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Importance of the work: The quantification of climate and land use change effects on
multi-crop systems can inform strategic agricultural adaptation.

Objectives: To evaluate the combined effects of climate (CMIP5/CMIP6) and land use
change (LUC) on multi-crop economic output and to determine spatial susceptibility
across the Mun River Basin, northeast Thailand.

Materials and Methods: The decision support system for agrotechnology transfer
(DSSAT) model and the land-similarity-unit technique were applied to assess four major
cash crops: rice, maize, cassava and sugarcane. Land use was projected using a cellular
automata-Markov chain model. Economic effects were quantified across four scenarios:
baseline, climate change (CC)-only, LUC-only and integrated CC & LUC.

Results: The CC-only scenario caused an 8.9% reduction in total output. Rice and maize

had very unstable yields (coefficient of variance up to 43.0%). The LUC-only scenario
increased output by 4.5%, driven by converting rice paddies to higher-value crops.
The integrated effect resulted in a net reduction of 4.4%. District-level analysis revealed
non-uniform responses: uplands experienced output increases (+22.2% in Sangkha),
reflecting successful adaptation, whereas lowlands showed aggravated losses (-15.0%
in Kaset Wisai).

Main finding: Strategic land use adaptation can offset economic losses from climate
change. Spatial targeting is critical and vulnerability remains high in rainfed lowlands
where crop conversion is unsuitable.
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Introduction

Global climate change (CC) exerts foundational pressure
on agricultural production, primarily through the intensified
global water cycle (Ahmed and Stockle, 2017; Bezner Kerr
et al., 2022). This process generates frequent, severe
hydrological events, necessitating spatial and temporal
redistribution of water resources (Chen et al., 2017).
CC impacts factors such as temperature, precipitation patterns
and the overall hydrological cycle. The Intergovernmental
Panel on Climate Change (IPCC) has projected that such
extreme events will intensify as warming continues. (Khadka
etal., 2021b).

Interpreting these consequences requires modeling
strategies that extend beyond temperature or precipitation
analysis (Turral et al., 2011). Crop yield response models,
such as the decision support system for agrotechnology
transfer (DSSAT) system, translate regional climatic variations
and stress combinations into potential production outcomes
(Lobell et al., 2011). Advances in crop modeling allow for
detailed analysis of the complex relationships between climate
and crops (Di Paola et al., 2016; Nendel et al., 2018; Seidel
et al., 2018). Prior investigations focusing on rice production
have demonstrated substantial, region-dependent effects of
climate change on yields (Horie, 1993; Matthews et al., 1995;
Jin et al., 1995; Horie et al., 2008; van Oort and Zwart, 2018;
Das et al., 2020; Debnath et al., 2021; Saravanakumar et al., 2022).

In addition to CC, land use change (LUC) alters regional
hydrology and agricultural productivity (Bhandari et al., 2022).
While some studies have assessed combined CC and LUC
effects on streamflow (Wang et al., 2013; Mehdi et al., 2015),
water quality (Mehdi et al., 2015; Ross and Randhir, 2022) and
groundwater (Ghimire et al., 2021), a knowledge gap persists
in quantifying their integrated, non-uniform effects on multi-
crop economic output. Examining the mutual dependence
between these factors is essential, as their combined effects
often differ from individual influences.

The Mun River Basin in Northeast Thailand exemplifies
this challenge. Despite ample annual precipitation (1,200—
1,600 mm), this agricultural region is highly susceptible to
seasonal droughts that cause widespread crop failure (Abatan
et al., 2023), which substantially diminishes farmer prosperity
(Pavelic et al., 2012). Consequently, researchers have become
interested in exploring future climate scenarios for this region
(Khadka et al., 2021b; Sridhar et al., 2021; Supharatid et al.,
2022). Other research has investigated climatic variability

effects on rice production (Ahmed et al., 2017; Limsakul,
2019). However, the early studies relied on outdated climate
projections or non-spatial, single-field simulations (Babel
et al., 2011; Mainuddin et al., 2012). Later work used IPCC-
ARS projections (Shrestha et al., 2017; Boonwichai et al.,
2019; Arunrat et al., 2020); however, no published studies
have addressed crop production using recent CMIP6 data.
Furthermore, most adaptation research has focused on planting
dates or fertilizer use (Babel et al., 2011; Mainuddin et al.,
2012; Boonwichai et al., 2019); thus, the potential of crop-type
conversion—a primary land use decision—remains largely
unquantified.

Therefore, the current study addressed this gap by providing
an integrated assessment of multi-crop vulnerability to CC
and LUC at the basin scale. The spatially explicit framework
coupled the DSSAT crop model with the land-similarity-unit
(LSU) technique to simulate economic output for rice, cassava,
sugarcane and maize. The framework incorporated a multi-
model ensemble of CMIP5 and CMIP6 climate scenarios,
interpreted alongside a CA-Markov model for land use.
The objectives were: 1) to quantify the basin-wide economic
effect of combined CC and LUC; and 2) to analyze the spatial
heterogeneity in multi-crop vulnerability. The outcomes
should help to establish strategic crop conversion as a central
adaptive capacity, providing location-specific data to guide
management.

Materials and Methods

Analytical framework

The analytical framework evaluated the integrated
effects of climate and LUC on crop production (Fig. 1).
The process began with the preparation of essential input
data—encompassing climate, soil, land use and crop yield
statistics—to configure the DSSAT model. Historical crop
yield data were used for model calibration and validation.

The future climate scenarios incorporated projections
from CMIP5 and CMIP6 models, while the land use change
scenarios were generated using CA-Markov simulation.
These scenarios served as inputs for the DSSAT model.
Subsequently, model outputs were analyzed to quantify the
impacts of climate and land use change on crop production.
Finally, the results were aggregated to evaluate the cumulative
impact on agricultural production at both the basin and district
scales.
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Fig. 1 Schematic representation of the spatially explicit analytical framework applied to assess combined impacts of climate and land use (LU) change

on multi-crop production
Study area

The study focused on the Mun River Basin (Fig. 2),
the largest river basin in Northeast Thailand and a major
right-bank tributary of the Mekong River. The entire basin
covers approximately 71,000 km?, characterized mostly by
gently undulating terrain within the Korat Plateau. The region

experiences a tropical savanna (Aw) climate with mean annual
rainfall in the range 800—-1,800 mm.

The specific study area, encompassing 53,000 km?
(the upper and middle drainage basins, Fig. 2), was selected
due to its elevated agricultural activity and heightened
susceptibility to climate variability. This defined area has
four major cash crops: rice, cassava, sugarcane and maize.
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Fig. 2 Study area within Mun River Basin, showing selected district-level case studies: Dan Khun Tod district, Nakhon Ratchasima province;

Phlapplachai district, Buriram province; Sangkha district, Surin province; and Kaset Wisai district, Roi Et province
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Decision support system for agrotechnology transfer model
configuration and calibration

The crop modeling strategy utilized the DSSAT model,
version 4.7.5 (Hoogenboom et al., 2020). This section details
data acquisition, spatial configuration and calibration that
ensured the model’s reliability for basin-scale assessment.

Data acquisition and preparation

The DSSAT model required daily rainfall and maximum
and minimum temperatures as climate data. Rainfall
data from 43 stations in the study area were utilized. These
data were processed using the inverse distance weighting
method to create 91 grids, each with a 0.25° resolution
(matching the resolution of the projected climate data).
Climate data for the 30 year baseline period (1981-2010)
were obtained from stations run by the Thai Meteorological
Department.

Soil and land use data were obtained from Thailand’s
Land Development Department (LDD). Up-to-date land use
maps from 2019 were compiled and grouped into five main
categories: agriculture, forest, urban, water and other. The
main crops within the agriculture category (rice, cassava,
sugarcane, maize and perennial plants) were retained. These
grouped land use data, along with spatial data for the main
crops, were converted into raster files with a grid size of 0.1°
(approximately 1 km). The LDD’s soil map provided the
locations of different soil types and their properties.

Crop yield statistics were imperative for model setup
and validation. District-level data for rice (2011-2017),
maize (2012-2017) and cassava (2011-2017) were acquired
from the Office of Agricultural Economics. Provincial-level
sugarcane yield data for 2006-2018 was obtained from
the Office of Cane and Sugar Board.

Model configuration

The DSSAT model executes point simulations. The LSU
technique was implemented to adapt this for basin-scale
assessment and to account for spatial variability. The study
area was discretized into grid cells of 0.1°. The 91 climate data
grids, originally at a resolution of 0.25°, were resampled to
0.1°.

Overlaying climate, land use and soil maps defined unique
crop-soil-climate attributes, yielding 4,368 LSUs. These
incorporated four major cash crops, 12 soil textural classes
and 91 climatic grids. This approach required 4,368 simulation
runs for each climatic dataset.

The DSSAT crop simulators and genetic coefficients (GCs)
were selected based on regional cultivar prevalence (Ekasingh
et al., 2008) and prior validation:

e Rice was modeled using the CERES-Rice simulator
parameterized with the KDML105 GC, reflecting the dominant
rainfed cultivar in northeast Thailand (Kerdsuk, 2002;
Wikarmpapraharn and Kositsakulchai, 2010).

e Maize utilized the CERES-Maize simulator with the
Suwan GC, established for its suitability under tropical
conditions (Asadi and Clemente, 2003; Babel et al., 2018).

e Cassava used the CSCAS model with the Rayong 9 GC,
due to its regional adaptability (Sarawat et al., 2000; Kumsueb
and Jintrawet, 2020).

e Sugarcane was simulated using the CANEGRO
model parameterized with the Khon Kaen 3 GC, selected as
a representative long-season cultivar (Kapetch et al., 2016).

Calibration and validation

Model performance was evaluated using standard statistical
indicators (Legates and McCabe, 1999): the coefficient
of determination (R?), the Willmott’s index of agreement
(d-value; Willmott, 1982) and the normalized root mean square
difference (nRMSD; Khakbaz et al., 2012).

Data from 2015 to 2017 were used for calibration, while
data from 2012 to 2014 were used for validation. Since
only provincial-level data were available for sugarcane,
all sugarcane data from 2012 to 2017 were incorporated into
the calibration process. The calibration involved iteratively
fine-tuning crop parameters (GCs) and adjusting initial soil
water and nutrient levels.

Table 1 presents the model performance indicators,
which indicate satisfactory overall model performance
for regional-scale modeling. A high R? value (0.95-0.98)
indicates a strong correlation, a moderate d-value (0.33-0.68)
suggests a reasonable level of agreement and an nRMSD
below 20% is considered acceptable for crop yield simulation
(Yang et al., 2014).

Land use and climate scenarios

Climate change scenarios

The assessment of future climatic effects depended on the
outputs of global climate models (GCMs). The current study
utilized a robust multi-model ensemble approach to capture
the full range of uncertainty associated with GCMs (Winkler,
1989; Wu and Levinson, 2021).
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Table 1 decision support system for agrotechnology transfer model performance on spatial simulation of crop yields

Crop Period R? d-Value nRMSD
Rice (26,514 km?) 2012-2014 0.97 0.33 17.1%
2015-2017 0.96 0.40 11.7%
Maize (709 km?) 2012-2014 0.98 0.49 14.0%
2015-2017 0.95 0.51 13.2%
Cassava (5,452 km?) 2012-2014 0.96 0.58 23.1%
2015-2017 0.98 0.68 15.7%
Sugarcane (3,312 km?) 2012-2017 0.97 0.55 17.7%

Cultivated area provided in parentheses, based on land use data from 2019. Recorded yields were obtained from district-level data for rice, maize and
cassava, provincial-level data for sugarcane. Validation period used data from 2012 to 2014, while calibration period utilized data from 2015 to 2017
(2012-2017 for sugarcane). Model performance evaluated using statistical indicators: R? (coefficient of determination), d-value (Willmott’s index of
agreement) and nRMSD (normalized root mean square difference).
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applying these probabilities to the current configuration Fig. 3 Mean monthly rainfall over Mun River Basin for: (A) CMIP5-RCP4.5
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Assessment of combined impacts

The evaluation quantified economic vulnerability by
integrating physical yield simulations with economic data.
The output metric and scenario design were structured to
isolate the effects of climate and land use drivers.

Output metric and economic conversion
Simulated biological yields (in kilograms per hectare) for

(A)

I Agriculture: rice

[ Agriculture: field crops

B Agriculturc: percnnial plants (B)
B Forest

I Miscelleneous

Il Water body/wetland
B Urban

Fig. 5 Land use in study area of Mun River Basin: (A) land use in 2019
from Land Development Department of Thailand (LDD2019); (B) projected
land use in 2045 under business-as-usual pathway (BAU2045)

each LSU were converted into a unified economic indicator:
total agricultural income (million USD). Calculations utilized
5 year average local unit prices (2015-2019) obtained from
the Office of Agricultural Economics: rice (USD 369.84 /t),
maize (USD 243.95 /t), cassava (USD 60.24 /t) and sugarcane
(USD 25.54 /t). Income from perennial plants (natural rubber)
was derived based on area at USD 2,840.9/ha.

Scenarios for quantification

The analysis carried out a systemic comparison using
four distinct scenarios: 1) Baseline, using baseline climate
(1981-2010) combined with current land use (LDD2019);
2) climate change (CC-only), using projected near-future
climate (2021-2050) combined with LDD2019 land use;
3) land use change (LUC-only), using baseline climate combined
with projected land use (BAU2045); and 4) integrated impact
(CC & LUC), using projected climate combined with BAU2045.
This integration followed a sequential coupling approach.
First, the CA-Markov model projected the spatial configuration
of future land use (BAU2045). Then, this projected map was
overlaid with soil and climatic grids to define specific LSUs,
which served as direct inputs for the DSSAT simulation to
quantify economic output.
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Spatial analysis

The economic indicator was analyzed at two scales:
1) the basin level, summarizing overall economic vulnerability
within the basin boundary; and 2) the district level, utilizing
administrative boundaries to reveal localized capacity and
heterogeneous effects. This facilitated the identification
of critical areas across four case studies: Dan Khun Tod
(DKT), Phlapplachai (PPC), Sangkha (SKA) and Kaset Wisai
(KSW).

Results

The results section presents the quantitative findings derived
from the integrated modeling framework, detailing the effects of
land use change (LUC), climate change (CC) and their
combined influence on agricultural output across the Mun
River Basin.

Land use change projections

The CA-Markov model projected substantial changes
within the agricultural land use class under the BAU2045
scenario. As summarized in Table 2, the total agricultural area
remained nearly constant, experiencing only a minimal +0.2%
change in total area.

Table 2 Total area (km?) of land use in 2019 (Land Development
Department, LDD2019) and projected land use in 2045 under business-as-
usual pathway (BAU2045)

L and use class LDD2019 BAU2045 Change
Agriculture
Rice 26,514 23,930 -2,584 (-9.7%)
Field crops 9,473 11,004 1,531 (+16.2%)
Perennial plants 3,858 4,657 799 (+20.7%)
Other 23 370 347 (>100%)
Subtotal 39,868 39,961 93 (+0.2%)
Forest 6,161 5,905 -256 (-4.2%)
Urban 3,711 3,788 78 (+2.1%)
Water body 1,597 1,669 72 (+4.5%)
Miscellaneous 1,629 1,643 14 (+0.9%)
Total 52,966 52,966

This aggregate stability masked major internal shifts
within the agricultural subclass. For example, rice cultivation
declined by 9.7% (2,584 km? loss). This reduction was offset
by corresponding expansion in higher-value crops. Field crops
increased by 16.2% (1,531 km? gain) and perennial plants by
20.7% (799 km? gain).

Fig. 5 confirmed this spatial trend, demonstrating
the substitution of lowland rice areas with field crops and
perennial plants, primarily in the western and southern
upland zones of the basin. This result established the baseline
human adaptation trend for the assessment of future climate
effects.

Individual crop susceptibility to climate change

The isolated effect of climate change was determined
by simulating yields under future climate scenarios using
the current land use (LDD2019). Ensemble data projected
consistent yield declines across all four major crops, ranging
from 9.4% to approximately 14.7%.

Susceptibility differentiated notably by crop type,
as measured by the coefficient of variation (CV) for yield
instability (Fig. 6).

High susceptibility

Short-season crops, particularly rice (Fig. 6A) and maize
(Fig. 6B), had the highest volatility. The rice and maize CVs
reached 29.8% and 33.7%, respectively, across the scenarios.
This volatility was attributed to sensitivity to pre-rainy season
rainfall variability (May—July), which was projected to increase
(Fig. 4) (Khadka et al., 2021b).

Lower susceptibility

Long-season, deeper-rooted crops, namely cassava
(Fig. 6C) and sugarcane (Fig. 6D), had comparatively lower
yield variability, with CVs peaking at 19.1% and 16.8%,
respectively. This difference indicated the higher stability and
lower climate risk associated with these crop systems.

Basin-wide and combined economic impacts

Aggregating outputs into a single economic metric (million
USD) quantified adaptive capacity at the basin scale.

Baseline output

Under the baseline scenario (Baseline climate/LDD2019),
the total agricultural output was estimated at USD 4,506.9
million (Fig. 7A). Rice constituted the largest component,
accounting for approximately 50% of the total output.

Climate-only impact
The isolated effect of climate change (Projected climate/
LDD2019) caused a basin-wide economic loss of 8.9%.
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LUC compensatory effect
The LUC-only scenario (Baseline climate/BAU2045) generated
an offsetting economic gain of +4.5% (USD 4,708.7 million).

Net integrated impact

LUC compensation partially mitigated the negative impact
of CC. The integrated impact (Projected climate/BAU2045)
resulted in a net output reduction of only 4.4%. This result
confirmed the potential of strategic land use management as
a high-leverage adaptation strategy.

District-level spatial heterogeneity

The district-level assessment revealed that adaptive success
and overall vulnerability were highly spatially differentiated,
a factor directly influencing localized resource management.

Baseline distribution
Fig. 8A indicates that the high-income districts were
predominantly located in upland areas dominated by field
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crops and perennial plants, while the low-income areas were
characterized by paddy rice in the northeastern lowlands.

Successful mitigation

Successful mitigation was defined as areas where the
integrated scenario resulted in a net positive economic change
or reduced losses compared to the CC-only scenario. Districts
with suitable land and water conditions, such as Sangkha
(SKA) and Dan Khun Tod (DKT), demonstrated effective
adaptation (Figs. 8 and 9). In SKA, beneficial LUC drove a
net output increase of 22.2% under the combined scenario.
Similarly, DKT reduced its CC-only loss of 13.1% to a net
reduction of 7.2%.

Aggravated vulnerability

Maladaptive land use changes were indicated by areas where
net economic loss was intensified under the combined scenario
compared to the loss driven by climate change alone. Rice-
dominant lowland districts showed heightened susceptibility
(Fig. 9), with Kaset Wisai (KSW) experiencing the most severe
impact, where combined effects caused a 15.0% reduction
in total output. Similarly, Phlapplachai (PPC) recorded an
integrated output reduction of 12.3%, which marginally
exceeded its CC-only loss of 12.2%, indicating that limited
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land-use changes offered no meaningful offset. This disparity
illustrated the high risk of promoting generalized adaptation
strategies without considering site-specific suitability.
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Fig. 8 Spatial distribution of district-level total agricultural outputs
(million USD): (A) baseline values under 30 year climate (1981-2010)
and LDD2019 land use scenario and (B) corresponding changes under
projected BAU2045 land use scenario

(A) (D)

© (F)

Fig. 9 Agricultural output changes relative to baseline for different climate scenarios: left column, LDD2019 land use and right column, BAU2045 land
use: (A) CMIP5-RCP4.5; (B) CMIP5-RCP8.5; (C) CMIP6-SSP5-8.5; (D) CMIP5-RCP4.5; (E) CMIP5-RCP8.5; (F) CMIP6-SSP5-8.5
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Discussion

The integrated assessment indicates that while climate
change diminishes agricultural output across the Mun River
Basin, strategic land use change functions as a compensatory
mechanism. Crop conversion represents a central element
of regional adaptive capacity, linking physical susceptibility
mechanisms to targeted policy recommendations.

Methodological and regional comparisons

Standard climate impact assessments often isolate variables,
relying on single-field crop simulations or static land cover
assumptions (Babel et al., 2011; Mainuddin et al., 2012).
The framework applied in this study differs by integrating
DSSAT-LSU spatial simulations with CA-Markov land use
modeling. This integration allows the evaluation of concurrent
climate and land-use pressures at the basin scale (Wang
et al., 2013; Mehdi et al., 2015). The projected 8.9% baseline
decline in crop yield aligns with regional studies indicating
generalized production constraints from warming temperatures
(Das et al., 2020; Debnath et al., 2021). Factoring in land
use change, however, yields a net economic loss of 4.4%.
This offset demonstrates the buffering capacity of agricultural
conversion—a dynamic that is often omitted in standard plot-
scale impact studies.

Multi-crop susceptibility and adaptive capacity mechanisms

Agricultural susceptibility depends on the physiological
traits of dominant crops. Short-season crops (rice, maize)
exhibit substantial yield instability, signaling low adaptive
capacity (Abatan et al., 2023). This instability worsens with
projected pre-rainy season rainfall declines (Khadka et al.,
2021b), which delay planting and induce early-cycle water
stress. Conversely, shifting toward cassava and perennial
plants enhances adaptive capacity. These long-season and
deep-rooted crops possess lower yield variability and better
drought tolerance. As a result, adapting the agricultural product
mix generates a 4.5% basin-wide economic gain.

Spatial limits of adaptation and policy validation
The efficacy of land-use-driven adaptation depends on local

physical suitability. Upland districts, such as SKA and DKT,
recorded measurable output increases, confirming that crop

conversion succeeds under suitable land and water conditions.
In rice-dominant lowlands (such as KSW), land-use changes—
namely land abandonment or maladaptive crop shifts—
aggravated economic losses. Generalized crop conversion
without regard for flood risk and soil constraints increases
vulnerability. This spatial heterogeneity emphasizes the need
for site-specific policy and invalidates uniform adaptation
approaches.

Limitations and future research directions

The near-future temporal scope of this study (2021-2050)
supports immediate local planning (Tingsanchali et al., 2022)
but excludes late-century climatic effects. Furthermore,
the methodology utilizes a business-as-usual land use
scenario. This scenario demonstrates the technical viability
of crop conversion but does not account for socio-economic
implementation barriers. Future research should integrate
socio-economic drivers, conduct formal sensitivity analysis
on transition variables, such as crop prices, and quantify
ecosystem service trade-offs.

Conclusion

In conclusion, this study integrated the DSSAT-LSU
spatial simulation framework with CMIP5/CMIP6 climate
projections and CA-Markov land use modeling to quantify
economic vulnerability in the Mun River Basin. The analysis
demonstrates that strategic land use conversion generates
a 4.5% economic offset, reducing the 8.9% climate-driven
decline to a net 4.4% loss. While effective, this adaptation
depends on local physical conditions; district-level results
distinguish areas of successful conversion from those with
intensified susceptibility. Therefore, future adaptive planning
must prioritize site-specific policy and address implementation
barriers.

Conflict of Interest

The authors declare that there are no conflicts of interest.



E. Kositsakulchai et al. / Agr. Nat. Resour. 60 (2026) 600305 11

Acknowledgements

This research was partially derived from the project
“Enhancing Resilience to Future Hydrometeorological
Extremes in the Mun River Basin in Northeast of Thailand
(ENRICH)”. Financial support was provided by the Thailand
Science Research and Innovation and the National Research
Council of Thailand (grant number: RDG6130025) and the
U.K. Natural Environment Research Council (grant number:
NE/S002901/1). Data were supplied by the Thai Meteorological
Department, the Land Development Department, the Office of
Agricultural Economics and the Office of Cane and Sugar
Board.

References

Abatan, A.A., Collins, M., Babel, M.S., Khadka, D., De Silva, Y.K.
2023. Sub-seasonal to seasonal drivers of dry extreme rainfall events
over Northeast Thailand. Front. Clim. 4: 1031226. doi.org/10.3389/
fclim.2022.1031226

Ahmed, M., Fayyaz ul, H., Ahmad, S. 2017. Climate variability impact on
rice production: Adaptation and mitigation strategies. In: Ahmed, M.,
Stockle, C.O. (Eds.). Quantification of Climate Variability, Adaptation
and Mitigation for Agricultural Sustainability. Springer. New York,
NY, USA. pp. 91-111.

Ahmed, M., Stockle, C.O. 2017. Quantification of Climate Variability,
Adaptation and Mitigation for Agricultural Sustainability. Springer.
New York, NY, USA.

Arunrat, N., Pumijumnong, N., Sereenonchai, S., Chareonwong, U.,
Wang, C. 2020. Assessment of climate change impact on rice yield and
water footprint of large-scale and individual farming in Thailand. Sci.
Total Environ. 726: 137864. doi.org/10.1016/].scitotenv.2020.137864

Asadi, M.E., Clemente, R.S. 2003. Evaluation of CERES-Maize of
DSSAT model to simulate nitrate leaching, yield and soil moisture
content under tropical conditions. J. Food Agric. Environ. 1: 270-276.

Babel, M.S., Agarwal, A., Swain, D.K., Herath, S. 2011. Evaluation of
climate change impacts and adaptation measures for rice cultivation in
Northeast Thail and. Clim. Res. 46: 137-146. doi.org/10.3354/cr00978

Babel, M.S., Deb, P., Soni, P. 2018. Performance evaluation of AquaCrop
and DSSAT-CERES for maize under different irrigation and manure
application rates in the Himalayan Region of India. Agric. Res. 8:
207-217. doi.org/10.1007/s40003-018-0366-y

Bell, E.J. 1974. Markov analysis of land use change—an application of
stochastic processes to remotely sensed data. Socio-Econ. Plan. Sci. 8:
311-316. doi.org/10.1016/0038-0121(74)90034-2

Bezner Kerr, R. Hasegawa, T., Lasco, R., et al. 2022. Food, fibre
and other ecosystem products. In: Portner, H.O., Roberts, D.C.,
Tignor, M.M.B., et al., (Eds.). Climate Change 2022: Impacts,
Adaptation and Vulnerability. Contribution of Working Group II to the
Sixth Assessment Report of the Intergovernmental Panel on Climate
Change.Cambridge University Press. Cambridge, UK. pp. 713-906.

Bh andari, A., Joshi, R., Thapa, M.S., Sharma, R.P., Rauniyar, S.K.
2022. Land cover change and its impact in crop yield: A case
study from western Nepal. Sci. World J. 2022: 5129423. doi.org/
10.1155/2022/5129423

Boonwichai, S., Shrestha, S., Babel, M.S., Weesakul, S., Datta, A. 2019.
Evaluation of climate change impacts and adaptation strategies on
rainfed rice production in Songkhram River Basin, Thailand. Sci. Total
Environ. 652: 189-201. doi.org/10.1016/j.scitotenv.2018.10.201

Chen, J., Brissette, F.P., Lucas-Picher, P., Caya, D. 2017. Impacts
of weighting climate models for hydro-meteorological climate
change studies. J. Hydrol. 549: 534-546. doi.org/10.1016/j.jhydrol.
2017.04.025

Das, J., Poonia, V., Jha, S., Goyal, M.K. 2020. Understanding the
climate change impact on crop yield over Eastern Himalayan Region:
ascertaining GCM and scenario uncertainty. Theor. Appli. Climatol.
142: 467-482. doi.org/10.1007/s00704-020-03332-y

Debnath, S., Mishra, A., Mailapalli, D.R., Raghuwanshi, N.S., Sridhar, V.
2021. Assessment of rice yield gap under a changing climate in India.
J. Water Clim. Chang. 12: 1245-1267. doi.org/10.2166/wcc.2020.086

Di Paola, A., Valentini, R., Santini, M. 2016. An overview of available crop
growth and yield models for studies and assessments in agriculture.
J. Sci. Food Agric. 96: 709-714. doi.org/10.1002/jsfa.7359

Ekasingh, B., Sangkapitux, C., Kitchaicharoen, J., Suebpongsang, P. 2008.
Development of Competitive Commercial Agriculture in Northeast
Thailand, 1950-2006: A Review. Multiple Cropping Center, Chiang
Mai University, Chiang Mai, Thailand.

Ghimire, U., Shrestha, S., Neupane, S., Mohanasundaram, S., Lorphensri, O.
2021. Climate and land-use change impacts on spatiotemporal
variations in groundwater recharge: A case study of the Bangkok
Area, Thailand. Sci. Total Environ. 792: 148370. doi.org/10.1016/j.
scitotenv.2021.148370

Hoogenboom, G., Porter, C.H., Boote, K.J., Shelia, V. 2020. The DSSAT
crop modeling ecosystem. In: Boote, K.J. (Ed.). Advances in crop
modelling for a sustainable agriculture. Burleigh Dodds. Cambridge,
UK. pp. 173-216.

Horie, T. 1993. Predicting the effects of climatic variation and elevated
CO2 on rice yield in Japan. J. Agric. Meteorol. 48: 567-574. doi.
org/10.2480/agrmet.48.567

Horie, T., Bake, J.T., Nakagawa, H., Matsui, T., Kim, H.Y. 2008. Crop
ecosystem responses to climatic change: Rice. In: Reddy, K.R.,
Hodges, H.F., (Eds.). Climate Change and Global Crop Productivity.
CABI Publishing. Wallingford, UK. pp. 81-106.

Jin, Z., Ge, D., Chen, H., Fang, J. 1995. Effects of climate change on
rice production and strategies for adaptation in Southern China.
In: Rosenzweig, C., Ritchie, J.T., Jones, J.W., Tsuji, G.Y., Hildebr
and, P. (Eds.). Climate Change and Agriculture: Analysis of Potential
International Impacts. The American Society of Agronomy. pp.
307-323.

Kapetch, P., Sakai, K., Pisanjaroen, K., Sansayawichai, T., Cho, T.,
Nakamura, S., Nak andakari, T. 2016. Calibration and validation of
two crop models for estimating sugarcane yield in Northeast Thailand.
Trop. Agric. Dev. 60: 31-39. doi.org/10.11248/jsta.60.31

Kerdsuk, V. 2002. Application of crop modeling and GIS for agroclimatic
of KDML 105 in Tung Samrit, Nakhon Rachasima. PhD thesis. Institute
of Agricultural Technology, Suranaree University of Technology.
Nakhon Rachasima, Thailand.



12 E. Kositsakulchai et al. / Agr. Nat. Resour. 60 (2026) 600305

Khadka, D., Babel, M.S., Abatan, A.A., Collins, M. 2021a. An evaluation
of CMIP5 and CMIP6 climate models in simulating summer rainfall in
the Southeast Asian monsoon domain. Int. J. Climatol. 42: 1181-1202.
doi.org/10.1002/joc.7296

Khadka, D., Babel, M.S., Collins, M., Shrestha, S., Virdis, S.G.P.,
Chen, A.S. 2021b. Projected changes in the near-future mean climate
and extreme climate events in northeast Thailand. Int. J. Climatol. 42:
2470-2492. doi.org/10.1002/joc.7377

Khakbaz, B., Imam, B., Hsu, K., Sorooshian, S. 2012. From lumped
to distributed via semi-distributed: Calibration strategies for semi-
distributed hydrologic models. J. Hydrol. 418-419: 61-77. doi.
org/10.1016/j.jhydrol.2009.02.021

Kositsakulchai, E., Phankamolsil, Y., Yodjaroen, S. 2021. Future runoff
projections based on land change using integrated Markov-Cellular
Automata model and Soil Water Assessment Tool in Lam Pachi
Basin, Thailand. Agric. Nat. Resour. 55: 807-816. doi.org/10.34044/
j.anres.2021.55.5.11

Kumsueb, B., Jintrawet, A. 2020. Recent evaluations and applications of
a cassava model in Thailand: A review. Curr. Appl. Sci. Technol. 20:
156-162.

Legates, D.R., McCabe, G.J. 1999. Evaluating the use of “goodness-
of-fit” Measures in hydrologic and hydroclimatic model validation.
Water Resour. Res. 35: 233-241. doi.org/10.1029/1998wr900018

Limsakul, A. 2019. Impacts of El Nino-Southern Oscillation (ENSO) on
rice production in Thailand during 1961-2016. Environ. Nat. Resour.
J. 17:30-42. doi.org/10.32526/ennrj.17.4.2019.29

Lobell, D.B., Schlenker, W., Costa-Roberts, J. 2011. Climate trends
and global crop production since 1980. Science 333: 616-620. doi.
org/10.1126/science.1204531

Mainuddin, M., Kirby, M., Hoanh, C.T. 2012. Impact of climate change on
rainfed rice and options for adaptation in the lower Mekong Basin. Nat.
Hazards 66: 905-938. doi.org/10.1007/s11069-012-0526-5

Matthews, R.B., Kropff, M.J., Bachelet, D., van Laar, H.H. 1995.
Modeling the Impact of Climate Change on Rice Production in Asia.
CABI Publishing. Wallingford, UK.

Mehdi, B., Ludwig, R., Lehner, B. 2015. Evaluating the impacts of
climate change and crop land use change on streamflow, nitrates and
phosphorus: A modeling study in Bavaria. J. Hydrol. Reg. Stud. 4:
60-90. doi.org/10.1016/j.ejrh.2015.04.009

Nendel, C., Rotter, R.P., Thorburn, P.J., Boote, K.J., Ewert, F. 2018.
Editorial Introduction to the Special Issue “Modelling cropping systems
under climate variability and change: impacts, risk and adaptation”.
Agric. Syst. 159: 139-143. doi.org/10.1016/j.agsy.2017.11.005

Pavelic, P., Srisuk, K., Saraphirom, P., et al. 2012. Balancing-out
floods and droughts: Opportunities to utilize floodwater harvesting
and groundwater storage for agricultural development in Thailand.
J. Hydrol. 470—471: 55—64. doi.org/10.1016/j.jhydrol.2012.08.007

Penny, J., Djordjevi¢, S., Chen, A.S. 2022. Using public participation
within land use change scenarios for analysing environmental and
socioeconomic drivers. Environ. Res. Lett. 17. doi.org/10.1088/1748-
9326/ac4764

Ross, E.R., R andhir, T.O. 2022. Effects of climate and land use
changes on water quantity and quality of coastal watersheds of
Narragansett Bay. Sci. Total Environ. 807: 151082. doi.org/10.1016/
j.scitotenv.2021.151082

Saravanakumar, V., Lohano, H.D., Balasubramanian, R. 2022. A district-
level analysis for measuring the effects of climate change on production
of rice: Evidence from Southern India. Theor. Appli. Climatol. 150:
941-953. doi.org/10.1007/s00704-022-04198-y

Sarawat, V., Ratanasriwong, S., Puangprakon, K., Jintrawet, A. 2000.
The development of a cassava growth model in Thailand. In: Proceeding
of the Cassava's Potential in Asia in the 21 Century: Present Situation
and Future Research and Development Needs, Ho Chi Minh City,
Vietnam, pp. 447-455

Seidel, S.J., Palosuo, T., Thorburn, P., Wallach, D. 2018. Towards improved
calibration of crop models: Where are we now and where should we
go? Eur. J. Agron. 94: 25-35. doi.org/10.1016/.€ja.2018.01.006

Shrestha, S., Chapagain, R., Babel, M.S. 2017. Quantifying the impact
of climate change on crop yield and water footprint of rice in the
Nam Oon Irrigation Project, Thailand. Sci. Total Environ. 599-600:
689—699. doi.org/10.1016/j.scitotenv.2017.05.028

Sridhar, V., Ali, S.A., Sample, D.J. 2021. Systems analysis of coupled
natural and human processes in the Mekong River Basin. Hydrology 8:
140. doi.org/10.3390/hydrology8030140

Supharatid, S., Nafung, J., Aribarg, T. 2022. Projected changes in temperature
and precipitation over mainland Southeast Asia by CMIP6 models. J.
Water Clim. Chang. 13: 337-356. doi.org/10.2166/wcc.2021.015

Tingsanchali, T., Babel, M.S., Shrestha, S. 2022. Enhancing resilience
to future hydrometeorological extremes in the Mun River Basin in
Northeast of Thailand (ENRICH). Thailand Science Research and
Innovation and National Research Council of Thailand, Bangkok,
Thailand.

Turral, H., Burke, J., Faures, J.M. 2011. Climate change, water and food
security. Food and Agriculture Organization of the United Nations.
Rome, Italy.

van Oort, P.A.J., Zwart, S.J. 2018. Impacts of climate change on rice
production in Africa and causes of simulated yield changes. Glob.
Chang. Biol. 24: 1029-1045. doi.org/10.1111/gcb.13967

von Neumann, J., Burks, A.W. 1966. Theory of Self-Reproducing
Automata. University of Illinois Press. Urbana and London.

Wang, S., Zhang, Z., R. McVicar, T., Guo, J., Tang, Y., Yao, A. 2013.
Isolating the impacts of climate change and land use change on
decadal streamflow variation: Assessing three complementary
approaches.J. Hydrol. 507: 63—74. doi.org/10.1016/j.jhydrol.2013.10.018

Wikarmpapraharn, C., Kositsakulchai, E. 2010. Evaluation of ORYZA2000
and CERES-Rice models under potential growth condition in the
Central Plain of Thailand. Thai J. Agric. Sci. 43: 17-29.

Willmott, C.J. 1982. Some comments on the evaluation of model
performance. Bull. Am. Meteorol. Soc. 63: 1309-1313. doi.org/10.117
5/15200477(1982)063<1309:Scote0>2.0.Co;2

Winkler, R.L. 1989. Combining forecasts: A philosophical basis and some
current issues. Int. J. Forecast. 5: 605-609. doi.org/10.1016/0169-
2070(89)90018-6

Wu, H., Levinson, D. 2021. The ensemble approach to forecasting:
A review and synthesis. Transp. Res. Part C Emerg. Technol. 132. doi.
org/10.1016/j.trc.2021.103357

Yang, J.M., Yang, J.Y., Liu, S., Hoogenboom, G. 2014. An evaluation
of the statistical methods for testing the performance of crop models
with observed data. Agric. Syst. 127: 81-89. doi.org/10.1016/j.agsy.
2014.01.008



	Integrated assessment of climate change and land use impacts on multi-crop vulnerability in Mun River Basin, northeast Thailand
	Abstract
	Introduction
	Materials and Methods
	Analytical framework
	Study area
	Decision support system for agrotechnology transfer model configuration and calibration
	Data acquisition and preparation
	Model configuration
	Calibration and validation

	Land use and climate scenarios
	Climate change scenarios
	Land use change scenarios

	Assessment of combined impacts
	Output metric and economic conversion
	Scenarios for quantification
	Spatial analysis


	Results
	Land use change projections
	Individual crop susceptibility to climate change
	High susceptibility
	Lower susceptibility

	Basin-wide and combined economic impacts
	Baseline output
	Climate-only impact
	LUC compensatory effect
	Net integrated impact

	District-level spatial heterogeneity
	Baseline distribution
	Successful mitigation
	Aggravated vulnerability


	Discussion
	Methodological and regional comparisons
	Multi-crop susceptibility and adaptive capacity mechanisms
	Spatial limits of adaptation and policy validation
	Limitations and future research directions

	Conclusion
	Conflict of Interest
	Acknowledgements
	References

	List of Figures
	Fig. 1 Schematic representation of the spatially explicit analytical framework applied to assess combined impacts of climate and land use (LU) change on multi-crop production
	Fig. 2 Study area within Mun River Basin, showing selected district-level case studies: Dan Khun Tod district, Nakhon Ratchasima province; Phlapplachai district, Buriram province; Sangkha district, Surin province; and Kaset Wisai district, Roi Et province
	Fig. 3 Mean monthly rainfall over Mun River Basin for: (A) CMIP5-RCP4.5 scenario, (B) CMIP5-RCP8.5 scenario; (C) CMIP6-SSP5-8.5 scenario
	Fig. 4 Mean monthly temperature over Mun River Basin for:(A) CMIP5-RCP4.5 scenario, (B) CMIP5-RCP8.5 scenario; (C) CMIP6-SSP5-8.5 scenario
	Fig. 5 Land use in study area of Mun River Basin: (A) land use in 2019 from Land Development Department of Thailand (LDD2019); (B) projected land use in 2045 under business-as-usual pathway (BAU2045)
	Fig. 6 Yields under baseline climate (1981–2010) (bold line) and projected climate scenarios for: (A) rice; (B) maize; (C) cassava; (D) sugarcane, where individual model results are shown by rectangular points (mean ± SD)
	Fig. 7 (A) Basin-level agricultural outputs under baseline climate and projected climate scenarios, where individual model output (rectangular) and multi-model ensemble results (lines) are shown for two impact types: climate change only (CC, in red, using LDD2019 land use) and integrated climate and land use change (CC & LUC, in green, using BAU 2045land use); (B) percentage of change compared to baseline climate
	Fig. 8 Spatial distribution of district-level total agricultural outputs (million USD): (A) baseline values under 30 year climate (1981–2010) and LDD2019 land use scenario and (B) corresponding changes under projected BAU2045 land use scenario
	Fig. 9 Agricultural output changes relative to baseline for different climate scenarios: left column, LDD2019 land use and right column, BAU2045 land use: (A) CMIP5-RCP4.5; (B) CMIP5-RCP8.5; (C) CMIP6-SSP5-8.5; (D) CMIP5-RCP4.5; (E) CMIP5-RCP8.5; (F) CMIP6-SSP5-8.5

	List of Tables
	Table 1 decision support system for agrotechnology transfer model performance on spatial simulation of crop yields
	Table 2 Total area (km2) of land use in 2019 (Land Development Department, LDD2019) and projected land use in 2045 under business-as-usual pathway (BAU2045)


