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ABSTRACT

Crop yield predictions on inter-seasonal to inter-annual horizons are subject to a diverse set of uncertainties
associated with climate forecast scenarios. However, the uncertainties associated with climate-related parame-
ters can be marginally controlled (reduced) over the growing season, i.e., from planting through harvest,
leveraging a suite of climate forecast ensembles as forcings. In this study, we present a novel approach that
combines a coupled hydrologic-crop modeling framework with probabilistic forecasts to characterize and reduce
uncertainties in seasonal rice yields predictions. By weighting real-time (nowcast) and forecast climate forcings,
the comprehensive framework accurately quantifies uncertainties associated with climate forecasts. At a pro-
vincial scale, the crop model extensively captured the uncertainties in yields whilst significantly complementing
observations over the growing season. We observed that the spread of yield predictions gradually decreased over
time (i.e., towards harvest) as subsequent timeframes incorporated a higher degree of present conditions/forc-
ings and reduced reliance on forecasts. Furthermore, we investigated the information exchange between yields
and hydrologic/drought variables over different time frames within the season. Notably, we found a higher
synchronization of information transfer between yields, dryspells, and minimum air temperatures towards the
end of season, indicating strong explicit links between these variables and crop yields. These outcomes have
significant implications on crop yield forecasting and nowcasting, particularly in data-poor regions. By providing
a better understanding of the uncertainties associated with seasonal climate forecasts and the interplay between
hydrologic variables, drought conditions, and crop yields, this research can aid in improving decision-making
processes related to agricultural planning, and risk management. Moreover, these insights can inform assess-
ments of economic, social, and environmental impacts of drought in agricultural systems.

1. Introduction

floods (Alizadeh et al., 2020; Clarke et al., 2022; Dai, 2013; Gampe et al.,
2021). These changes in climate are multifaceted and pose a serious

Emerging megatrends such as population growth, land-use changes,
resource scarcity, and socio-economic practices profoundly impact
agricultural ecosystems around the world. One of the most pressing
challenges is the changing climate, including rising temperatures, un-
timely and sporadic precipitation patterns, shifting seasonality, and
increased vulnerability to extreme weather events such as droughts and
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threat to agricultural sustainability and food security (Challinor, 2011;
Fujimori et al., 2019; Jagermeyr et al., 2021). The situation is particu-
larly acute in food insecure (developing) regions, for e.g., the
Sub-Saharan Africa and Southeast Asia (Mekong Basin), wherein a
combination of escalating natural (frequent exposures to extreme events
such as hurricanes/cyclones, heatwaves, drought, etc.) and
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anthropogenic (e.g., physiographic and demographic shifts, conversion
of forests and grasslands into croplands, etc.) activities is expected to
further aggravate the current situation/crisis in these climate-sensitive
hotspots, especially for food production (Ahmadalipour et al., 2019;
Kang et al., 2021; Konapala et al., 2020; Padron et al., 2020; Thilakar-
athne and Sridhar, 2017).

Climate and weather conditions significantly influence crop growth
and development, underscoring the importance of accurate and timely
weather forecasting for effective agricultural planning. Seasonal climate
forecasts provide crucial insights for rainfed agricultural systems, aiding
farmers in optimizing practices based on expected climate patterns (Lal
and Stewart, 2018). Timely access to critical weather information, such
as rainfall and temperature variability, enables informed decisions,
optimizing practices from planting to post-harvest activities. Particu-
larly, farmers can adjust strategies based on expected patterns selecting
drought-tolerant varieties during anticipated dry periods or aligning
harvest schedules with impending extreme events. Furthermore, a reli-
able forecast and an understanding of climate-crop links enhance pro-
ductivity and risk minimization. For instance, forecasted yield estimates
allow farmers to assess production and income risks, prompting adap-
tive strategies like crop insurance and diversification. Likewise, antici-
pating market conditions enables informed decisions on timing, volume,
and pricing, fostering stability. Numerous earlier studies have demon-
strated that improved yield forecasts enhance farmer’s decision-making
abilities (Australia: Brown et al., 2018; India: Kushwaha et al., 2022;
United States: Lacasa et al., 2023). In contrast, unreliable forecasts can
result in suboptimal practices such as inadequate water management,
inaccurate fertilization, incorrect planting dates. Although, un-
certainties in seasonal climate forecasts, stemming from meteorological
influences and/or model intricacies, are inevitable, identifying the
sources of uncertainties in seasonal climate forecasts, and implementing
mitigation strategies are vital for effective decision-making and ensuring
sustainable crop productivity.

Extensive research has been conducted to understand the relation-
ship between climate and crop yields, with particular focus on the im-
pacts of climate variability on staple crops (e.g., maize, rice, wheat,
soybeans, etc.) (Innes et al., 2015; Mavromatis, 2015). As outlined in
many of these studies, there is compelling evidence of the adverse effects
of changing climatic conditions on interannual crop yields, thus
emphasizing the urgent need to address this burgeoning crisis of food
security (Minoli et al., 2022; Vogel et al., 2019; Rifai et al., 2019; Shukla
et al., 2019). Shortened growing seasons, altered precipitation patterns,
warmer growing season temperatures (i.e., the Growing Degree Days,
GDD), and increased intensity and frequency of flood and drought oc-
currences threaten water availability and agricultural productivity in
developing agrarian nations (Challinor et al., 2016; Ray et al., 2015;
Zhao et al., 2017). For instance, Ortiz-Bobea et al. (2021) observed a
temperature-related linear decline in agricultural productivity over the
growing season, varying across countries. Hence, the existing literature
underscores the urgency of addressing the impacts of climate variability
on agricultural crop yields through sustainable and climate-resilient
approaches.

Skillful forecasts of crop yields at seasonal and sub-seasonal time-
scales are essential for facilitating improved crop management and
decision-making given the myriad uncertainties in agricultural produc-
tion (Basso and Liu, 2019; Togliatti et al., 2017). Weekly to monthly
yield projections not only ensure food security but also provide an
overview of the weather conditions in the adjacent growing season. Such
critical pieces of information can allow governments, research in-
stitutions, and policymakers, to act accordingly, and implement effec-
tive adaptation measures to build resilient agricultural systems (e.g.,
early warning systems for extreme events, water management tech-
niques, etc.). Numerous previous studies have forecasted crop yields at
varying spatial and temporal scales using process-based models and
satellite remote sensing techniques (Karthikeyan et al., 2020; Konduri
et al., 2020). However, relying on a combination of approaches—use of
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computational modeling, data analytics, automation, advisory systems,
remote sensing, and appropriate agronomic practices—can yield better
results compared to a single approach. Incorporating satellite remote
sensing data into process-based models allows for a comprehensive
assessment of crop conditions and facilitates targeted interventions.
Generally, satellite imagery captures the vegetation dynamics, and crop
attributes including leaf area index (LAI), land surface temperature at
varied temporal and spatial coverages monitor the real-time crop
growth and yield potential. Additionally, the weather forcings (e.g.,
precipitation, air temperature, etc.) that are provided to the models,
assimilation of remotely sensed state variables (e.g., soil moisture),
calibration and validation of the models, among others are some of the
key components used to capture crop characteristics (e.g., phenology,
yield, etc.). Similarly, combining satellite datasets with process-based
models leads to improved simulation accuracy while enhancing mech-
anistic understanding of the physiological and biochemical processes of
crop growth. Specifically, they track the crop development (phenology)
over the growing season based on climate, soil properties, agronomic
practices, etc. Likewise, the use of data (statistical) analytics (e.g., his-
toric trends/patterns of cropping), and knowledge about local agro-
nomic practices (e.g., planting/sowing date, fertilizer application,
cultivars, etc.) enables accurate predictions, optimized resource alloca-
tion, whilst identifying yield gaps and inefficiencies.

An integrated approach leverages the strength of multiple tech-
niques, thus allowing enhanced decision-making and improved effi-
ciency. In other words, the integration of advanced modeling techniques
with real-time climate data offers farmers the potential to enhance
productivity, reduce risks, and improve resource management. Partic-
ularly, by combining hydrologic and crop models, we overcome the
limitations of representing the complex hydrological processes solely
within the crop models, and get a more accurate representation of water
availability and drought conditions, which are essential factors influ-
encing crop growth and productivity. The hydrologic model provides
valuable insights on the soil moisture dynamics and water availability
(compared to the simplified soil water balance module employed in crop
models), enabling us to assess the water requirement for crop growth
and development during periods of stress. Similarly, a combination of
data analytics and automation enables the optimization of agricultural
operations by analyzing large sets of data and leveraging technology to
streamline processes, maximize productivity, and reduce wastage.
Recently, several studies have incorporated new technologies such as
machine learning, and deep learning specifically using neural networks,
that sample the input variable space for a particular vegetation type
(Ermida et al., 2017). These new systems boast sophisticated algorithms
that provide the flexibility to analyze a large and diverse set of datasets,
enabling a holistic understanding of agricultural systems. Such studies
have exhibited improved prediction of interannual crop yields, when
remote sensing information, and accurate agronomic management in-
formation, were supplemented with deep leaning and machine
learning-based models (Feng et al., 2020; Paudel et al., 2023). Although
integrated approaches demonstrate improved accuracy, their imple-
mentation is often hindered due to technical complexities, data avail-
ability and quality (e.g., inconsistent data), expensive computational
(and maintenance) requirements, and contextual factors (e.g., differ-
ences in local agronomic practices).

While existing forecasting methods have advanced our understand-
ing of crop yield dynamics, there are several limitations that hinder the
accurate and timely estimation of yield projections, particularly in re-
gions vulnerable to climate extremes. The Lower Mekong Basin (LMB),
specifically Cambodia, serves as a compelling case study, as it has
experienced significant impacts from weather extremities and anthro-
pogenic factors, leading to adverse effects on rice production and the
livelihoods of farmers (Guo et al., 2017; Hoang et al., 2019; Son et al.,
2012; Thilakarathne and Sridhar, 2017). Hence, addressing these limi-
tations requires advancements in data availability, modeling ap-
proaches, and stakeholder engagement.
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Implementing the abovementioned approaches would greatly
benefit in mitigating the impacts of such natural climatic shocks, whilst
significantly reducing crop losses. Generally, the impact of climate-
related variables that are subjected to a higher degree of uncertainty
can be marginally modulated/controlled during the growing season
through a multi-approach framework (Hansen et al., 2006). Hence,
changes in crop phenology and development, especially from
grain-filling until mature/harvest, are highly dependent on weather, so
having a reliable long-term seasonal forecast of weather variables (e.g.,
precipitation and temperature) is key to achieving optimal yield fore-
casts. Generally, the meteorological data (input) forced into the model
often contribute a significant proportion of uncertainty (Miiller et al.,
2021). This can be easily interpreted by referring to Fig. 1, which shows
a considerable portion of uncertainty (highlighted in blue color) at the
start of the growing season that gradually decreases over a period of
time until it reaches crop maturity/harvest. Although uncertainties are
inevitable, we used historic weather observations (as input) to charac-
terize the uncertainty related to climate variability (represented by the
white dashed line around the blue color in Fig. 1a). In this study, we
focused on quantifying the uncertainties associated with climate inputs,
whereas the uncertainties resulting from model parameters are expected
to be covered in a forthcoming study that uses data assimilation (DA) to
assess the variability in model uncertainties.

Additionally, we know that, forecast information can minimize the
negative impacts of weather (i.e., drought stress) on crop phenology,
thus resulting in lower crop losses and higher yields. Hence, recognizing
the importance of such geophysical changes on specific sectors (e.g.,
agriculture, water resources) becomes imperative for understanding the
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Fig. 1. Anatomy of crop yield prediction: The stacked plot (bottom left panel)
exhibits the contribution of uncertainties, either from model parameters or
input forcings, based on the various stages of crop (rice) growth: (I) Seedling,
(II) Vegetative stages (Tillering, Stem elongation, Panicle Initiation), (III)
Reproductive stage (Booting, Heading, Flowering), (IV) Grain filling, and (V)
Maturity (top left panel). The white dashed line represents the reduction in
model uncertainty (red) through data assimilation while the white dashed line
in input climate forcings (blue color) represents the significant reduction in
uncertainty using multi-model ensembles of seasonal climate forecast data, over
the growing season, i.e., from planting through harvest.
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complex web of relationships between these environmental processes
and crop yields in the forecast mode. However, the dynamics of these
large-scale geophysical systems are difficult to assess, often resulting in
the underutilization of key information. In other words, the represen-
tation of physical processes and interactions among key variables in
computational models are still not discerned and exploited to the full
potential. This missing information can therefore have a large impact on
understanding and quantifying the links between different geophysical
parameters (Goodwell et al., 2020). Information Theory (IT) provides a
comprehensive method to characterize the cause-and-effect relation-
ships of large-scale geophysical processes through the extraction of in-
formation from single/multiple signal(s) (i.e., time series of a state
variable) (Shannon, 1948). To date, a substantial amount of work has
been done in hydrology using IT (Sendrowski and Passalacqua, 2017;
Thiesen et al., 2019), however, no studies have implemented such an
approach on an agro-hydrologic coupled system. As coupled systems
have non-linear relationships between them, IT provides a systematic
quantification of the missing links between various physical processes.

The primary goal of our study was to evaluate the probabilistic
seasonal rice yield forecasts (for the growing season) over Cambodia
using the historic North American Multi-Model Ensemble (NMME)
forecast datasets (Jha et al., 2019; Slater et al., 2019). We formulated the
following research questions: 1) How do uncertainties in seasonal
climate forecasts of crop yields evolve as the season progresses? and 2)
What are the dominant hydrologic variables or derived indicators that
influence crop yield forecasts through the growing season? Based on our
questions, we hypothesized that seasonal climate forecast (independent
variable) improves crop yield (dependent variable) predictions over
time as more weather inputs (i.e., observations) are available (from
planting through harvest). Thus, we implemented this using an inte-
grated modular framework—the Regional Hydrologic Extremes Assess-
ment System (RHEAS: Andreadis et al., 2017)—that provides an
end-to-end composite hydrologic (and drought) and crop yield proba-
bilistic nowcast (current) and seasonal forecast over Cambodia.
Although RHEAS provides holistic real-time monitoring of drought and
yield nowcasts covering a wide range of areas, this study is a significant
extension to the current capabilities, wherein we examine the effica-
cy/skill of seasonal forecasts based on a multi-model ensemble forecast
system. Specifically, we implemented a novel approach to estimating
yields based on past weather observations (NMME) up to a certain
forecast date, and weather data from other years are sampled for the rest
of the season. In other words, the model integrates the observed weather
data (from NMME) up to the current date with the rest of the input data
sampled from climatology for the remaining season. In the end, we get
an approximation of the climatic component of uncertainty (error)
during each time window that represents the discrepancy between
simulated and observed yields. In short, by using up-to-date climate
information, we account for the temporal variability of climate variables
during the growing season, capturing the effects of changing weather
patterns on yield outcomes. Furthermore, we investigated the perfor-
mance (impact) of associated drought/hydrologic (forecast) variables
with crop yields by measuring the shared information between crop
yield and hydrologic (and drought) variables. The combination of such
statistical technique with hydrologic-crop modeling, and seasonal
climate forecast sets this research apart, offering a more comprehensive
and dynamic understanding of the factors influencing crop yield pre-
dictions. While it is widely known that uncertainties decrease over time,
the novelty behind the approach lies in its comprehensive assessment
and identification of key variables that primarily influence the un-
certainties in seasonal climate forecasts of crop yields over the growing
season. In other words, the study provides a detailed analysis of how
uncertainties evolve (over time), and identify the key geophysical var-
iables (i.e., hydrologic variables and derived drought indicators) that
influence crop yield forecasts throughout the growing season. Following
a comprehensive Introduction in Section 1, Section 2 describes the study
area, datasets used, model architecture, and the methodology employed.
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Section 3 presents the key results, followed by a discussion. Section 4
concludes the study by summarizing the key takeaways.

2. Materials and methods
2.1. Study area

Our study region, Cambodia (Fig. 2), has a diverse and unique
ecological landscape, often characterized by a low-lying central plain
that is encompassed by uplands and low mountains. The central plains
host the vast freshwater lake Tonle Sap and the upper stretches of the
Mekong River. The presence of the Tonle Sap and the Mekong River
greatly influences the region’s hydrology, agricultural practices, etc. The
Mekong River and its tributaries (and floodplains) are crucial for irri-
gation, transportation, and fishing activities, serving as the lifeline for
the local communities. During the wet season, the Mekong River swells,
causing its tributaries and the Tonle Sap to reverse their flow. This
inundation enriches the surrounding floodplains with nutrient-rich
sediment, creating fertile conditions for agriculture. Likewise, the
Tonle Sap plays a crucial role in supporting diverse ecosystems. The lake
acts as a natural reservoir, expanding and contracting with the annual
monsoon rains and the flow of the Mekong River (MRC, 2014). In
addition, the central plains serve as the agriculturally fertile areas, with
regions around Tonle Sap and the deltaic regions of the Mekong River
hosting large areas of rice, sugarcane, cassava, and corn production.
Rice is the primary grown crop in the region, with a large proportion of
the population dependent on it for their livelihood (Mainuddin et al.,
2013). Typically, rice is grown twice a year—a) wet season (influenced
by the southwest monsoon), which lasts from May to October, and b) dry
season (influenced by the northeast monsoon), which lasts from
November to April. The annual precipitation ranges between 1200 and
2500 mm/year, with ~85% of the rainfall during the wet season (Lauri
et al., 2014). Likewise, the average annual temperatures and evapora-
tion rates range between 21 to 35°C and 1,000-2,000 mm/year
respectively depending on the location (Liu et al., 2007). Overall, these
prominent features greatly influence agriculture, hydrology, and the
natural ecosystem in the region.

2.2. Composite modeling framework

In our study, we implemented an automated modular frame-
work—the RHEAS—that integrates information from multiple compo-
nents of the terrestrial water cycle (i.e., the soil-plant-atmosphere
continuum) to effectively monitor the crop yields and corresponding
hydrologic stresses. The system modularity of RHEAS framework
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enables it to handle an assortment of diverse datasets (see Table. S1)
smoothly across multiple modeling systems, while facilitating the
functioning of the models in tandem through a centrally located PostGIS
(or PostgreSQL) spatially enabled relational database. Such design al-
lows the seamless coupling of the models within the framework, thus
making its design distinct and unique from other information systems.
Specifically, RHEAS configuration follows the loose coupling of the
Variable Infiltration Capacity (VIC: Liang et al., 1994) hydrologic model
with a modified version of the Decision Support System for Agro-
technology Transfer (m-DSSAT: Jones et al., 2003) crop model. Fig. 3
illustrates the architecture of RHEAS framework in details. In practice,
RHEAS has been successfully implemented in NASA-SERVIR hubs, such
as East Africa and LMB, for operational drought and crop yield moni-
toring and forecasting (Abhishek et al., 2021; Andreadis et al., 2017).
More information on RHEAS can be found at https://gitlab.com/kandr
ead/RHEAS.

At the core of RHEAS, the VIC hydrological model captures the
complex hydrological processes that govern the movement of water by
incorporating spatially distributed information on various hydrological
variables such as precipitation (PREC), minimum and maximum surface
air temperature (TMIN and TMAX), evapotranspiration (ET), runoff, etc.
Specifically, it simulates the hydrological variables and drought states
(indices) over a gridded domain at a spatial resolution of 0.25° at a daily
time-step in nowcast (i.e., estimation of current conditions) and forecast
(i.e., estimation of future conditions) modes of operation. It incorporates
the spatially distributed information on various hydrological variables
to construct the key drought indices (or indicators), including the
Standardized Precipitation Index (SPI), drought Severity (SEV), the Soil
Moisture Deficit Index (SMDI), Dryspells, etc. The VIC hydrological
model exhibits several advantages when integrated with other envi-
ronmental models (e.g., a crop model in our case). Firstly, it solves the
energy and water balance equations to provide a realistic estimation of
water availability for crop growth and development. Secondly, it cap-
tures the dynamics of water movement through the plant-soil-
atmosphere continuum, which is critical for understanding the impact
of different hydrological processes on interannual crop yields. Further-
more, the VIC has been extensively tested and validated over different
regions, ensuring its stability and reliability.

Although the VIC hydrologic model has traditionally been used for
standalone real-time applications (Hamman et al., 2018), the modular
framework of RHEAS makes it coherent for the VIC to interact with other
crop growth models (e.g., DSSAT) via the PostgreSQL relational data-
base system (Holzworth et al., 2015). Firstly, such a design allows the
seamless flow of information and smooth handling of internal fil-
es/datasets between the constituent models (i.e., VIC and m-DSSAT),
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Fig. 3. Simplified illustration of the RHEAS framework. RHEAS follows a modular hybrid approach of loosely coupling a hydrologic model with a crop model. a,
Using a set of meteorological forcings, the VIC hydrologic model simulates the core hydrologic variables and drought states in a nowcast (nowcast refers to the
present conditions) mode; b, An ensemble of NMME datasets is next ingested into the model for seasonal forecast operations; ¢, Using the VIC-simulated outputs, the
m-DSSAT crop model simulates an ensemble of crop yields, both in nowcast and forecast mode; d, Outputs of the model, specifically hydrologic variables (e.g., soil
moisture) and drought indices (e.g., severity) are then used to construct the network connectivity/links between different components of the model outputs.

whilst yielding a composite hydrologic-agriculture data product. Sec-
ondly, the integration within RHEAS adds another layer of robustness to
our approach, enabling us to make accurate predictions and assessments
of crop yields under different climate and management scenarios.

Using the VIC-generated hydrologic variables (e.g., rainfall, solar
radiation, surface air temperature, etc.), and other agronomic manage-
ment information (cultivar genotype coefficients, fertilizers) as input,
the m-DSSAT crop model simulates the growth, crop stage development,
and end-of-season yield over the growing season. Due to the extensive
testing and calibration using empirical data from various regions and
cropping systems, DSSAT offers several advantages over other crop
models (Kadiyala et al., 2015; Subash and Ram Mohan, 2012). Its
inherent ability to incorporate information on agronomic practices, such
as fertilizer application rates, cultivar genotype coefficients, irrigation
rates, etc., enables the assessment of crop behavior under different
management scenarios. Additionally, DSSAT has been extensively vali-
dated over different regions, including our study area (Abhishek et al.,
2021) . However, unlike the traditional DSSAT, the m-DSSAT within
RHEAS is a customized version that can run multiple ensembles member
(~40 ensembles) for different soil properties and agronomic manage-
ment practices (Ines et al., 2013).

Although DSSAT is widely used and recognized for its capability to
simulate crop growth and yield, there are few notable limitations, such
as the simplified soil water balance model employed within DSSAT, that
may not accurately represent the complex hydrological processes. As a
result, it can lead to potential discrepancies in simulating water avail-
ability and its impact on crop growth and yield. Therefore, to address
this limitation, our study incorporates a hydrologic model within the
RHEAS framework. By integrating the hydrologic model with the m-
DSSAT crop model, we enhance the accuracy and robustness of our
predictions. The hydrologic model captures the complex hydrological
processes, including infiltration, evapotranspiration, and runoff, which
are crucial factors influencing soil water availability and crop growth.
Additionally, the VIC hydrological model simulates the land-atmosphere

fluxes to capture the spatial and temporal dynamics of soil water
availability over the growing season. Consequently, this improves the
accuracy of crop yield predictions, as the hydrologic model accounts for
the intricate interactions between water availability, plant physiological
responses, and agronomic management practices.

2.3. Data

The high-resolution Climate Hazards Group Infrared Precipitation
with Station data (CHIRPS: Funk et al., 2015) precipitation product and
the National Centre for Environmental Prediction (NCEP: Kalnay et al.,
1996) air temperature and wind speed gridded reanalysis product were
used as meteorological/initial forcing into the hydrologic model. The
CHIRPS product is a merged product that incorporates satellite-derived
rainfall estimates with ground-based station data to produce a gridded
precipitation dataset. Due to the availability of consistent (1981-pre-
sent), high-resolution (0.05 degrees or ~5 km) blended products with
extensive validation, it has been widely used for various applications,
including agricultural monitoring, climate analysis, drought moni-
toring, and water resource management, especially in data-scarce re-
gions (Katsanos et al., 2016; Toté et al., 2015). Likewise, the NCEP
reanalysis product provides a comprehensive dataset of global atmo-
spheric and oceanic observations. It utilizes a data assimilation
approach to merge historical observations with model simulations,
resulting in a consistent representation of the Earth’s climate system
over long periods. Thus, they have been widely used for climate research
and weather analysis, contributing to our understanding of past climate
conditions and aiding in the development of climate-related studies and
applications (Eini et al., 2019; Hagemann and Diimenil Gates, 2001;
Maurer et al., 2010). Additionally, the land cover information in the
region was derived from the Moderate Resolution Imaging Spectror-
adiometer (MODIS-500 m) global product (Friedl et al., 2010), whilst
the gridded soil information (10 km) was based on the SoilGrids1km by
Han et al. (2019). A list of all the datasets used within the RHEAS
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framework are summarized in Table. S1.

For the seasonal climate forecasts, we used the NMME seasonal
prediction system that combines multiple climate models in an
ensemble-based approach to provide skillful predictions of climate
variables on seasonal to interannual timescales. The NMME dataset of-
fers a comprehensive set of predictions, enabling the assessment of un-
certainty and the exploration of future climate scenarios at a global
scale. Examples of commonly predicted climate variables include sur-
face air temperature, the net solar flux at the surface, specific humidity,
precipitation, etc. All these variables are extensively evaluated and
validated with observations to assess their skill and reliability. Thus,
they have illustrated the potential in predicting the key climate phe-
nomena such as El Nino-Southern Oscillation (ENSO), climate risk
assessment on water resources and agriculture, etc. (Thober et al., 2015;
Wang et al., 2022). Although the NMME data incorporates several
state-of-the-art climate models, we used the climate forecasts from the
Climate Forecast System version 2 (CFSv2) and the Community Climate
System Model 4.0 (CCSM4) coupled modeling systems. Each model
consists of multiple ensembles of climate prediction, with each ensemble
based on different initial conditions, model physics, and data assimila-
tion techniques. In practice, the multi-model ensemble approach has
demonstrated exceptional skill/efficacy in quantifying prediction un-
certainty and consistently outperforming individual model ensembles,
thus making it an ideal choice for this study (Becker and van den Dool,
2016; Tippett et al., 2019). Specifically, we used the daily records of
climate forecast data, particularly precipitation, and temperature, from
both models in this study (discussed further in methods).

For validating the simulated crop yields, the actual yields (i.e., ob-
servations) were collected by the Department of Agricultural Land Re-
sources Management, General Directorate of Agriculture, Phnom Penh,
Cambodia. They provide food and agriculture information (including
crop yield, fertilizer rates, etc.) over selected provinces in Cambodia and
nearby areas by establishing mechanisms to collect data through field
visits, surveys, or reports submitted by farmers. These data are aggre-
gated at the provincial or national level, often involving quality control
measures, including data validation, cross-checking with other sources,
and addressing any inconsistencies or errors in the collected data. Other
relevant information, such as the local agronomic practices (e.g.,
cultivar varieties, fertilizer rates, etc.), were obtained from published
reports, local stakeholders, or agricultural databases (e.g., the Food and
Agriculture Organization, FAO).

2.4. Methodology

Although RHEAS has been successfully implemented over large areas
(such as the LMB) for assessing the spatial-temporal behavior of end-of-
season rice yields and associated drought conditions, in this study, we
configured our modeling domain over Cambodia (at a spatial resolution
of 25 km). As is well-known, Cambodia has been at the forefront of
frequent extreme events, such as droughts, that have adversely affected
the agriculture sector, and the rural economy. Hence, in this study, our
intent was to be region/country-specific, and we scaled down our
analysis to provincial levels (often called administrative units or prov-
inces). There are multiple reasons for doing so: 1) a number of previous
studies have been carried out at the country level while there are hardly
any district-specific studies, 2) country-level crop yields are very sub-
jective and do not reflect the actual production/yield for major cropping
districts, 3) evaluation of hydrologic/drought conditions at a district-
level can reveal the outcome/performance of the final yields. Herein,
we selected two major rainfed rice-growing provinces- Takeo and Prey
Veng, based on the information from published reports and government
agencies.

As RHEAS has been designed to provide tightly constrained drought
and crop yield information in data-scarce regions, the key objective of
the study focused on maximizing the use of available scarce observa-
tions. Hence, the modeling setup in our study was based on the global
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calibration of the VIC model by Sheffield and Wood, (2007) and Zhang
et al., (2018). Using this calibrated version of VIC, we computed the
different hydrologic variables. In addition, the VIC hydrologic model
was sufficiently validated against observations. As shown by (Abhishek
et al.,, 2021), the VIC-generated surface soil moisture was validated
against the Soil Moisture Active Passive (SMAP: Entekhabi et al., 2015)
surface soil moisture (L3_SM_P) data, with the simulated surface soil
moisture exhibiting a good agreement (correlation) with SMAP obser-
vations (Colliander et al., 2017). As soil moisture from SMAP is regarded
as an independent product, validating the model against the observa-
tions provides confidence in model stability and performance.
Regarding the crop model calibration, the m-DSSAT was calibrated by
adjusting the crop cultivar genotype coefficients (refer Table. 1). Spe-
cifically, the phenological and growth coefficients (see Table 1 for de-
tails) were optimized based on an initial set of cultivar genotype
coefficients, and yield records for the last 10-12 years. We implemented
the Shuffled Complex Evolution (SCE) algorithm to obtain an optimal
version of cultivar coefficients by running the crop model multiple times
(~350 iterations) (Rahnamay Naeini et al., 2018). As a result, the cali-
brated crop parameters capture the dynamics of crop growth and
development as influenced by the hydrologic parameters and other
variables within the system.

At first, the VIC hydrologic model executes nowcast simulations from
1981 through 2011 at a daily time step, computing a large range of
hydrologic variables and associated drought indices. These drought in-
dicators are constructed based on the historic climatology (1981-2010)
of different hydrologic data streams (e.g., precipitation, soil moisture,
etc.). The nowcast simulations are a representation of the current hy-
drologic states in the region and serve as a base for future prediction.
However, as our objective was to examine the efficacy of seasonal yield
and drought forecasts for the major growing season (generally the wet
season, Jun-Nov), we have devised a comprehensive method of fore-
casting the yield and hydrologic indicators from 2012 through 2020. For
convenience in demonstrating the results, we selected a three-year
scenario, each representing a wet (2013), moderate (mod) (2019), and
dry (2015) year. As the study focuses on individual administrative units,
a comparison of the yield and associated drought conditions for the
abovementioned years can be critical in understanding the logic behind
the approach.

To test our hypothesis that seasonal climate forecasts improve crop
yield predictions over time, we used the multi-model (CFSv2: Climate
Forecast System version 2; CCSM4: Community Climate System Model
4.0) ensemble climate forecasts from the NMME seasonal forecasting
system as the historic forecast datasets. Each monthly NMME dataset (e.
g., Jun) comprises 6-7 months forecast of precipitation and temperature
variables. These seasonal forecasts are expressed as probabilities of
occurrence below, near, and above normal relative to a long-term
climatology of total precipitation and mean temperature. Furthermore,
these multi-model ensemble datasets were converted to plausible daily
weather sequences (e.g., precipitation, etc.) and ingested as input to the
VIC hydrologic model. Using these datasets, the VIC runs forecast sim-
ulations for 10 ensemble members to predict the future (Jul-Nov)
drought and hydrologic conditions. Following the hydrologic simula-
tion, the m-DSSAT crop model subsequently runs a series of (40-50)
ensembles to predict the end-of-year (Oct/Nov) crop yield. However,
prior to the run, a series of ancillary information, such as cultivar ge-
notype coefficients and agronomic management information (e.g., fer-
tilizer rates), are provided to the crop model. Especially, the type of
cultivars, and the amount of fertilization are two key agronomic pa-
rameters, that are critical for enhancing (either increasing or decreasing)
the crop model performance. Generally, crop models have shown better
performance when optimal cultivars and balanced nutrient (fertilizer)
application rate information were available. In Cambodia, most of the
agricultural setups are rainfed (i.e., mostly paddy rice), thus no irriga-
tion was considered in the study. Although some forms of irrigation
activities have recently been introduced around the Tonle Sap Lake,
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Table 1
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Estimates of genotype coefficients of the rice varieties used in Takeo and Prey Veng provinces of Cambodia. The m-DSSAT crop model was calibrated using the Shuffled
Complex Evolution (SCE) algorithm for getting an optimized set of phenological and growth parameters.

Phenological coefficients Growth Coefficients

Province P1 P2R P5 P20 Gl G2 G3 G4
Takeo (1) 532.501 122.161 440.195 13.823 68.7939 0.027 1.00 1.20
Prey Veng (2) 554.400 87.7 251.100 13.0 68.67 0.021 1.00 1.15

Phenology genetic coefficients

P1: Time period in °C (above a base temperature of 9 °C) from seedling emergence to the end of juvenile phase. Expressed as growing degree days (GDD)

P2R: Extent to which phase development leading to panicle initiation is delayed for each hour increase in photoperiod above P20. Expressed as growing degree days (GDD)
P5: Time period from beginning of grain filling to physiological maturity with a base temperature of 9 °C. Unit: GDD

P20: Critical photoperiod or the longest day length at which development occurs at a maximum rate. Expressed in hours

Growth genetic coefficients

G1: Potential spikelet number coefficients as estimated from the number of spikelets per g of main culm dry weight (less leaf blades and sheaths plus spikes) at anthesis. Unit: Spikelets

per g of main culm

G2: Single grain weight under ideal growing conditions, i.e., non-limiting light, water, nutrients, and absence of pests and diseases. Expressed in grams
G3: Tillering coefficient (scalar value) relative to IR64 cultivar under nonlimiting conditions

G4: Temperature tolerance coefficient

herein, we focused on the provinces that have no irrigation.

After the forecast run of drought and crop yield at the end of June,
the hydrologic model simulates the present condition (nowcast) for the
subsequent month, i.e., July. A similar approach is then followed in the
next run, wherein the NMME forecast data of July (i.e., from August to
February) is ingested into the RHEAS, and the drought and yield forecast
is generated for Aug-Dec. It should be noted that the hydrologic model
provides forecast beyond the harvest month (i.e., Nov), however, the
crop model is simulated specifically for the long (wet) growing season (i.
e., Jun-Nov) as rice is generally harvested in Oct/Nov. Likewise, the
process is replicated for each monthly (Jun-Nov) NMME forecast data-
sets until we reach the end of harvest, i.e., Nov. It is noteworthy that
during end of each incremental monthly forecasting of drought and crop
yields, the number of months (days) of real forcing data increases. Ul-
timately, the drought and crop yields simulated for the month of

November is done entirely through the real forcing data. A detailed step-
by-step flow of the methodology employed is provided in Fig. 4. The
general idea behind such an approach is to see the dependence on
reducing climate forecasts inputs (i.e., forcings) as we move forward in
time during the growing season. For instance, the yield from the Jun
NMME forecasts is completely dependent on the historic projection
datasets. However, in the Jul NMME forecast run, we see the crop model
avails the Jun nowcast and the rest of the NMME forecast to provide the
end-of-year yield. Similarly, when we reach Nov, the model is the least
dependent on the historic forecast datasets and more on the actual
conditions (nowcast).

2.5. Mutual information

Our aim was to examine the relationships between the parameters of
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Fig. 4. Detailed representation of the methodology employed within RHEAS for the study. The color (and number) of the arrows represents the steps incorporated in
the study chronologically. At the core, the Variable Infiltration Capacity (VIC) hydrologic model loosely couples with the Decision Support System for Agro-
technology Transfer (DSSAT) crop model to provide information on interannual crop yields and associated drought states at current (nowcast) and future (forecast)
conditions. For prediction of future states, the forcing datasets consist of multiple coupled models (CFSv2: Climate Forecast System version 2; CCSM4: Community
Climate System Model 4) from the North American Multi-Model Ensemble (NMME) forecasting system. Steps 1-4 is carried out for each timeframe (Jun-Oct) over the
growing season. Finally, the Temporal Information Partitioning Network (TIPNets) reflects the significant information (or link) shared between the associ-

ated variables.
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the two coupled dynamic systems, i.e., the hydrologic and crop models,
through the information that was exchanged between both systems. As
many of these relationships were likely nonlinear, the statistics of IT
provide an approach to capture this nonlinearity without requiring any
prior assumptions about the variables. Having a general quantification
of the connections between different components of the hydrologic (e.g.,
soil moisture) and crop (e.g., phenology) modeling systems can help
identify the inherent parameters/processes affecting interannual crop
yields. Specifically, Mutual Information (MI) measures the amount of
shared information or synchronization between two variables and is
well-equipped to analyze the dynamics of the state variables of a
nonlinear coupled system. Here, we treated the hydrologic and drought
parameters (e.g., precipitation, dryspells, etc.) as source variables, while
the target variable was end-of-year yield. Before MI is computed, we
quantify the uncertainties contained in a variable (say X) using the
Shannon entropy (Shannon, 1948):

To measure MI for two variables, X and Y, the uncertainty in a var-
iable (H(X)) were computed by:

N

H(X)= = plx) log,(p(x)) ¢

i=1

where H(X) (measured in bits) measures the amount of uncertainty
contained in X and is based on its probability density function p(x;)
(PDF). Now, using the idea of Shannon entropy, we compute the MI
between two variables X (target variable) and Y (source variable). We
can understand this easily by considering X as ‘crop yield’ and Y as
‘hydrologic variables or drought parameters’. Thus, the information
shared between X and Y can be measured using Eq. 2.

MI(X;Y) = H(X)+ H(Y) — H(X,Y) = H(X) — H(X|Y) @)

where, MI essentially measures the reduction in uncertainty of X (the
target variable) by having this new information about Y (the source
variable) and is based on the joint probability of the two variables, and
H(X,Y) is the joint entropy. MI can be measured for two variables over a
time lag or can be measured without a time lag (often referred as zero-
lag MI), provided by:

MI(X;Y) =3 p(x,y)log, <p12)(f))c1’78)> )

where, p(x,y) is the joint probability of lagged X and Y variable. To
assess the contribution of uncertainty from multiple (source) variables
(e.g., precipitation, temperature, etc.) to a single target variable (e.g.,
crop yield), generally the Normalized mutual information (NMI) is
preferred:

MI(X;Y)

NMI(X,Y) = HX.Y) @

where NMI(X,Y) is the NMI between X and Y. By dividing the mutual
information between the source and target variables by the entropy of
the target variable, NMI provides a normalized measure that ranges
between 0 and 1, wherein a value of 0 indicates no shared information or
explanatory power, while a value of 1 indicates that the source variable
completely explains the uncertainty in the target variable.

Here, we used a Matlab-based interface, the Temporal Information
Partitioning Network (TIPNets: Goodwell and Kumar, 2017) system to
quantify the MI between all hydrologic variables and yield. The software
first takes the hydrologic time series and yield ensembles as inputs and
creates the PDFs of the data using either the fixed interval or kernel
density estimation (KDE) binning scheme. KDE is generally employed
when there are few data points, but for this work, we had sufficient data
to use the fixed interval binning scheme. The joint PDFs of the principal
hydrologic parameters, drought indicators, and yield were determined
using the fixed interval binning scheme with 10 bins used for computing
the PDF (Ruddell and Kumar, 2009a, 2009b). The TIPNets compute the
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Shannon entropy (H(X)) for each variable and MI for all possible vari-
able pairs. Here, we only focused on the zero-lag MI for the relationships
with yield, as it was not a time series variable. Statistical significance
among the time series variables was found using a shuffled surrogate
method where all time series were randomly shuffled and the MI sta-
tistics were recomputed using the random series. If the original MI
values surpass the random MI values following a t-test at a 95% confi-
dence threshold, then the relationships were considered statistically
significant. We performed this analysis for the two study areas over the
three years, and the five time periods in each year. The MI values were
then normalized by the Shannon entropy of the yield variable to see the
portion of yield uncertainty explained by each variable, termed as NMI.

3. Results and discussion
3.1. Efficacy of seasonal climate forecast on crop yield

Our main goal was to understand the evolution of uncertainties of
climate forecasts on seasonal crop yields. Based on our working hy-
pothesis, we conducted a monthly forecast of interannual yields based
on a 1-month moving window. Herein, we implemented the approach on
two major rainfed rice-growing provinces in Cambodia- a) Takeo, and b)
Prey Veng for three distinct years- 2013 (wet), 2015 (dry) and 2019
(moderate or mod). These administrative units host large areas of rice
production (part of the Mekong Delta) (MRC, 2014) and have been
historically impacted by drought/climate extremities, which makes
them ideal case studies. To characterize the uncertainties in climate
forecast, we used a 40-ensemble yield product from the m-DSSAT crop
model for each forecast cycle. Each cycle (represented as I, I, III, IV, V)
refers to the nature of input data (Fig. 5), wherein the first cycle (i.e.,
Jun) of a year comprises 1-month of real meteorologic conditions
(‘nowcast’ that is simulated by the model), while the rest of the input
data are based on the ingested NMME seasonal forecast. Similarly, with
each subsequent cycle, we have a higher degree of present conditions
(nowcast) and lesser reliance on forecasts. Fig. 5a and 5b present the
end-of-season yield over Takeo and Prey Veng during the study period.
By dividing the analysis into five time intervals, we aimed to capture the
temporal dynamics of yield prediction and evaluating their accuracy
throughout the growing season. Here, the boxplot with a distinct color
for each year shows the extent of simulated yield values for each cycle
over a cropping season (i.e., 5 months). For instance, in Takeo, most
yield values for Jun 2013 ranged between ~2100 kilogram per hectare
(kg/ha) and ~4800 kg/ha (barring the outliers), whereas as we progress
in time, the yield values substantially decrease, ranging between ~2500
kg/ha and ~4000 kg/ha (a reduction of ~1200 kg/ha) respectively
(Fig. 5a). In line with the observed trend, similar patterns were also
observed in other years for both provinces. Specifically, a reduction in
yield was recorded, amounting to approximately 400 kg/ha (province
Prey Veng, year 2019) (Fig. 5b) and 1300 kg/ha (province Takeo, year
2019) (Fig. 5a). These yield reductions indicate a notable decline in crop
productivity during those respective years. Overall, we see a clear
indication of reducing uncertainties in yield over the cropping season
from planting (i.e., ‘I’ timeframe or Jun) through harvest (i.e., ‘V’
timeframe or Oct). In addition, the average yields from the crop model
were compared against an independent source of yield records (obtained
from Department of Agricultural Land Resources Management, General
Directorate of Agriculture, Phnom Penh, Cambodia). In Fig. 5a and 5b,
we see the median (simulated) yields (represented by the black line) in
accordance with observations (represented by a star mark) over both
provinces. When comparing ensembles of simulated yield against ob-
servations, the median offers a favorable alternative to the mean due to
its resilience to extreme values or outliers. The mean can be significantly
distorted by a few outlying values within the ensemble of simulated
yields. In contrast, the median, which represents the middle value when
the data is arranged in ascending order, diminishes the impact of
extreme values, thus yielding a more robust measure of central



A. Abhishek et al.

(a) 7000 % observation -
6000 H T - 7 o+ -
5000 P
© ; -
£ Cod
o : i H
< : H H
5 I
T 4000
=
*| (k| [k
3000 I I I
2000 { & : = i T T T S
| I 1l v \% | I 11} v \ | I 11l v \
Time
()

Takeo

0.803

0.903
IIIHH!I
IIIHHil

[\

0.845
0.658

0.835 .84
I

Year
2015

0.893

2019

0.523

-
-
I mn

Agricultural and Forest Meteorology 341 (2023) 109683

(b)

5500 _ -
5000

4500

4000 ) i : - : é
; 3500

3000

2500 : : : :

2000

Yield, kg/ha

1500

(d) BN 2013 (Wet) [ 2015 (Dry)

I:I Nowcast - Forecast

Jun Jul Aug Sep Oct

I 2019 (Mod)

Prey Veng

0.698

H
' [
c
3
Tmm B
:
g
<
vl
o o o o

v v

Fig. 5. Uncertainties in yield over the growing season from m-DSSAT crop model. a) Boxplot of simulated rice yields from 40 ensembles of the crop model over Takeo
during three (wet, dry, mod) distinct years. Here, a season consists of 5 timeframes with a 1-month moving window. Each timeframe represents the end-of-year yield
scenarios based on the weightage of nowcast/forecast input forcings. The I, II, III, IV, V timeframes essentially represent the yield values wherein the input forcings
comprised of 1-month nowcast and 4-month of forecasts. With each subsequent timeframe, there is an increase in nowcast forcings and decreasing reliance on
forecasts. The black line on the boxplots represents the median yield over that particular timeframe, while the grey stars represent the observations. b) Boxplot of
simulated yields over Prey Veng during 2013, 2015 and 2019. c-d) Skill of crop yield predictions over the growing season: correlation coefficient between simulated

and observed yields over different timeframes in Takeo and Prey Veng.

tendency. Additionally, since observations typically consist of single
values, while an ensemble represents multiple values, focusing on the
median aligns the comparison by emphasizing the central tendency of
the ensemble rather than its mean, thus ensuring a more appropriate and
accurate assessment of the model’s performance against observations.
At the beginning (i.e., ‘I’ timeframe in 2013 or Jun, 2013), when we
have less information on the meteorological conditions, the
end-of-season yield (~2930 kg/ha) in Takeo does not reproduce the
observations (~3500 kg/ha) (Fig. 5a). However, with subsequent in-
clusion of actual meteorologic conditions into the model at later time-
frames (e.g., IV (Sep) andV (Oct) timeframes), there is an improvement
in the yield prediction. Notably, in Takeo, we see the model under-
estimating yield when compared against observations during I-III
timeframes (i.e., Jun-Jul-Aug for all three years, but inches closer to-
wards the actual yields during harvest (V timeframe or Oct). Addition-
ally, the model tends to capture the uncertainty and observed values
during the dry (R2:0.8) and moderate (R2:0.9) years (as compared to
the wet year) (Fig. 5c¢). Similarly, the model performed considerably
better over Prey Veng (than Takeo) in capturing the yield uncertainties
whilst accurately predicting/matching the observed yields. While there
were noteworthy instances of simulated yield aligning with observations
across various timeframes (such as June, July, and October 2015), the
model demonstrated a progressive enhancement in its ability to match
yield observations in Prey Veng during 2019, achieving an R? value of
0.9. Fig. 5¢ and 5d show the correlation between simulated and
observed yields over different timeframes for both provinces. It should
be noted that the average simulated yield of Takeo exhibits substantial
bias (~300 kg/ha in 2013 and 2015 to ~430 kg/ha in 2019) compared
to the observation, especially during the initial timeframes of the year.
This large bias can be attributed to the mismatch/absence of: 1) rice
cultivar genetic coefficients, and 2) appropriate data on local manage-
ment practices (e.g., fertilizer rates, planting date, etc.). Although

sufficient calibration (of the crop model) was carried out for each
province the lack of information on explicit rice cultivars and manage-
ment practices during the entire period (3 years) could be a major source
of uncertainty (see Table. 1 for calibrated values of cultivar genotype
coefficients). Additionally, Supplementary Fig. S1 illustrates the relative
yield anomaly during different timeframes within a season over both
provinces. Hence, having appropriate knowledge about such key infor-
mation (e.g., agronomic management information, daily weather in-
formation, etc.) can be deemed imperative for quantifying yield
forecasts. Not only do these results support our hypothesis, but they also
provide a substantial ground for using such a unique approach for
improving crop yield forecasting.

3.2. Influence of geophysical and drought variables on crop yield

To address the uncertainty related to weather, the impact of various
hydrologic (and drought) variables were analyzed to examine the
contribution of each variable toward the end-of-season yields. We
computed the NMI among all the hydrologic and drought variables with
simulated rice yields to quantify the synchronous dependence of one
variable on another. Normalization of MI is commonly performed to
scale its values between O and 1, making it more interpretable and
comparable across different analyses. Various methods can be employed
for this normalization, such as dividing the mutual information by the
square root of the product of the entropies of the variables involved. This
normalization guarantees that MI falls within the range of [0, 1], irre-
spective of the variables’ specific ranges or units. By normalizing MI, it
becomes possible to compare the relationship strengths between vari-
ables across diverse time frames or datasets. It is important to note that
the range of a variable itself does not directly impact the calculation of
normalized mutual information, as the focus lies on the probabilistic
distributions of the variables rather than their ranges. However, if a
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variable has a limited or constrained range, it may affect its overall
variability, potentially influencing its contribution to the mutual infor-
mation calculation. Here, we focused on crop yield as the target variable
to identify the active/predominant parameters impacting yield through
the growing season as the forecasts are updated. Fig. 6 shows the NMI
between the hydrologic variables and drought indices on crop yields
over different timeframes in a year (i.e., how much information is
mutually shared between the hydrologic (and drought) variables and
crop yield), where the stars highlight the variable with the greatest
synchronization with yield. In Takeo, we observed a significant flow of
information between the independent variables and crop yield during
different timeframes in a season (Fig. 6a). Each timeframe exhibited a
varied degree of information flow through a given season, with TMIN
and DS exhibiting a consistently higher synchronization with yield over
the entire study period, i.e., TMIN had a strong connection with crop
yield. During the wet year (2013), TMIN (~0.24 bits/bits, bi/bi), DS
(~0.24 bi/bi), and the SMDI (SMDI: (Narasimhan and Srinivasan, 2005)
(~0.12 bi/bi) showed higher synchronization, whereas the net Short
Wave radiation (SW) (~0.08 bi/bi), and the 3- and 6-month Standard-
ized Precipitation Index (i.e., the SPI3, and SPI6: (McKee et al., 1993)
(~0.08 bi/bi) arrayed lower levels of MI. SMDI is a standardized
drought index that is based on the surface soil moisture and root zone
soil moisture, often used to characterize agricultural drought. It takes
into account the soil’s water-holding capacity and calculates the mois-
ture deficit by comparing the current soil moisture level with the
long-term average. A positive value (e.g., +1.0, +1.5, +2.0) represents
wetter conditions (higher than normal long-term average) whereas
negative values (e.g., -1.0, -1.5, -2.0) represents drier soil moisture
(lower than normal long-term average). Likewise, the 3- and 6-month
SPI provides information on the precipitation deficit or surplus over a
three-month period respectively. These indices are constructed by ac-
counting the long-term average precipitation for the respective time-
frames, enabling the identification of abnormal conditions. The SPI
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values are an indication of the dryness/wetness in a region, with positive
SPIvalues (i.e., +0.5, +1.0, +1.5, etc.) indicating wetter conditions (i.e.,
above-average precipitation), and negative SPI values (i.e., -0.5, -1.0,
-1.5, etc.) indicating drier conditions (i.e., below-average precipitation).
Having knowledge about these parameters offers valuable insights into
drought conditions, helping stakeholders respond effectively. Addi-
tionally, we saw an increase in the information flow from the start of the
cropping season (Jun) until harvest (Oct) during the wet year. This
essentially means that the strength between the nodes, each represent-
ing a geophysical parameter (e.g., DS, SW, etc.), increased over time. In
2013, there was an increase of ~47% (DS) and ~128% (TMIN), while a
few parameters saw a decrease of ~18% (PREC) and 24% (SW) during
the same period. A similar pattern was observed during the dry year
(2015), wherein the information flow was higher during the later
timeframes (i.e., Sep, and Oct). These percentages represent the relative
increase or decrease in the values of DS and SW from the beginning
(June) to the end (October) of the season. The fluctuations observed
throughout the year, with variables increasing and then decreasing, are
captured by these percentage changes, which highlights the seasonal
dynamics and variations in DS and SW. Although the mod year (2019)
depicted irregular behavior, it showed a higher synchronization than did
the dry year. Overall, we observed yield exhibiting a higher synchro-
nization with the hydrologic variables (10 out of 15 months) compared
to the drought indicators with TMIN as the strongest link. Also, the
drought variables displayed strong links during the earlier months (Jun,
Jul) of the wet and dry years, while the latter months (Sep, Oct) array a
strong synchronization with the hydrologic variables. During the initial
months of both wet and dry years, we found strong connections between
drought indices (e.g., Standardized Precipitation Index and Standard-
ized Soil Moisture Deficit Index) and crop yield. This indicates that
drought conditions significantly influenced crop performance in the
early stages of the growing season. These findings were consistent with
previous research (Hussain et al., 2016) emphasizing the importance of
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Fig. 6. Stacked bar plot showing the NMI between different hydrologic variables (PREC, TMIN, TMAX, SW) and crop (rice) yield, and NMI between drought in-
dicators (SPI3, SMDI, SPI6, SEV, DS) and crop yield: a) Mutual exchange of information over Takeo; b) Mutual exchange of information over Prey Veng. The stacked
bars represent the contribution of the independent variables and crop yield at different timeframes. Shades of blue color (navy to sky blue) represents different
hydrologic variables while the shades of red color (red to yellow) represent the different drought indicators. The star (in each stacked bar) represents the variable/

indicator having the maximum influence on crop yield during that time window.
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early-season drought on subsequent crop outcomes. However, as we
approached the harvest period, we noticed a shift in the significance of
variables. Hydrologic factors like precipitation and soil moisture
exhibited stronger associations with crop yields compared to the
drought parameters. This suggests that hydrologic variables played a
more influential role in determining final crop yields as the growing
season progressed. This shift can be attributed to the direct impact of
hydrologic variables on water availability and nutrient supply during
critical growth and development stages. The increasing synchronization
between crop yield and hydrologic variables in the later months of the
growing season can be explained by crop physiology. As crops mature
and approach the harvest stage, their water requirements and sensitivity
to soil moisture conditions become more pronounced. Consequently,
hydrologic variables that directly influence soil moisture and water
availability play a critical role in determining crop yields during this
crucial period. Likewise, we saw a similar pattern of information flow in
Prey Veng wherein DS, TMIN, TMAX, and PREC had a substantial impact
on yield (Fig. 6b). Compared to Takeo, the amount of information
mutually exchanged between the models was relatively stable
throughout the months, which could potentially be due to the better
performance of the crop model over Prey Veng. In contrast to Takeo
which arrayed strong predominant links with hydrologic variables (10
out of 15 months), the NMI for Prey Veng showcased strong linkages
with 8 hydrologic and 7 drought variables over the study period, with DS
dominating the information sharing with yield compared to other var-
iables (6 out of 15 months). It is also noteworthy that a dominant link
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between two nodes at an initial timeframe may not necessarily have a
significant synchronization at a later timeframe. For instance, PREC
exhibited the strongest synchronization with crop yields at the start of
the year in 2019, but the strength between the links gradually decreased
(or became insignificant) during the later timeframe (i.e., IV and V
timeframe in 2019). Instead, DS maintained a consistent link throughout
the season and had the highest information flow during the
end-of-season timeframe, thus making it the most suitable variable that
considerably influences crop yield.

3.3. Process network connectivity

In our study, we examined the various network connections between
the hydrologic variables, drought indicators, and end-of-season yield in
Takeo and Prey Veng region. To achieve this, we constructed a network
plot that provides a comprehensive visualization of the relationships
between hydrologic variables and crop yield during different time
frames (see Fig. 7 and Fig. 8). We visualized these connections using
process networks by analyzing the strength and direction of the re-
lationships among these variables throughout the growing season.
Typically, it involves creating a network plot, where each variable is
represented as a node (or point), with each node encompassing a
particular variable under consideration (e.g., PREC, TMAX, TMIN, DS,
etc.) (Fig. 7 and Fig. 8). These nodes typically represent the timeseries
(based on the PDF) of a particular variable. These nodes are connected
via arrows that illustrates the connection between different variables.

Jun Jul Aug Sep Oct
PREC TMIN PREC TMIN PREC TMIN PREC TMIN PREC TMIN

2015 (Dry) 2013 (Wet)

2019 (Normal)

Jun Jul Aug Sep Oct Jun Jul Aug Sep Oct

Higher Uncertainty

I:] Nowcast
- Forecast

Jun Jul Aug Sep Oct

SEV SMDI SEV

'I:
4

Jun Jul Aug Sep Oct

Jun Jul Aug Sep Oct
Lower Uncertainty

(© Hydrologic variables (e.g., PREC) () Drought indicies (e.g., SEV) (@) Crop yield

Fig. 7. Process network connectivity. Establishing the potential links (connectivity) between the core hydrologic variables (represented by aqua colored circles),
associated drought indicators (represented by yellow circles) and end-of-season crop (rice) yields (represented by red circles) over the growing season (Jun-Oct) in
Takeo during the wet year (2013) (top panel), dry year (2015) (middle panel), and mod year (2019) (bottom panel) respectively. Each variable, also called a node,
represents the timeseries of the related variable. The thickness of the links represents the strength of the relationship. The color variations in the plot reflect the
varying degrees of significance, with darker colors indicating stronger mutual information. Red arrows represent the most dominant network connections, while the
blue arrows represent moderate-low strength, and green arrows represent the strength of the independent variables that have significant influence on seasonal yields.
The dashed black line merely provides completeness and visual aesthetics to the network plot. TMIN: Min. Temperature; TMAX: Max. Temperature; PREC: Pre-
cipitation; SPI3: 3-month Standardized Precipitation Index; SEV: Drought Severity; SMDI: Soil Moisture Deficit Index; DS: Dryspells; YLD: Crop yield.
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Fig. 8. Network connectivity over Prey Veng. Process networks showing the connectivity between the hydrologic parameters (aqua circles), drought indicators
(yellow circles) and yield (red circles) over Prey Veng during a wet (2013) (top panel), dry (2015) (middle panel) and normal (2019) (bottom panel) year
respectively. TMIN: Min. Temperature; TMAX: Max. Temperature; PREC: Precipitation; SPI3: 3-month Standardized Precipitation Index; SEV: Drought Severity;

SMDI: Soil Moisture Deficit Index; DS: Dryspells; YLD: Crop yield.

These connections between different variables are established based on
the NMI values calculated by the TIPNets model. In simple terms, the
arrows show the statistical dependence between two variables, taking
into account their joint distribution and individual distributions. Addi-
tionally, the intensity and thickness of the arrows indicate the strength
of the connection between variables, and help in visualizing the de-
pendencies within the system. For e.g., a thinner arrow indicates a
weaker connection, signifying a low NMI value. Conversely, a thicker
arrow represents a stronger association, indicating a high NMI value.
The varying thicknesses of the arrows are a visual depiction of the
various relationships between different variables/parameters, aiding in
the identification of dominant interactions. By examining the network
plots as a whole, we identified the influential nodes (or variables) that
act as key drivers within the system during different time period.

To provide more clarity on the strength of the connections, we
categorized the thickness and color of the arrows based on the NMI
values. Specifically, the red and blue color arrows were employed to
identify distinct relationships between the hydrologic variables and
drought parameters. On the other hand, the green color arrows were
used to depict the connections between hydrologic variables and crop
yield, as well as drought parameters and crop yield. Similarly, the
thickness of the arrows represented the strength and intensity of the
connections between two variables based on the NMI values. A thicker
red arrow (for e.g., SPI3 and SEV in Jun, 2013) represents a strong
connection, indicating NMI values greater than 0.55 bi/bi. Similarly, a
relevantly thin red arrow depicts strong connection with NMI values
ranging between 0.4-0.54 bi/bi. Likewise, the blue arrows represent the
moderate connections that have NMI values ranging between 0.3-0.4 bi/
bi, while thin blue arrows show the weak connections with NMI values
ranging between 0.1 to 0.3 bi/bi. Classifying the connections based on
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the NMI values allows for a better understanding of the varying strength
of the connections between the variables. Regarding the black dashed
line in the network plots, they were merely used to ensure the visual
completeness and aesthetics of the network plot, and do not carry any
specific meaning or significance.

Due to limited space within the network plot, we prioritized vari-
ables based on their importance, relevance, and existing research find-
ings. Hence, we illustrated the process connectivity between selected
variables—SPI3, SMDI, SEV, DS, TMAX, TMIN, PREC and crop yield
(represented as YLD), thus leading to the exclusion of other variables
such as SPI6 and SW from the network plot. During the initial months of
the study years (specifically, Jun and Jul), we observed significant
network connections between variables, particularly in the wet year in
Takeo (see Fig. 7). In Jun, there was a strong association between SEV
and SMDI (with NMI of approximately 0.55 bi/bi), while in Jul, a strong
connection was observed between SPI3 and SPI6 (with NMI of approx-
imately 0.6-0.7 bi/bi). Conversely, the links between DS and TMAX
(NMI of ~0.08 bi/bi), and PREC and SEV (NMI of ~0.06 bi/bi) were
weak or insignificant. However, as we progressed further in time (e.g.,
Sep, Oct), the connections between the variables became more explicit
and prominent, i.e., the variables that exhibited higher NMI values in the
previous months (i.e., Jun and Jul) continued to show strong connec-
tions, while the other links with lower NMI values during that period (i.
e., Jun and Jul) became weak or insignificant. Overall, in 2013, DS and
SPI3, SMDI and SPI3, DS and SEV, TMIN and SPI3 represented a
consistent association with each other during the growing season. This
outcome was seen as a result of the changing nature of input forcings
onto the model. To elaborate, by incorporating real forcing data (i.e.,
less observed weather data from NMME and more input data sampled
from climatology for the remaining season), the bulk of the noisy links
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weakened over time and certain strong links persisted throughout the
growing season. For e.g., in 2013, we consistently observed strong
connections between SPI3 and SMDI, SPI6 and SPI3, SEV and SPI3, and
SMDI and DS, while other links became insignificant over the course of
the growing season. This information not only indicates the robustness
and stability of the dominant connections, but enables us to identify key
parameters that aids in understanding the influence of different vari-
ables on water availability. Additionally, we observed significant con-
nections during the dry and mod years. Specifically, during the dry year
(2015), we found a consistent relationship between SMDI and SEV, SPi3
and SEV, and DS and SMDI, while in 2019, SEV and TMIN, SMDI, and
TMIN, SMDI and SEV, TMAX and TMIN, and TMIN and SPI3 exhibited a
strong consistent relation. Thus, having information on the relationships
between the key hydrologic variables and drought parameters during
different time periods enables us to determine alternative agricultural
outcomes.

Similarly, we analyzed the NMI to quantify the influence of the in-
dependent variables (i.e., both hydrologic variables and drought pa-
rameters) on crop yields. The variables that had the greatest influence (i.
e., variables exhibiting higher NMI values) on crop yields were shown in
the network plot by green arrows. During the wet year, we found TMIN,
SMDI, SEV, and SPI3 had the maximum influence on end-of-year yields,
indicating a significant statistical relationship with crop yield. Similarly,
in the dry year (2015), we observed a significant statistical relationship
between crop yield and DS, TMIN, while TMAX, DS, and TMIN exhibited
a significant relationship during the mod year (2019). Likewise, we
conducted a similar process network connectivity analysis over Prey
Veng (see Fig. 8), and the findings aligned with those of Takeo. The
analysis revealed a similar conclusion—1) Connection density is higher
when there is more reliance on seasonal forecasts (i.e., during the initial
months, Jun-Jul), 2) Over time the information flow networks become
distinct and stronger as real (nowcast) data is incorporated into the
model, and the consistent links persist, and 3) TMIN, TMAX and DS
showed the maximum influence on end-of-season yield, reinforcing the
significance of these variables in determining crop outcomes. Thus, the
interpretation of such connections can substantially help us understand
the variability and predictability of crop yields during different time in a
season.

4. Summary and conclusion

We employed a novel technique for evaluating the efficacy of historic
seasonal climate forecasts based on a multi-model ensemble. Based on
the current application, RHEAS performed reasonably well in quanti-
fying the yield uncertainties associated with seasonal climate forecasts.
Particularly, the m-DSSAT crop model was able to capture the un-
certainties in end-of-season yield, whilst significantly complementing
observations over the growing season. To characterize the uncertainties,
the m-DSSAT model provides a 40-ensemble yield scenario based ona 1-
month timeframe moving window. These model ensembles simulate
yield based on the nature of: 1) meteorological forcings (from the VIC
hydrologic model), 2) cultivar varieties, 3) fertilizer application rates,
whilst capturing the model uncertainties, either arising from model
parameters or agronomic practices. The results from the study showed
the extent of yield values becoming better constrained (i.e., reduction of
uncertainty) with each subsequent timeframe over both provinces.
Overall, the model provided a near-accurate yield forecast with
reasonable bias (that improves over every forecast/month) at longer
lead times (see Fig. 5). In addition, the model performed reasonably well
in matching the observations over both provinces. However, due to the
absence of real input forcings during the initial months (Jun-Jul-Aug) of
the season, there were substantial discrepancies (gaps or bias) between
the simulated and observed yields. However, with the availability of
more nowcasts in subsequent months (Sep-Oct), the average simulated
yield mimics the observations, thus significantly improving the initial
bias. As no parameters were changed other than the meteorologic
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forcings, this inherently connotes the quality of initial forcings as one of
the critical drivers for yield prediction. Not only do these results support
our hypothesis, but also provide a substantial ground for using such an
approach to improve crop yield forecasting for agriculture
sustainability.

Even though the impacts of weather-related uncertainties can be
modeled satisfactorily, understanding the relationships between the key
hydrologic and agriculture variables is essential for identifying the
dominant pathways and variables affecting interannual crop yields.
Herein, we employed the concept of MI to discern the synchronous flow
of information between the key hydrologic and agriculture variables.
Particularly, we examined the information mutually exchanged between
the hydrologic (and drought) parameters (independent variable) and
crop yields (dependent variable). Our results showed a significant in-
crease in NMI during the initial timeframes (Jun-Jul) as compared to the
later timeframes (Sep-Oct), most notably during the wet (Takeo, Prey
Veng) and dry year (Takeo) (see Fig. 6). In other words, such behavior
essentially implies the significant transfer of information at a timeframe
wherein we have the maximum weightage of the present (nowcast)
conditions, i.e., when our yield predictions are completely based on real
simulated data (and not on historic forecasts). Whilst higher yield un-
certainties arrayed less NMI during the Jun-Jul timeframe, there were
few instances of relatively stable (2019, Prey Veng) or irregular (2019,
Takeo and 2015, Prey Veng) behavior of the independent variables to-
wards yield. Over the study duration, DS and TMIN maintained a
consistent level of statistical significance with yield, i.e., TMIN and DS
were the dominant parameters having the maximum influence on
interannual yields. In addition, we observed that hydrologic variables,
specifically temperature, demonstrated a stronger correlation with yield
in 10 out of 15 months in the Takeo region (i.e., temperature have a
greater impact on crop yield in Takeo). Conversely, in Prey Veng, we
found a higher correlation between yield and 8 hydrologic variables and
7 drought variables throughout the study period (i.e., a broader range of
hydrologic and drought-related factors influence crop yield in Prey
Veng). It is noteworthy, while it suggests a higher significance of
particular variables during a certain timeframe, it is important to
consider that the significance may vary depending on specific years,
regions, and prevailing conditions.

Additionally, we looked at the process network connectivity between
the key hydrologic variables, drought indicators, and yield. Our results
indicated the prevalence of multiple network connections between the
independent variables during the start of the season (Jun) (see Fig. 7 and
Fig. 8). However, the bulk of these links diminish over time and the
strong prominent links persist at the end of the season. Such a pattern
can be attributed to the forcing information provided to the model, i.e.,
the associated uncertainties in the forecast. During harvest, the model
simulates the hydrologic parameters based on the real conditions
(nowcast) which reduce the noisy links and highlight the explicit net-
works. Likewise, we presented the dominant links between the inde-
pendent variables and yield, with DS and TMIN being the most
influential parameters over both provinces. Thus, to obtain a sound and
reliable forecast of crop (rice) yield with manageable uncertainties for a
growing season, it is desirable to have a seasonal climate forecast that
encapsulate the information on DS and TMIN optimally. Currently, all
the available seasonal forecasts do not have such information. Hence,
including skillful information on DS md TMIN will effectively enhance
the forecast capability with uncertainty estimates essential for agricul-
tural sustainability.

Code availability

Additional details about the RHEAS framework and source code can
be obtained at https://gitlab.com/kandread/RHEAS. The process
network connectivity approach was based on the TIPNets software,
available at https://github.com/HydroComplexity/TIPNet.
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