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Abstract

Compound drought and heatwave (CDHW) events represent one of the most disruptive forms of
climate extremes, as the simultaneous occurrence of dry and hot conditions signifies their
impacts far beyond those of individual events. Yet, despite their increasing significance, the
causal influence of CDHW frequency and severity on fire activity and crop yield variability
remains poorly quantified, particularly in Mediterranean climate hotspots. This study provides a
comprehensive assessment of long-term CDHW climatology across Tiirkiye and quantifies their
causal effects on burned areas and major crop-yield anomalies through the complex causal
networks based on the Peter and Clark Momentary Conditional Independence (PCMCI)
framework. The findings reveal a clear intensification of CDHW conditions over recent decades,
with significant upward trends in both event frequency (2.74 days/decade) and thermal severity
(0.74°C/decade), particularly during winter and summer months. The causal strengths of CDHW
events and severity on fire regimes explain up to 38.3% of burned-area variability and crop yield
reductions during critical phenological periods, affecting both rainfed winter wheat (up to
71.6%) and irrigated crops such as maize, rice, and soybean (up to 69.8%). The spatial causal
signals demonstrate that CDHW events can be considered dominant climatic stressors across
Tiirkiye’s agro-ecosystems and fire-prone landscapes. Overall, this work provides one of the first
spatially explicit causal strengths of CDHW impacts on both agriculture and fire activity,
indicating the importance of compound-event-aware early warning systems and climate-resilient
management strategies in regions facing intensifying hot-dry extremes.

Keywords: Climate Extremes, Heat Stress, Compound Events, Causality, Ecosystem Risk.

This manuscript is an EarthArXiv preprint and has been submitted for possible publication in a
peer-reviewed journal. Please note that this has not been peer-reviewed before and is currently
undergoing peer review for the first time. Subsequent versions of this manuscript may have
slightly different content.




1. Introduction

According to the International Disaster Database (EM-DAT) database
(https://public.emdat.be/data), more than 33.1 million and 1.71 billion people have been affected,
and total damage has been calculated at more than 22.7 and 261.7 billion US dollars by
heatwaves and drought events around the world since 2000, respectively. The Clausius—
Clapeyron equation of thermodynamics shows that for every 1°C increase in air temperature, the
atmosphere can hold 6-7% additional water vapor (Allen and Ingram, 2002; Trenberth et al.,
2003). The development of heatwaves results from the dynamics of Rossby waves, extensive
undulations in the upper-level atmospheric jet stream. Enhanced and quasi-stationary Rossby
wave patterns can contribute to extended durations of high-pressure systems persisting over an
area, blocking the development of weather systems and leading to the formation of heatwaves
persisting longer than three consecutive days across mid-latitudes (Domeisen et al., 2023;
McGregor, 2024).

The recent ECMWF report (2026) highlighted that the past 11 years have been the 11 warmest
on record. The World Meteorological Organization (WMO) (https://wmo.int/media/news/global-
drought-hotspots-report-highlights-human-and-economic-impacts) also indicated that Tiirkiye,
located in the Mediterranean Basin, is one of the most important hotspots for extreme conditions
for local communities (Yesilkoy et al., 2024). Therefore, it can be said that both extreme heat or
heatwaves and drought events occur simultaneously, and these events have become more
common in the latest years and projected periods (Sutanto et al., 2025). These events are defined
as compound drought and heatwave (CDHW) events and play a crucial role in the earth system
(Romanou et al., 2024), including agricultural (Kabtih et al., 2025) and forest gross primary (Bao
et al., 2025; Zhu et al., 2025) productivity.

Climate change exacerbates the frequency, duration, severity, and spatial extent of single
heatwaves (Yesilkdy, 2025) and drought events on a global (Cook et al., 2020) and regional scale
(Yesilkdy and Saylan, 2022) under the latest socioeconomical scenarios (e.g., CMIP6). These
events impose significant and harmful consequences on ecosystems, including agricultural and
forest lands. In the literature, there are studies investigating CDHW event frequency, severity,
and duration has increased in global scale (Zhang et al., 2022; Tripathy et al., 2023; Huang et al.,
2025) and in different ecosystems such as croplands (Li et al., 2025; Wang et al., 2025) and their
impacts on phenology (Tian et al., 2024a) in dry and humid environment (Wang et al., 2024), on
forest vulnerabilities (Bastos et al., 2021), and wildfire activities (Shi et al., 2024; Zong et al.,
2024) in major forests (Libonati et al., 2022), crop yield and water use efficiency reductions
(Bras et al., 2021; Sutanto et al., 2024; Han et al., 2025) in breadbasket regions (Kornhuber et al.,
2020; Shan et al., 2024). Sutanto et al. (2025) analyzed the compound and consecutive drought
and heatwave hazard projections and found that these events are projected to show an expansion
towards the southeastern part of Europe, where Tiirkiye is located (hotspot), based on Inter-
Sectoral Impact Model Intercomparison Project (ISIMIP) model data under SSP1-2.6 and SSP5-
8.5 scenarios. It can be clearly seen that CDHW events are more threatening than single drought
and heatwave events. From this perspective, it is thought that a study revealing causal



relationships between CDHW events and major crop productivity and fire events will help to
better understand and manage future extreme and compound events monitoring and early
warning for related sectors.

The number of causal studies in climate science has been increasing to better understand the
relationship among various physical processes. There are some causality algorithms inferring
contemporaneous and lagged dependencies between processes. For example, Granger Causality
(Granger, 1969) was the prevailing method for causal analysis that utilizes time series
observations. Transfer Entropy (TE; Schreiber, 2000) is a distinct metric for quantifying the
transfer of information, which is rooted in the principles of information. Cross Convergent
Mapping (CCM) is a nonlinear causal inference method based on Takens’ embedding theorem,
which can detect linear and nonlinear causalities (Sugihara et al., 2012), which can be tested with
crop yield fluctuations and drought indices (Yesilkdy et al., 2026). Runge et al. (2019) developed
Peter and Clark Momentary Conditional Independence (PCMCI), which combines linear or
nonlinear conditional independence tests with a causal discovery algorithm to estimate causal
networks from large-scale and autocorrelated multivariate time series data. In recent years, the
PCMCI causal discovery method has been successfully performed in the diverse fields of climate
systems (Docquier et al., 2024), biosphere-atmosphere interactions (Krich et al., 2020), flood
drivers (Miersch et al., 2025), and drought conditions and their teleconnections (Chauhan et al.,
2024). In addition, Tian et al. (2024b) focused on historical changes in CHDW events and
revealed the causal links with PCMCI between atmospheric drivers and CDHW events in Central
Europe.

It can be seen that substantial scientific uncertainty remains on causal links between CDHW
events and their regional impacts on forest and agricultural yield fluctuation. To fulfill this
important scientific gap, this research is one of the first studies exploring the spatial causal
relationships between CDHW events and their causal inference between crop yield reduction and
fire activities. Tiirkiye is located in one of the most important climate change hotspots (Lazoglou
et al., 2024) and has the most climate-driven susceptible forests in Europe (Forzieri et al., 2021).
According to FAOSTAT, Tiirkiye produced 20.8 million tons of winter wheat, 180,000 tons of
soybean, 1.02 million tons of rice, and 8.1 million tons of maize and ranks 10, 33™, 427 and
19" among producers in the world, respectively. Also, there has been no study conducted for the
spatial causal inference between compound extreme events and agricultural productivity and fire
events across Tiirkiye.

The purpose of this study was to answer the following research questions. (1) What is the
climatology of CDHW events and their severity in Tiirkiye’s agricultural and forest lands? (2)
What are the spatial and temporal changes of CDHW events and severity? (3) Are there causal
links between the number of CDHW events and severity and crop yield fluctuation and fire
activities?

This paper is structured as follows: Section 2 provides a detailed description of the study area,
the data source, the definition of the CDHW event and its severity, and the causal analysis



performed. The spatiotemporal characteristics of CDHW events and severity climatology and the
relationship between crop yield fluctuations and burned areas between CDHW events and
severity can be found in the Results (Section 3). Within Section 4, the results were compared to
the other related studies and emphasize the importance of CDHW events and severity on crop
yield reduction and burned areas.

2. Materials and Methods
2.1 Study Area

The study area covers the agricultural production of major field crops (e.g., winter wheat, maize,
rice, and soybean) and burned areas across Tiirkiye (26-56°E longitude; 36-45°N latitude),
located in the eastern part of the Mediterranean Basin (Figure 1) and considered a climate
hotspot. Agricultural and forest lands cover 43.7 and 14.9 percent (the total percentage is
calculated as 58.6%) of the total area in Tiirkiye based on the CORINE 2018 Land Cover dataset.
Tiirkiye is vulnerable to extremes, including drought (Dabanli et al., 2017) and heatwaves (Tatl
and Serkendiz et al., 2025), and it is also projected that there will be a greater number of
heatwave events and longer durations (Yesilkoy, 2025) and drought conditions in the 21 century
(Yavaslh and Erlat, 2023).
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Figure 1. Yellow and green pixels represent agricultural and forest lands in Tiirkiye, respectively.
Water bodies are represented by the blue color (CORINE, 2018). Grey and red lines are
countries’ and Tiirkiye’s administrative boundaries, respectively. The vast majority of white areas
in the eastern part of Tiirkiye are covered by mountains with significant snow water
accumulation (Yesilkoy and Baydaoglu, 2025).



2.2 Data

Gridded ERAS5-land hourly reanalysis (Munoz-Sabater et al., 2021) air temperature (°C) with
0.1-degree (~10x10 km) spatial resolution and monthly Standardized Precipitation and
Evapotranspiration Index (SPEIL; Vicente-Serrano et al., 2010) derived from ERAS reanalysis
(Keune et al., 2025) with 0.25-degree spatial resolution between 1965 and 2025 was downloaded
from ECMWEF’s Copernicus Climate Data Store. This dataset shows high accuracy in a long-
term period for air temperature representativeness (Yilmaz, 2023). Hourly air temperature data
were converted to daily maximum temperature in each grid cell. The SPEI index is calculated
based on the monthly climatic water balance deficit (precipitation and total evapotranspiration)
based on the Penman-Monteith (Allen et al., 1998) approach, which is widely performed to
capture drought events. SPEI at a 6-month time scale (e.g., SPEI-6) was selected to capture
CDHW events and their severity (Monteiro dos Santos et al., 2024). To overlap these two
datasets with different spatial resolutions, bilinear interpolation (Begueria et al., 2014), which is
a reliable method for climate studies (Nouri, 2023), was performed to improve the spatial
resolution of SPEI-6 data to 0.1-degree spatial resolution.

The long-term gridded with 0.25 spatial degree burned area (m?) between 1982 and 2000 years
(except 1994 due to lack of data) was developed using images acquired by the Advanced Very
High-Resolution Radiometer (AVHHR) and provided by the European Space Agency (Oton et
al., 2021). A dataset with the same spatial resolution from 2000 to 2019 and from 2020 to 2023
was provided by ESA-CCI based on Moderate Resolution Imaging Spectroradiometer (MODIS)
and Copernicus Climate Change Service (C3S) based on Ocean and Land Colour Instrument
(Sentinel-3 OLCI) sensors, respectively (Chuvieco et al., 2018). These spatiotemporal datasets
were also regridded to a common 0.1-degree for the computations (Chai et al., 2026).

The global gridded historical crop yield (production per unit harvested area) for major crops
(wheat, rice, soybean, and maize) from 1981 to 2016 was developed by lizumi and Sakai (2020)
with 0.5-degrees, which was regridded to 0.1-degree spatial resolution. This dataset was
generated based on the countries’ annual yield statistics provided by FAOSTAT and gridded
using remotely-sensed leaf area index (LAI), the fraction of photosynthetically active radiation
(FPAR), and reanalysis solar radiation and reported crop-specific radiation-use efficiency data
(lizumi and Sakai, 2020). The Turkish Meteorology Service (2014) published the crop phenology
atlas based on valuable long-term observations from 1930 to 2012 years for Tiirkiye to capture
the months of the most crucial phenological stages (Bakanogullar et al., 2022) of the major field
Crops.

2.3 Compound Drought and Heatwave Events Characterization

A heatwave event (days) occurs when daily maximum air temperature (Tmax) exceeds the 90
percentile-based threshold (Tinreshold) for at least three consecutive days (Mukherjee and Mishra,
2021) for each grid cell, where the 90™ percentile is based on a 30-year (1966-1995) long-term
period (Perkins-Kirkpatrick and Gibson, 2017). This threshold was calculated based on the daily



Tmax from the 1966-1995 period. Heatwave severity (°C) was calculated as the difference
between daily Tmax and Tireshold (Perkins-Kirkpatrick and Lewis, 2020). A CDHW event is
characterized by when both a heatwave and a drought condition occur simultaneously (Figure 2).
In this study, a drought event was detected when SPEI-6 values < -1, which can be considered
moderate-to-extreme dry conditions. The severity of a CDHW is calculated as the difference
between daily Tmax and Tinreshold When a heatwave and a drought event occurred at the same time.

Conceptual Definition of Compound Drought and Heatwave (COHW)
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Figure 2. The graphical representation of CDHW events and their severity throughout a year.

To evaluate the long-term changes in the frequency and severity of CDHW events, a robust non-
parametric statistical framework was employed. The temporal trends were quantified and tested
for statistical significance through the Mann-Kendall (MK) trend test and the Theil-Sen Slope
Estimator. The MK (Mann, 1945; Kendall, 1948) test is a rank-based non-parametric method that
is particularly well-suited for climatological time series, as it does not require the data to follow a
specific distribution and is highly resilient to the influence of outliers. A significance threshold of
p < 0.05 was applied to identify regions with statistically robust temporal shifts. While the MK
test identifies the presence and significance of a trend, the magnitude of these changes was
quantified using the Theil-Sen Estimator (Sen, 1968). The results of the MK test and the Theil-
Sen estimator were integrated to generate spatial maps. Grid cells exhibiting statistically
significant trends (p < 0.05) were highlighted to identify regional hotspots of increasing CDHW
risk. Areas with non-significant changes were masked or separately identified to ensure a
rigorous interpretation of the climate signal.



2.4 Causality

In this study, I employed the PCMCI algorithm, a state-of-the-art causal discovery framework
designed for high-dimensional time series data, addressing the challenges of high-dimensional
dependencies and autocorrelation (Runge et al., 2019), to quantify the causal influence of
CDHW events and their severity on crop yield reduction and burned areas of fire events. The
algorithm uses a two-step process to function: PC Phase (Condition Selection): For each target
variable, a collection of possible “parent” nodes (causal drivers) is found using an iterative
conditional independence test (Krich et al., 2020). This step effectively reduces the dimension of
the conditioning set by removing irrelevant variables. MCI Phase (Momentary Conditional
Independence): Building upon the PC phase, the MCI test calculates the strength of the causal
link (MCI value) by conditioning on the identified parents. This ensures that the identified
relationships are not spurious correlations caused by shared drivers or auto-dependencies
(Runge, 2018).

The PCMCI framework was applied with crop yield anomalies to capture contemporaneous and
short-term lagged seasonal impacts, and for wildfire analysis to account for contemporaneous
effects of CDHW events and their severity. The methodology is structured into three primary
phases: data preprocessing and detrending, phenology-based sensitivity establishment, and
gridded causal inference computations.

Annual crop yield data (1982-2016) for winter wheat, maize, rice, and soybean were first
subjected to a linear detrending procedure. This step was critical to remove non-climatic signals,
such as advancements in agricultural technology and management practices (Lu et al., 2017).
The arithmetically indicated yields were then normalized into Z-scores to represent yield
anomalies (Chen et al., 2024). Monthly burned area data (1982-2023) were utilized to represent
fire activity. Unlike crop yields, burned area data were analyzed in their original temporal
structure to capture the intra-annual variability of fire regimes. To ensure comparability across
different climatic zones, the burned area values were log-transformed prior to causal analysis
where necessary to handle the highly skewed nature of fire event distributions (Abatzoglou and
Williams, 2016).

CDHW indicators were categorized into event frequency and maximum severity. For crop
analysis, these were aggregated based on crops’ critical phenological stages, while for wildfire
analysis, monthly maximum severity and total event days were used to match the monthly fire
records. For each grid cell, the PCMCI algorithm was executed independently. For wildfires, the
causal link between monthly maximum CDHW severity and burned areas was tested, whereas
for crops, the analysis focused on the relationship between seasonal CDHW metrics and annual
yield anomalies. To ensure statistical robustness, only causal links with a significance level of p
< 0.05 were retained (Tibau et al., 2022). The resulting MCI values were spatially illustrated to
identify regional vulnerability hotspots. The PCMCI algorithm was performed thanks to the
Python Tigramite package (Runge et al., 2023; https://github.com/jakobrunge/tigramite).



3. Results

Figures 2 and 3 illustrate the spatial distribution of the number of monthly CDHW events and
severity across Tiirkiye for the last 60 years. This 60-year period was divided into two parts,
1966-1995 (the first period, P1 afterwards) and 1996-2025 (the second period, P2 afterwards), to
show climatological differences.
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Figure 3. Spatial distribution of monthly mean CDHW event frequencies for the periods 1966—
1995 (left) and 19962025 (right) (Reference Period: 1966-1995).
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In P1, CDHW events are characterized as infrequent (0 to 1) compound events; however, in P2,
the frequency of CDHW events significantly climbs throughout all months in Tiirkiye. The
frequency increases to 4—5 days per month, especially in the summer months. A comparable
scenario is observed throughout the winter season. From December to March, the frequency of
CDHW events in the mountainous region is 2.9 to 3.6 days each month, with a mean value of 3.2
days. The frequency in the autumn months is changed; whereas the values were less than 1 day
in the P1 period, this value is increased to a range of 2-4 days per month in most of Tiirkiye
during the P2 period. During P1, CDHW events displayed notable localization and transience,
with the mean spatial extent under compound stress consistently remaining below 0.5% for most
months, reaching a minimum of 0.16% in February and a maximum of 0.74% in April.
Conversely, the P2 exhibits considerable geographic expansion; for instance, the daily spatial
extent in December is increased from 0.24% to 3.4%, indicating a 14-fold increase in the mean
daily spatial area affected. This increase is particularly notable in August and March, with daily
extents reaching peaks of 3.2% and 3.0%, respectively. The mean daily spatial extent is increased
from 0.38% in P1 to 2.49% in P2.
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Figure 4. Spatlal dlstrlbutlon of monthly mean CDHW severlty for the perlods 1966—-1995 (left)
and 19962025 (right) (Reference Period: 1966-1995).

Figure 4 illustrates a significant increase in the regional distribution of CDHW severity across all
months. The intensification during the winter and early spring months (December to March) is
particularly significant. In these months, mean CDHW severity is increased from 2.0 to 3.2°C.
The largest increase in mean severity is calculated in March, rising from 2.1°C to 3.6°C. The
mean severity increase during summer is calculated as 0.9°C from 1.7 to 2.6°C. A considerable
increase in maximum CDHW severity is also detected in all months except August. Maximum
CDHW severity is decreased from 10.5 to 9.6°C. Although the maximum intensity of CDHW
events occurring in August during the P1 period is recorded as higher (+0.9°C), their spatial
extent (ranging from 0.25 to 3.2%) and mean severity (increasing from 1.7 to 2.2°C) remained
considerably more limited compared to the P2 period. During the period when spatial extent
increased the most (December to March), the mean maximum severity increased from 8.2 to
13.0°C. Also, the maximum severity in March and December experienced a sharp increase from
7.8°C in P1 to 14.2°C in P2 and 7.3°C to 13.2°C, nearly doubling in intensity, respectively. The
statistical analysis of changes in frequency and severity of CDHW events can be seen in Figure
5.
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Figure 5. Changes in monthly frequency and severity of CDHW events. Black dots represent
grids where the changes are significant. The trends in frequency and severity are 2.74
days/decade and 0.74°C/decade, respectively (p<0.05).

Figure 5 illustrates that an increase of CDHW events is not only considerable but also
statistically significant across most of the regions and seasons. A large increase in both frequency
and severity can be observed, with the changes being statistically significant (p < 0.05) during
the summer months and the crucial winter-spring transition period (from December to March).
From December to March, the increases in frequency (over 3.6 days/month) and severity (up to
14.2°C in maximum severity) are statistically significant across almost the entire area.
Additionally, the increased frequency and severity during July and August, particularly across the
Anatolian plateau (central region), indicates an intensive upward trend in compound stressors.
On the other hand, frequency does not show a statistically significant decrease in any grid cell.
However, some local areas show significant decreases in CDHW severity over specific months.
A notable localized decrease in intensity occurs in Southeastern Anatolia in January, in the
northern region in April, and in certain highly urbanized areas (the northwestern region) in May.
In the end, the tendency for intensification is most clear in the western part during the autumn
months. The increase in severity, which often exceeds 2°C, is statistically significant, indicating
a major shift toward more severe compound extremes.

Mean burned area in hectares per year and monthly distribution can be found in Figure 6
between 1982 and 2023.
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Figure 6. Fire distribution of burned area map (left) and diagram by months from 1982 to 2023
(right).

The spatial distribution of burned areas reveals a strong concentration in the southern latitudes of
Tiirkiye, with considerable events in the western-southwestern, central, and northeastern regions.
Fire affects an average of 629,500 hectares per year. The temporal distribution of fire activity is
clearly seasonal, with the predominant burned area occurring from May to September; this
episode covers an average of 532,000 hectares annually, constituting 84.5% of the total annual
burned area. For this reason, the PCMCI was performed to provide causal links between the
burned area and CDHW events and severity during these months. On the other hand, the months
of October, November, December, and January represent a much smaller portion, accounting for
15.1% of the total annual burned area. Figures 7 and 8 show the spatial causal strengths and MCI
values of the monthly total event and maximum severity of CDHW in the monthly total burned
area, respectively.
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Figure 7. Causal links between burned area and (a) total CDHW events and (b) monthly
maximum severity from 1981 to 2023.

Based on spatial causal analysis, the MCI values between monthly total CDHW events and
monthly total burned areas range from 0.11 to 0.38, with a mean MCI value of 0.15+0.04. The
MCI values correlating monthly maximum CDHW severity with monthly total burned areas
range from 0.10 to 0.36, with a mean MCI value of 0.14+0.05. The spatial distribution of causal
strength between the monthly total CDHW events and maximum severity, as well as the monthly
total burned areas, reveals significant similarities. The maps indicate that the causal effect of
CDHW events and their intensity on burned areas varies regionally, primarily focused in Central
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and Southeastern regions, where hotspots for compound climate stressors related to fire
dynamics are identified. The boxplots (Fig. 8) show the MCI values distribution of monthly
CDHW events and their maximum severity on burned areas.
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Figure 8. The MCI values distribution of burned area on total CDHW events and monthly
maximum severity of selected months from 1982 to 2023.

The median MCI values are 0.134 for CDHW events and 0.126 for CDHW severity. The low
interquartile range of 0.031 for events and 0.039 for severity indicates that 50% of the causal
impacts are confined within these limited intervals, underscoring a high degree of consistency in
this causal relationship throughout the grid cells. There are some significant outliers with MCI
values of up to 0.383 for CDHW events and 0.356 for severity. This analysis shows that
compound climatic stressors are the most dominant factors of the monthly total burned areas.

It can be seen from Figure 9 that the crop distribution of major crops (e.g., winter wheat, maize,
rice, and soybean) covers most of Tiirkiye.
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Major Crop Cultivation Areas in Turkiye
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Figure 9. Crop Distribution Map from 1982 to 2016 years (lizumi and Sakai, 2020).

Winter wheat, represented by the yellow areas, is the prevailing field crop, and 80% of winter
wheat is rainfed cultivated. Most of the maize is irrigated, grown under heat stress conditions,
and covers more than half of the agricultural lands (red lines). Rice is grown on around 10
percent of agricultural lands (blue parts) and cultivated under continuous flood or saturated soil
conditions. Soybean cultivation is also an important legume crop in the Cukurova Region (green
parts). Based on the crop phenology atlas, the critical phenological periods of the crops were
determined. Winter wheat grows rapidly between April and June, and grain filling occurs during
these months. Maize and soybean are vulnerable to heat stress and lack of water availability from
June to August. The period from July to September is vulnerable for rice. Therefore, water
availability (e.g., drought conditions) and heatwave events during these critical periods play an
important role in crop productivity in Tiirkiye. The PCMCI calculations for each crop based on
their critical phenological stages between monthly total CDHW events, maximum severity,
seasonal total events, their maximum severity, and crop yield anomalies were performed. Spatial
causal strength maps of the seasonal sum of total CDHW events and their maximum severity on
crop yield anomalies for each crop can be found in Figures 10-13.
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Figure 10. Spatial distribution of causal links between winter wheat yield anomalies and (left)
total CDHW events and (right) monthly maximum CDHW severity during the selected
phenological months from 1981 to 2016.

The spatial patterns of causal strengths reveal that winter wheat is the crop most consistently
influenced by CDHW conditions across Tiirkiye. A substantial proportion of agricultural grid
cells shows statistically significant causal links for both CDHW event frequency and severity.
Mean MCI values (—0.41 for events and —0.43 for severity) indicate a strong negative influence
of compound stress during the April-June phenological period, when rapid biomass
accumulation and grain filling occur. The relatively narrow standard deviations (0.065-0.067)
and the strong minimum values (down to —0.71 and —0.72) highlight that winter wheat
experiences widespread and robust sensitivity, particularly across the Central Anatolian Plateau
and Southeastern parts, which have the largest share in winter wheat production. The slightly
stronger mean impact of CDHW severity compared to event count suggests that thermal excess
during drought periods is a key driver of yield anomalies, aligning with the well-known
vulnerability of the grain filling phase to combined heat and water stress. Overall, winter wheat
demonstrates the broadest and most spatially stable causal response among all evaluated crops.
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Figure 11. Spatial distribution of causal links between maize yield anomalies and (left) total
CDHW events and (right) monthly maximum CDHW severity during the selected phenological
months from 1981 to 2016.
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The causal strength map of maize demonstrates a more limited yet distinct causal response to
CDHW conditions, especially in critical production regions including the Northwestern, Western,
and Southeastern areas. Nonetheless, the mean MCI values (—0.41 for events and —0.42 for
severity) are comparable in magnitude to those of wheat, showing that when maize suffers, the
causal relationship is strong. The minimum MCI values (ranging from —0.68 to —0.70) indicate
that specific hotspots, where presumably regions with high vapor pressure deficit and severe heat
stress throughout the reproductive phase from June to August, are suffering from climate
stressors. The correlation between event and severity distributions indicates that maize yields are
vulnerable to both CDHW events and their severity.

Rice - Seasonal CDHW Event - Yield Rice - Seasonal CDHW Severity - Yield
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Figure 12. Spatial distribution of causal links between rice yield anomalies and (left) total
CDHW events and (right) monthly maximum CDHW severity during the selected phenological
months from 1981 to 2016.

For rice, there are moderate but consistent causal links to CDHW conditions in major
paddy-growing areas. Significant pixels represent 13.9% of cultivated regions for both CDHW
event frequency and severity. The mean MCI values (-0.41 for events and —0.44 for severity)
suggest a strong causal influence. Minimum values (—0.54 to —0.59) imply that while rice
production systems benefit from controlled flooding, high-temperature anomalies during the
July—September window still cause considerable yield loss, particularly through impacts on
panicle initiation and grain sterility. The slightly stronger influence of CDHW severity compared
to event count indicates that rice is more affected by the intensity of hot-dry episodes rather than
their recurrence.
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Figure 13. Spatial distribution of causal links between soybean yield anomalies and (left) total
CDHW events and (right) monthly maximum CDHW severity during the selected phenological
months from 1981 to 2016.

Soybean demonstrates the most spatially limited but also the strongest mean causal response to
CDHW stress among all crops. Only 6.4% of soybean-growing pixels show significant causal
links, reflecting its confined cultivation zone in the Cukurova region. The mean MCI values (—
0.53 for events and —0.51 for severity) are the most negative among all crops, reflecting that
soybean cultivation experiences a disproportionately serious effect on yield loss due to CDHW
occurrences. Minimum MCI values (—0.60 to —0.62) show significant sensitivity during the
reproductive phase from June to August, characterized by high water requirements and heat
sensitivity. Soybean has a nearly equivalent impact from event frequency and severity, indicating
that both the events and intensity of hot-dry conditions affect physiological processes throughout
the flowering and pod-setting stages.
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Figure 14. Distribution of MCI values showing the causal influence of total CDHW events and
monthly maximum CDHW severity on yield anomalies of major crops during crop-specific
critical phenological periods (1981-2016).

The boxplot analysis of the causal strengths reveals clear and crop-specific sensitivities for yield
anomalies to CDHW conditions across Tiirkiye. Winter wheat exhibits the broadest and most
homogeneous response, with relatively narrow interquartile ranges for both CDHW event
frequency (IQR = 0.07) and severity (IQR = 0.09), and median MCI values clustering near -0.39
and -0.41, respectively. The lower whiskers extending to -0.53 for events and -0.60 for severity
indicate that a substantial portion of wheat-growing regions experiences pronounced negative
causal impacts. Maize displays a comparable but slightly more dispersed response, with wider
IQRs (0.10 for events; 0.09 for severity) and similarly negative medians around —0.39 to —0.40.
The deeper minimum values (-0.70 to -0.69) highlight the existence of strong, spatially
concentrated hotspots where CDHW conditions exert disproportionately large influences on
reproductive-stage yield outcomes. Rice demonstrates a more moderate pattern, reflected in the
tight IQR for event-based causality (0.05) but stronger tail sensitivity for severity (minimum = -
0.59), suggesting that while CDHW events affect rice uniformly, extreme heat intensity during
flooded growing conditions remains a dominant driver of stress-induced yield reductions.
Soybean stands out with the strongest median causal effects among all crops (-0.54 for events; -
0.54 for severity), despite having the smallest spatial portion. Boxplots of soybean MCI values
are shifted uniformly toward more negative values, and the severity metric shows the widest
dispersion (IQR=0.12) and the deepest minimum (-0.62), showing soybean’s vulnerability to
CDHW conditions during flowering and setting pod periods. Collectively, these distributions
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demonstrate that all crops experience significant causal impacts from CDHW events and their
magnitude.

4. Discussion

This study investigated the spatiotemporal impact of CDHW occurrences on fire activity and
agricultural productivity throughout Tirkiye, considered a climate-change hotspot where
extensive croplands and forests are increasingly susceptible to extreme climatic stressors.
Utilizing the PCMCI causal discovery framework on long-term gridded datasets of climate,
burned area, and crop yield, while considering crop-specific critical phenological periods, I
assessed whether the frequency and thermal severity of CDHW events have statistically
significant causal impacts. The investigation utilized high-resolution reanalysis data, long-term
gridded crop yields to identify sensitivity in major crop yields, and burned areas to elucidate the
causal mechanisms by which CDHW extremes influence fire dynamics and crop yield anomalies.
Figures 3-5 demonstrated marked increases in both the frequency and the severity of CDHW
occurrences when comparing the 1996-2025 to the 1966-1995 periods, with statistically
significant trends (p<0.05) across the country. Strong intensification from December to March
and during summer months suggests an elongation of the hot—dry season and a widening of the
thermal envelope within which agriculture, ecosystems, and fire regimes operate. This shift in
CDHW occurrences—more days meeting concurrent hot and dry thresholds and higher
temperature exceedances—creates the preconditions for enhanced climate-impact synchrony on
crops and fires detected by our causal analysis. These findings are consistent with broader
assessments that show a positive trend in CDHW frequency and severity globally (Wang et al.,
2025) and across the Mediterranean Basin (Petrou and Kassomenos, 2025), highlighting the
growing relevance of CDHW dynamics for regional impact assessments.

Fire activity in Tirkiye is seasonal (May—September) and geographically concentrated toward
southern and western parts (Fig. 6). The MCI maps show significant causal links between
monthly burned area and both (i) total monthly CDHW events and (ii) monthly maximum
CDHW severity, with spatial hotspots over Central and Southeastern regions (Fig. 7). The
distributions of MCI values indicate comparable mean causal strengths for events (range is from
0.11 to 0.38) and severity (range is from 0.10 to 0.36), alongside notable outliers that mark
locations where CDHW events become important factors on burned area variability (Fig. 10).
These findings show that CDHW events elevate fuel aridity and flammability, while extreme
heat peaks accelerate fuel curing and reduce live-fuel moisture, enabling larger or more frequent
burns even under similar conditions. Such findings align with the general conclusion that CDHW
events increase the risk of wildfire globally (AghaKouchak et al., 2020; Messori et al., 2025) and
in eastern-southern Europe (Santos et al., 2024).

The major crops (Fig. 9), such as winter wheat, are grown in large areas and under mostly
rainfed conditions. (Keser et al., 2018). Other crops like maize and soybean are grown primarily
irrigated (Bakal et al., 2017), and rice is grown under flooded or saturated conditions (Cebi et al.,
2023). Even though irrigation creates contrasting hydrologic buffers against CDHW events, it
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does not negate thermal stress, and phenology-based aggregation of CDHW metrics ensures that
the causal analysis targets sensitive periods (e.g., April-June for wheat; June—August for
maize/soybean; July—September for rice). These systemic and phenological contrasts help
explain the heterogeneous MCI distributions across crops that follow. Fig. 10 reveals the
broadest and most spatially significant causal response for winter wheat, particularly across the
semi-arid Central Anatolian Plateau, with significant mean MCI values for both CDHW
frequency (—0.41) and severity (—0.43). The slightly stronger impact of severity relative to event
count indicates that thermal excess during CDHW periods is a principal driver of yield
reductions, consistent with the vulnerability of grain filling to combined extreme heat and lack of
soil water content in the April-June period, implying widespread and coherent sensitivity under
rainfed production. He et al. (2022) selected three cases in 2003 France, 2010 Russia, and 2018
Germany to investigate the effects of CDHW events on winter wheat yield reduction. The mean
crop yield reduction of three cases was 20%. The MCI values of this study represent the stronger
causal strengths of CDHW events their severity in the reduction of winter wheat yields in
Tiirkiye. Maize exhibits localized yet strong causal links in many regions of Tiirkiye (Fig. 11).
While irrigation mitigates the effects of drought, maize still shows clear sensitivity to CDHW
events and their severity. The lower-tail extremes in the boxplots (—0.69 to —0.70) and clusters in
most parts suggest that extreme heat during silking and early grain fill periods cannot be fully
compensated by water supply, yielding pronounced negative anomalies where vapor pressure
deficit (VPD) and canopy temperature increase. Simanjuntak et al. (2023) focused on the causal
impacts of heatwaves and drought events on maize yield using PCMCI in South Africa between
1986 and 2016. Their results in the northwestern part of South Africa showed that maize yields
have slightly more causal strength (46%) to CDHW events compared to all parts of Tiirkiye
(41%). Despite a smaller spatial extent (Fig. 12), rice yield reduction shows consistent causal
effects, especially for CDHW severity (44%), which exhibits stronger tails than event frequency
(41%). This asymmetry implies that thermal intensity, rather than the mere number of CDHW
events, is the more critical factor under flooded conditions. The interpretation aligns with rice’s
physiological sensitivity to nighttime heat and extreme daytime temperatures, which can elevate
spikelet sterility and reduce grain filling even when water is abundant (Fleisher et al., 2022). Fu
et al. (2023) quantified the impacts of heatwaves and drought events on rice yield reduction
between 1999 and 2012 across China and calculated their effects as 5.4+1.7% and 4.2 +1.1%,
respectively. Hassan et al. (2026) showed that dry-hot events statistically significantly reduced
the yields of maize and winter wheat crops in Europe during the period 1979-2021. Soybean
shows the most negative median MCI (Fig. 14) among the crops, despite its limited cultivated
area (Fig. 9), and severity exhibits the widest dispersion. Together with the significant lower
tails, these patterns indicate high susceptibility to CDHW events (-51%) and their severity (-
53%) during flowering and pod set when irrigation cannot fully buffer canopy-level thermal
stress (Fig. 13). Lesk et al. (2022) reviewed the impacts of compound events on global crop
yields and highlighted that the US Midwest experienced significant soybean yield loss linked to
the drought and heat events in 2012.
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Although CDHW events exhibited clear and statistically significant causal impacts, the causal

strengths for burned areas were generally lower than crop-yield reductions. This is expected

because wildfire behavior is influenced by several additional key drivers such as high wind speed

(Dong et al., 2021), snow drought conditions of the previous winter (Westerling et al., 2006), and

high VPD (Rao et al., 2022), which interact with, but also operate independently from, hot—dry

extremes. As a result, CDHW metrics alone cannot fully capture the multi-factor nature of fire
dynamics, whereas crop responses are more directly tied to compound hot—dry stress during
critical phenological stages.

While regridding SPEI-6, burned areas, and crop yield data to a 0.1-degree spatial resolution

using bilinear interpolation, along with phenology-based aggregation, enables spatially

consistent inference, it is highly likely that more areas will be locally affected. Based on the
findings of our study, some specific recommendations can be made to enhance the management
strategies of agricultural and forest lands.

e Early warning systems: The findings emphasize the significance of early warning systems
that monitor not only CDHW occurrences but also other climatic stressors, offering prompt
advice for agricultural management and fire response preparation.

e Climate-Resilient Infrastructure: The significant causal effects observed in both rainfed and
irrigated systems underscore the necessity for climate-resilient agricultural and landscape
infrastructure, including efficient irrigation networks and innovative practices such as
agrivoltaics, to mitigate vulnerability to climate-driven hazards.

e Integration of Climate Risk into Planning: Incorporating CDHW-based risk metrics into
agricultural scheduling, crop selection, and forest management strategies is crucial for
enhancing long-term resilience, as both the frequency and severity of CDHW events were
identified as important factors influencing crop yield anomalies and fire activity.

5. Conclusion

The primary objective of this study was to (i) reveal the climatology of CDHW events and (ii)
determine whether the frequency and severity of CDHW events have statistically significant
causal influences on fire activity and crop yield reductions across Tiirkiye, a climate hotspot,
where extensive agricultural and forest areas are increasingly exposed to extreme hot—dry
conditions. Using long-term gridded climate, burned-area, crop yield datasets, and crop-specific
phenological periods, the PCMCI causal discovery framework was employed to quantify causal
strengths.

The results reveal that both CDHW frequency and thermal severity have significant causal
strengths on burned-area dynamics, with particularly strong effects in Central and Southeastern
regions where compound conditions are recurrent and fuel aridity responds rapidly to
synchronous hot-dry extremes. Similarly, CDHW metrics also have crop-specific causal effects
on yield anomalies: winter wheat, predominantly rainfed, shows the broadest and most spatially
consistent sensitivity; irrigated maize and soybean remain highly vulnerable to CDHW event and
severity despite supplemental water; and rice experiences strong yield impacts from extreme
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thermal peaks even under flooded conditions. These outcomes demonstrate that both the
recurrence and intensity of CDHW events shape agricultural and ecological outcomes during
critical phenological and seasonal periods.

The study emphasizes the necessity of incorporating awareness of CDHW events into
agricultural planning, wildfire preparedness, and climate impact assessment. By highlighting
where and when CDHW events most strongly influence production and fire risk, the findings
provide a data-driven foundation for improving early-warning capabilities, informing resource
allocation, and supporting adaptive management in vulnerable sectors. Ultimately, the results
emphasize the urgent need to adopt compound-event monitoring frameworks, enhance
climate-resilient agricultural and landscape infrastructure, and develop long-term adaptation
strategies tailored to the increasing likelihood of extreme hot-dry conditions across Tiirkiye.
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