498 * 0.480 * Sarıyahsi 0.600 * 0.580 * 0.538 *
Derbent 0.573 * 0.304 0.367 Selcuklu 0.665 * 0.603 * 0.576 *
Doganhisar 0.520 * 0.477 * 0.417 * Seydisehir 0.002 −0.110 −0.114
Emirgazi 0.800 * 0.701 * 0.713 * Tuzlukcu 0.558 * 0.505 * 0.550 *
Eregli 0.254 0.155 0.167 Ulukisla 0.672 * 0.592 * 0.618 *
Eskil 0.505 * 0.268 0.332 Yalihuyuk 0.128 0.075 0.180
Gulagac 0.735 * 0.600 * 0.662 * Yunak 0.641 * 0.639 * 0.627 *

In bold are test set districts; * p < 0.05.

The correlation values between the drought indices used in this study and crop yield
are presented in Table S6. When evaluating all 40 districts, the highest correlation was
obtained using SHAP in 33 districts, PCA in 1 district, the empirical method in 3 districts,
SPEI in 3 districts, and scPDSI in 0 districts. In the comparison among the SPEI indices
themselves, SPEI_3 exhibited the highest average correlation at 0.39, while SPEI_9 had
the lowest average correlation (0.26). Among all the methods, scPDSI showed the lowest
average correlation (0.22). A box plot illustrating the correlation values for the districts
in the training and test sets is presented in Figure 4. This figure, which serves as a visual
representation of Table S6, allows for the easy identification of the distribution, minimum
and maximum values, and median values of the correlation results for each method. The
highest median values in the training and test sets belong to CDI(SHAP), while CDI(Empirical)
and CDI(PCA) show a very similar distribution. It is observed that SPEI_1, SPEI_3, and
SPEI_6 produce similar results in the training set, but the differences become apparent in the
districts within the test set. The spatial distribution of the correlation across the 40 districts
in the study area is shown in Figure 5. SHAP demonstrates high correlations in a large
number of districts, followed closely by PCA. Higher correlations between the drought
indices and crop yield are observed in the northern regions of the study area, while a
decrease in correlations is observed in the southern regions, which are at a higher elevation.
Topographic variations in mountainous regions have the potential to influence precipitation
distribution and the conditions under which wheat can be cultivated. Mountainous regions
may give rise to orographic effects, which can result in greater (or lower) precipitation
accumulation. Conversely, lower elevations may exhibit a more homogeneous distribution
of rainfall. This may result in a weakening of the correlation between the drought index
and yield in the southern and mountainous regions.
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To assess the temporal relationship between the drought indices and crop yields for
the districts in the test set, time series of the indices and crop yield are presented in Figure 6.
The standardized crop yields, along with CDI and SPEI indices which belong to the same
classification, are placed on the left axis, while the scPDSI values are placed on the right axis
for visual comparison. To avoid clutter, only the SPEI value with the highest correlation at
the district level was used, rather than all SPEI indices. Overall, a good alignment between
CDI and SPEI with crop yield was observed. In contrast, scPDSI failed to capture crop yield
trends in certain years, a conclusion that can be quickly drawn from the visual inspection.
In all districts, the relationship between all indices and crop yield reached its peak during
the wet year of 2015. Between 2004 and 2009, scPDSI deviated from the crop yield trends,
showing a smooth movement without significant fluctuations, whereas CDI and SPEI
responded promptly to crop yield anomalies.
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Figure 6. Annual time series of drought indices and crop yield of the test districts.

5.5. Spatiotemporal Distribution of Drought Indices

In this study, several maps were prepared to evaluate the spatial distribution of drought
indices. Drought maps for the crop development periods in 2016, which was consistently
represented as a drought year across all indices, are presented in Figure 7. In the first month of
the development period, all indices indicate a wet month; however, according to the CDI, this
is predominantly observed in the southeastern region, while SPEI and scPDSI show wetter
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conditions in the northern regions. Additionally, it is observed that as the SPEI month index
increases, there is an increase in wet areas. In November 2016, CDI indicates widespread
drought, while SPEI_6 and SPEI_9 show increasing wetness in the north. December also
shows high drought according to CDI, SPEI_1, SPEI_3, SPEI_6, and scPDSI. In January, CDI
suggests near-normal to slightly wet conditions, but SPEI indices are inconsistent, with some
showing drought and others indicating wet areas in the north. February sees CDI and scPDSI
aligning, showing drought in the west. By March, CDI notes drought in the east, with mixed
conditions across SPEI indices. April is dominated by drought across all indices. In May, CDI
shows wet conditions near the borders and drought in the central area of the study region,
while SPEI transitions from wet to drought. June ends with normal to mild drought, with
scPDSI highlighting widespread drought for most of the period.
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The variability of the CDI over the study period is illustrated in Figure 8. The maps
were generated using the average values for the nine months of the growing season, from
October to June. The years 2001, 2005, 2008, 2014, 2016, and 2020 were mild to moderate
drought years, while 2011 and 2015 were moderately to severely wet years. Drought years
generally show variability along the north–south axis.
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Figure 8. The CDI drought map for winter wheat growing seasons in the study region.

In the maps produced with the same resolution as CDI (1 km), a resolution of 5 km was
chosen for mapping SPEI and scPDSI values to avoid issues related to scaling. Additionally,
in Figure 9, which analyzes changes over the years, SPEI_3 values were used because they
generally align better with crop yield. Similar to CDI, SPEI_3 was classified as mild drought
across most of the study area in 2001, 2005, 2008, and 2016. The years 2011 and 2015 were
classified as slightly wet and moderately wet, respectively. Unlike CDI values, which
were generally classified as near-normal and mild drought in 2004, 2007, and 2020, SPEI_3
remained in the near-normal class across the entire region during these years. However,
in 2014 and 2019, CDI and SPEI_3 were observed to belong to similar drought classes in
similar areas.

When examining Figure 10, which illustrates the distribution of scPDSI values across
the study area, 2001 is mildly to moderately drought-affected, similar to CDI and SPEI_3.
However, when analyzing the spatial distribution, drought is more pronounced in the
western and southern regions according to scPDSI and predominantly observed in the
northern regions in CDI and SPEI_3. In 2002, a drought occurred in the northeastern region,
which was not captured by CDI and SPEI_3. One noteworthy feature of the scPDSI values
is the variation of drought along the northeast–southwest axis during consecutive years,
particularly in 2007, 2008, and 2009. While 2012 could be classified as wet according to CDI
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and SPEI_3, scPDSI placed it in the very wet category. In contrast to CDI and SPEI_3, 2017
is generally depicted as drier in scPDSI.
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5.6. Long-Term Evolution of Drought Indices

In this study, time series were generated to analyze the long-term drought values
obtained through the CDI. As shown in Figure 11, the CDI and SPEI time series are
presented on the left y-axis, while the scPDSI time series are depicted on the right y-axis.
The reason for using two different vertical axes is that the scPDSI varies between −5 and
+5, which might pose challenges in the multi evaluation of it with CDI and SPEI, which
fluctuate between −2 and +2. One of the most significant findings is the similar behavior
exhibited by the CDI and SPEI. The fluctuations in scPDSI values are less pronounced
compared to the other two indices. SPEI, in terms of its composition, utilizes precipitation
and ET calculations, which are largely based on temperature. This similarity in inputs
results in SPEI displaying a similar trend to CDI. However, SPEI focuses only on PET,
which is insufficient to represent surface water processes fully [116], and lacks input that
provides information about vegetation conditions, leading to significant divergences in
some cases. For instance, in the Altinekin district, SPEI values indicate a mild drought and
fewer fluctuations compared to CDI values (Figure 11).

The scPDSI generally exhibits a similar pattern to CDI and SPEI, but significant
differences are observed in certain years. For example, scPDSI indicates the presence of
a prolonged drought from 2003 to 2009, with drought values remaining constant over
several months. A similar pattern is observed between 2016 and 2020. In the districts
of Aksehir, Beysehir, and Ilgin, a long-term drought with consistent values is present.
One of the reasons for this could be that scPDSI values are calculated using the drought
values from the previous month, which contributes to the persistence of similar values over
extended periods.
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5.7. In-Depth Analysis of Feature Importance and Dependencies

In this study, the SHAP algorithm’s feature importance values were used in the
process of optimizing the weights for the CDI equation. This method not only calculates
the importance of features but also visually represents their impact on the output through
graphs. The SHAP summary plot in Figure 12 describes how individual indices affect crop
yield and demonstrates their nonlinear responses.
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Extremely low NDWI has a very strong negative impact, while higher values have a
relatively lower positive impact. The second most important index, TCI, also shows that
higher values lead to increased crop yield, while medium and low values have a decreasing
effect on crop yield. The PCI slightly increases crop yield at average values, while very low
values decrease it. GPP and VCI have a similar effect; higher values lead to an increase
in crop yield, while lower values have a minimal negative effect. As for SMCI, very high
values cause a slightly positive effect, while medium values have a slightly negative effect.
However, SMCI turned out to be the individual index with both the smallest impact size
and the narrowest range of effects.

Research examining the relationship between NDWI values and crop yield has also
confirmed that NDWI values significantly impact crop yield [117]. There is no consensus



Remote Sens. 2024, 16, 3799 23 of 30

on which input is the most important in these studies, as individual indices can vary
greatly regionally and may have different levels of influence depending on the climatic
classification of the area.

One of the SHAP method’s outputs is the dependence plots, which analyze the
nonlinear effects of each input on the output. Figure 13 presents dependence plots for the
six indices used in predicting crop yield. A detailed examination reveals that normalized
GPP values between 0.2 and 0.3 significantly reduce crop yield, while values above 0.6 have
a positive or stable effect. The NDWI plot shows a nearly monotonic positive relationship,
with significant yield increases above 0.55. PCI values exhibit a decreasing effect between
0.2 and 0.35, followed by a fluctuating increase above 0.6. SMCI shows a neutral effect up
to 0.75, with positive effects emerging afterward. TCI values demonstrate a negative effect
up to 0.5, followed by an increase, while VCI shows a negative effect up to 0.4, turning
slightly positive above 0.45. These analyses provide a comprehensive view of both the
weights and nonlinear effects of the indices on crop yield.
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5.8. Future Directions, Recommendations, and Practical Applications

Although the CDI developed in this study was created using innovative algorithms,
it has certain limitations. The winter wheat yield values used in the study are limited to
20 years. Developing models with more extensive data is encouraged, noting that remote
sensing time series are often limited in duration. Additionally, it has not been investigated
whether the remote sensing data used in the study area require any additional corrections;
the observations used are derived from established global algorithms. Researchers are
strongly advised to explore this aspect and incorporate the need for corrections between the
remote sensing data and ground observations in their study areas. In addition to improving
temporal resolution, enhancements in spatial resolution could help with yield modeling
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in individual fields. The present study’s XGBoost hyperparameters optimization was
challenging, and grid search algorithm addressed this challenge. Nevertheless, future
research should investigate the potential of advanced heuristic methods. Given that
XGBoost was employed for the construction of predictive models, TreeSHAP was utilized.
In the context of larger datasets and broader regions, it is possible that deep learning models
and the KernelSHAP method may yield superior results.

The model inputs include remote sensing datasets containing information on temper-
ature, precipitation, soil moisture, vegetation condition, plant water status, and primary
productivity. However, the study did not use evapotranspiration (ET) values. Future
studies could benefit from incorporating the Evaporative Stress Index [118,119], which
represents the ratio of potential ET to actual ET. Moreover, variables representing global
ocean–atmosphere interactions, such as El Niño and La Niña, could further improve CDI
calculations if they include independent information from the indices explored here.

Our study focused on one of the largest grain-producing regions in Türkiye. The
primary motivation for this work was the fact that the area predominantly practices rain-
fed agriculture, as crops grown in rain-fed areas tend to respond more sensitively to
meteorological variables. In regions where irrigation data and the genetic characteristics of
the crops used are available, it is recommended that these factors be included in the study
to develop even more advanced indices.

Just as drought affects all sectors, the sector where its direct impacts are often most
clearly seen is agriculture [120]. Among the most important stakeholders in drought studies
are companies operating in the agricultural sector, local producers, and traders involved
in the sale and marketing of agricultural products [121]. We hope that this study will
contribute to the development of agricultural drought monitoring systems at the local level
to enable decision-makers to address complex drought monitoring processes in greater
detail and accelerate effective decision making.

In the USA, a country known for its advanced drought monitoring systems, CDIs are
being developed using similar applications [122]. Various CDIs can be generated using
different combinations of inputs. Countries like Türkiye, where agricultural products
constitute a significant share of the gross national product, could improve decision-making
processes by utilizing CDI-like indices. Since all the inputs used in creating CDI indices
are obtained from free sources and are continuously updated, this study is valuable for the
development of online drought monitoring systems that provide local-scale information to
end-users.

6. Conclusions

In this study, the newly developed combined drought index, designed to more effec-
tively monitor agricultural drought events, may offer more effective usage when used in
conjunction with existing indices. The use of SHAP algorithm-determined weights and
a mesoscale hydrologic model enhanced the reliability and accuracy of this new index.
Notably, the index exhibited a higher correlation with wheat yields than widely used
indices like SPEI and scPDSI, marking a significant contribution to agricultural drought
monitoring. Furthermore, it is anticipated that the integration of increasing volumes of data
from remote sensing systems with technological advancements will further enhance the
efficiency of agricultural drought monitoring systems in the future. We anticipate that CDIs
enhanced using ML techniques will continue to improve agricultural drought monitoring.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/rs16203799/s1, Figure S1. The mHM workflow. Figure S2. SHAP feature
importance graph. Table S1. The mean [minimum: maximum] winter wheat yield (t/ha) per district in
the study area from 2001 to 2020. Table S2. XGBoost hyperparameter range and optimum values. Table
S3. XGBoost model performance evaluation results. Table S4. CDI weights obtained from PCA of the
training set. Table S5. Cumulative variance explanation values of the principal components. Table S6.
Correlation test results between drought indices and crop yield.
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Appendix A

In the PML-V2 model, GPP is calculated based on photosynthesis (Ags), constrained
by the surface vapor pressure deficit (D).

GPP = Ags fD (A1)

Ags =
P1Ca

k(P2 + P4)

{
kLAI + ln

P2 + P3 + P4

P2 + P3 exp(kLAI) + P4

}
(A2)

P1 = AmβI0η, P2 = AmβI0, P3 = AmηCa, P4 = βI0ηCa (A3)

Am ∼= 0.5 × Vm (A4)

Vm =
Vm,25exp[a(T − 25)]
1 + exp[b(T − 41)]

(A5)

fD =


1 D < Dmin

(Dmax−D)
Dmax−Dmin

Dmin < D < Dmax

0 D > Dmax

(A6)

where fD is the D constraint function, Dmin is the threshold below which there is no
vapor pressure constraint, Dmax is the threshold above which there is no assimilation,
D0 is the reference vapor pressure deficit at stomatal conductance reduction, I0 is the
photosynthetically active radiation estimated from downwelling shortwave radiation, Ca
is the atmospheric CO2 concentration, Vm is the maximum catalytic capacity of Rubisco
per unit leaf area at 25 ◦C, β is the initial photochemical efficiency, η is the initial value of
the slope of CO2 response curve, m is the stomatal conductance coefficient, P1 represents
the term calculated using the maximum photosynthetic capacity (Am), β, I0, and the η. P2
includes the same components except for the efficiency factor, reflecting the direct effect of
light on photosynthesis. P3 defines the interaction between the maximum photosynthetic
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capacity and Ca along with efficiency. P4 represents the combined effect of light intensity,
CO2, and efficiency.
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