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The rising homogeneity of global crop supply has increased vulnerability to
climatic and economic disruptions. While substantial work has examined yield
variations in relation to climate variability, little is known about the influence of
harvested area on production stability. To investigate this, here we take the
example of monsoon cereal production in India, which has steadily shifted
towards climate-sensitive rice and away from alternative cereals (finger millet,
maize, pearl millet, and sorghum). We find that variations in harvested area are
significantly associated with current and past price fluctuations for all cereals
except rice. This suggests that farmer decisions based on economic factors
may exercise great influence in determining variations in harvested area. We
also show that optimized allocations of harvested area can reduce climate-
induced production loss by 11% or improve farmer net profit by 11% while
maintaining calorie production and cropland area. Such improvements would
be possible by reducing harvested areas dedicated to rice and increasing areas
allocated to alternative cereals. Our findings show that strategies using har-
vested area to address cereal yield fluctuations and improve farm profits could
complement ongoing efforts to improve alternative cereal yields and stabilize
cereal production.

M Check for updates

Global food supply will need to increase substantially in the coming
decades to support rising populations and richer diets'. While agri-
cultural systems must increase their output, improve nutrition, and
minimize their environmental burden*®, achieving more sustainable
food production is made more challenging by rising climate change
and variability. Climate variability is exercising substantial influence on
the stability of crop production’’. Over the past half century, droughts
and extreme heat have reduced global crop production by one-tenth™.
At the same time, crop mixes have become less diverse", leaving
production more prone to instability'>. With episodes of extreme cli-
mate expected to become more frequent®, a large body of research
has recognized the urgent need to understand and address the critical

challenge of enhancing the climate resilience of agriculture and has
focused in particular on interrogating the relationship between cli-
mate variability and crop yields (e.g., refs. 14,15). However, by attri-
buting production volatility solely to yields, other important factors
may be ignored that also influence production stability. Indeed,
emerging work has shown that changes in harvested area in associa-
tion with climate variability can also exercise important influence on
crop production outcomes'. For instance, recent work has shown that
fluctuations in crop production in the US are in large part associated
with variations in planted and harvested areas”. In Brazil, variations in
harvested area in response to climate variability were found to play a
more important role than yield variations in dictating the production
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of maize-soybean systems'. Another study in central India found a
significant relationship between interannual variations in winter crop
cover and variability in mean daytime temperature'. These variations
in harvested area can be due to farmer perceptions based on climatic
conditions at the beginning of the growing season (and therefore how
much area to plant) (e.g., ref. 20) as well as due to non-ideal climate
conditions after the crops have been sown (perhaps leaving farmers
only able to harvest a portion of their planted area due to damaged
crops). In addition to the effects of climate variability on harvested
area, farmer planting decisions are based on economic and agricultural
information from both the current year and the previous growing
season'®. Higher prices for a crop in the previous year may mean thata
farmer sows a larger area with that crop (in order to increase profits)
(e.g., ref. 21) or dedicates only the most fertile plots to that crop
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Fig. 1| Recent status (average of year 2002-2011) of India kharif cereals.

a Cereal-specific contributions to national total rainfed harvested area (HA), pro-
duction loss (PL), and net profit (NP). Maps show the district-level annual (b) pro-
duction loss and (c) net profit. d District-wise percentage of total rainfed harvested
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(thereby achieving the same amount of production with less land)
(e.g., ref. 22). In addition, a large body of literature has both high-
lighted the responsiveness of acreage to price fluctuations and stres-
sed the significance of considering competing crop prices in
agricultural supply response* . Given this suite of factors potentially
influencing production stability, this suggests that allocations of har-
vested area to less crops with lower climate-related yield variability
may offer benefits for production stability overall.

Monsoon (kharif) cereal production in India provides the ideal
case by which to explore these production stability dynamics (Fig. 1).
On one hand, high-yielding rice has increasingly come to dominate
monsoon cereal production in the country, currently accounting for
73% of monsoon cereal production, while maize (15%), pearl millet
(8%), sorghum (2.5%), and finger millet (1.5%) (i.e., alternative cereals)
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area for study cereals. These data and documents are licensed under a Creative
Commons Attribution 4.0 International license. Readers are free to copy, distribute
and transmit the data as long as you acknowledge the ICRISAT through DOI pro-
vided in this page: http://data.icrisat.org/dld/src/about-dld.html.
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contribute much of the rest”. On the other hand, emerging work
suggests that the yields of alternative cereals (millets, maize, and
sorghum) may be less sensitive to climate variability compared to
rice”*?, depending on the nature of a particular climate extreme (e.g.,
maize sensitivity to high temperature?-*%). This presents a potential
tradeoff between the quantity of cereal production and its stability.
With climate variability and extremes expected to increase in South
Asia over the coming decades® ¥, it is therefore important to under-
stand to what extent crop prices may influence variations in harvested
area and whether reallocations of harvested area towards less
climate-vulnerable and more profitable crops can ultimately both
enhance monsoon cereal production stability and improve farmer
profitability.

Here we quantify price elasticities in relation to harvested areas
for five major cereals produced during the monsoon season—finger
millet, maize, pearl millet, rice, and sorghum—, estimate current levels
of cereal production instability, and determine to what extent shifts in
cropping patterns can stabilize cereal production (Scenario 1) and
maximize farmer net profit (Scenario 2). To do so, we combine district-
level crop harvested area data with deflated price data for the years
1966 through 2011 and employ a linear fixed effects modeling
approach to estimate the harvested area responses to interannual
variability in price volatility. We complement this analysis with a suite
of optimizations that re-allocate harvested areas between cereals in
order to minimize production instability—measured as climate-
associated production losses—and to maximize total net profit, while
maintaining calorie production and cropland area. This new integrated
understanding of the role and importance of cropping patterns in
determining production stability can inform uniform strategies to

Table 1 | Model coefficients for rain-fed harvested area and
prices

Crop Current price Lagged price
Rice -0.010 -0.001
Sorghum -0.050 -0.030

Pearl Millet -0.047 0.020

Maize -0.037 -0.012
Finger Millet -0.026 -0.007

Fixed-effect regression models were developed to evaluate the relationship between harvested
areas and crop prices for each crop. All statistical analyses were conducted using two-sided
tests, and no adjustments were applied for multiple comparisons. The fixed effect accounted for
variations at the district level.

Statistically significant coefficients (p value < 0.01) are shown in bold.
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minimize cereal production shocks and maximize farmers profit due
to climate extremes.

Results

Price elasticities of harvested areas

Our results focus on rainfed production, which constitutes approxi-
mately two-thirds (62%) of Indian cereal area’” and is more susceptible
to climate variability. For rainfed harvested area, we find that variations
in harvested areas of all cereals except rice are significantly associated
with current prices (Table 1). Notably, sorghum exhibits the highest
sensitivity to current price fluctuations - with a -0.05% decrease in
rainfed harvested area for every 1% increase in price - followed by pearl
millet, maize, and finger millet in order. We observed similar but
smaller magnitude outcomes when comparing harvested areas and
lagged crop prices. There was no significant correlation between har-
vested area and prices (both current the lagged price) of rice.

Optimization harvested areas allocations

The influence of prices on harvested area suggests that targeted real-
locations of harvested area could serve to stabilize production and
improve profit and that these changes may be achieved through
strategic pricing. To this end, we first examined to what extent opti-
mized allocations of the harvested area to each crop could minimize
national climate-associated production losses overall-where produc-
tion loss within each district was measured as the product of crop-
specific climate sensitivity (measured as the percent reduction in
median yield under extreme climate conditions), yield, and harvested
area—or enhance net profit. Currently, rice accounts for more than half
of total rainfed harvested area (55%, Fig. 1a), with decreasing fractions
occupied by pearl millet (18%), maize (16%), sorghum (7%), and finger
millet (4%); we estimate 3.4 megatonnes of climate-associated pro-
duction losses (10% of current total rainfed production for the five
cereals) under this allocation of harvested areas. We find that rice
disproportionately accounts for these production losses (61% of total
losses) while only contributing 51% of total net profit. Conversely, all of
the alternative cereals either show lower levels of production losses
relative to their share of harvested area and/or higher contributions to
net profit relative to their share of harvested area. Geographically, high
production losses and net profit are both concentrated in eastern India
where the largest extents of rainfed cropland occur (Fig. 1b, c¢) and
where rainfed rice cultivation is concentrated (Fig. 1d).

We observed a steady decrease in harvested areas for rice and
maize when minimizing national production losses (Scenario 1)
(Fig. 2a). Not surprisingly, production losses become smaller as the
allowable change in crop-wise harvested area increases. At the stage
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Fig. 2 | Optimized cropping mixes under spatial optimizations. The red line shows the (a) reduction in production loss and (b) increase in net profit.
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Fig. 3 | Outcomes of optimized scenarios. a Distribution of relative changes in
production loss. b Crop-specific contributions to total harvested area in current
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and documents are licensed under a Creative Commons Attribution 4.0 Interna-
tional license. Readers are free to copy, distribute and transmit the data as long as
you acknowledge the ICRISAT through DOI provided in this page: http://data.
icrisat.org/dld/src/about-dld.html.

when the harvested area of each cereal was allowed to vary by 30
percentage point from current levels, we found a 11% reduction in
national production losses. The optimization to maximize net profit
(Scenario 2) showed a decrease in harvested area for rice (Fig. 2b), with
national total net profit increasing by as much as 11%. Under both
optimization scenarios, we observed a consistent increase in finger
millet, pearl millet, and sorghum (Figs. 2, 3b). In comparing the spatial
patterns of change between these two scenarios, we also found sub-
stantial consistency—pointing to potential priority areas for promoting
crop shifts that can achieve co-benefits for production stability and net
profit. Specifically, our optimizations consistently suggested decreas-
ing harvested areas of rice and maize in central and northern India.
Pearl millet shifts showed a transition from southern to northern areas,
whereas sorghum cultivation would become more concentrated in the
central region of the country. These findings demonstrate that

promoting cropping patterns to enhance production stability or
maximize net profit does not necessarily need to compromise overall
calorie production and that targeted adjustments in the harvested
areas allocated to alternative cereals may offer superior climate resi-
lience and profitability. This also suggests that research efforts to
improve the yields of alternative cereals may serve to deepen co-
benefits between production stability and farmer profitability.

Discussion

Our findings demonstrate that prices exercise significant influence on
variations in the harvested area for alternative cereals (i.e., maize,
millets, sorghum) in India and that selectively increasing the harvested
area allocated to alternative cereals can both enhance production
stability and improve farmer profits. These results thus shed new light
on the important role of harvested area decisions for determining the
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stability and profitability of cereal production. This also suggests that
efforts to reduce price volatility can be an important avenue for
reducing variations in harvested area and thereby stabilizing cereal
production. With these findings, it is important to highlight that—in
reality—harvested area decisions are responsive not only to the price
volatility of the crop itself but also to the prices of substitute crops®?*.
Therefore, our assumption that ignores cross-price effects may result
in an underestimation of the price elasticity outcomes. Accounting for
agricultural supply responses due to competing crop prices is there-
fore essential in developing any economic policies intended to
encourage alternative cropping patterns. We also observe a clear
contrast between rice and alternative cereals in the responsiveness of
their harvested areas to variations in price, with rice being the only
study crop with no significant influence from price volatility (Table 1).
This difference is likely explained (at least in part) by the current
structure of cereal prices in India, which appear to be artificially
encouraging harvested area decisions towards less climate-resilient
crops. These prices are influenced in large part by minimum support
prices and procurement targets set by the country to support the
Public Distribution System®, the Midday Meal Scheme, and other
supplementary nutrition programs as well as government grain stocks.
Thus, well-crafted crop pricing schemes, government subsidies, or
restructured unloading of strategic grain reserves targeted at climate-
resilient crops and climate-smart practices could be effective tools for
counteracting the effects of climate variability on cereal production
stability. Such new pricing schemes in favor of alternative cereals may
also have important implications for the sustainability of Indian cereal
production®, potentially incentivizing the cultivation of crops that are
less nutritious®, require more irrigation water”’, use more energy’®,
and produce greater GHGs™.

Demonstrating that harvested areas are influenced by prices
offers an economic lever whereby planting decisions may be incenti-
vized to achieve certain objectives. As such, we evaluated whether
alternative allocations of harvested area—potentially achieved through
economic incentives or altered levels of government procurement—
could offer superior production stability or increased profit. For both
scenarios that we examined, we consistently found that selectively
reducing rice harvested areas (-8% to -10%) and increasing the har-
vested areas of finger millet (+2% to +5%), pearl millet (+ 0% to +4%),
sorghum (+4% to +6%), could achieve reductions in production loss
(-11%) (while maintaining net profit) or gains in net profit (+11%) (while
maintaining production losses) (Fig. 3). We found that this could be
achieved without compromising overall food calorie production or
expanding croplands. Our optimizations also showed consistent
recommendations for a large number of districts, indicating oppor-
tunities for co-benefits regardless of the objective. All of this suggests
that incentivizing only modest changes in cereal production mixes
could offer meaningful benefits for stabilizing production and
improving profit in the face of increasing climate variability and
extremes. While the opportunity for co-benefits is clear, reducing
production instability is also well aligned with multiple policymaker
objectives*’. For one, fluctuations in production can disrupt agri-
cultural markets and crop prices - with knock-on effects for farmer
incomes and rural development - and can undermine investor con-
fidence. From a food security perspective, production instability can
also lead to fluctuations in food availability and prices, thereby com-
promising the affordability of food and the economic access of con-
sumers. In addition, improving the stability of crop production can
enhance the overall resilience of food systems from local to national
scales and reduce the overall risk profile of the agricultural sector.

Such targeted and selective changes in cropping patterns could
potentially be realized through carefully structured procurement tar-
gets, in which all crops considered here are assigned minimum support
prices (MSP) but only rice currently has set levels of procurement
across the country. A set of optimization models using average harvest

prices instead of MSP (Figure S1), or selectively using MSP or harvest
prices based on procurement levels (Figure S2) suggest that current
price structures are promoting less climate-resilient cropping choices
(i.e., switching from other cereals to rice for higher net profit) (Fig-
ure S1). However, before considering any potential changes to incen-
tives or procurement targets, it is imperative that policymakers
perform a full economic evaluation that accounts for expected chan-
ges in farmer decision-making which may occur under new policy and
economic environments*. Encouragingly, efforts to incorporate
alternative cereals into supplementary nutritional programs are being
undertaken in certain states (e.g., Odisha Millets Mission; millets dis-
tribution through Karnataka PDS). These initiatives will provide critical
insights into whether the suite of intended benefits is realized and can
serve as a blueprint for adapting such efforts in other states of India.
More broadly, it will be important to understand the extent to which
selective switching to larger shares of alternative grains can comple-
ment other government efforts to align farmer profitability with cli-
mate adaptation, including promoting the cultivation of high-value
crops (e.g., pulses, oilseeds) in rainfed areas, selectively expanding
irrigation infrastructure, and incentivizing rabi (winter) season sowing
to compensate for kharif (monsoon) production shortfalls.

In sum, current pricing structures—which currently exercise
influence on the harvested areas of alternative cereals—are at odds
with the heightened climate sensitivity of rice yields. Together, these
factors determine the stability of cereal production in India. Our
findings indicate that the promotion of alternative cereals - with less
emphasis on rice—may offer benefits for reducing the climate sensi-
tivity and increasing net profit of Indian cereal production without
entailing large shifts in production mixes or compromising calorie
supply. More generally, our findings indicate that climate assessments
of crop production which only consider yield volatility do not provide
a complete picture of the factors determining production stability.
Further, this work demonstrates that strategies utilizing harvested area
shifts to address cereal production stability could be an important
solution to complement ongoing intensive and well-researched efforts
to improve and stabilize crop yields. Taken together, our results
demonstrate the importance of cropping patterns and harvested area
allocations for achieving co-benefits in production and profit and for
ultimately enhancing the resilience of cereal production to both
environmental and economic disruptions.

Methods

Data

Our study focused on the five main cereals grown during the monsoon
(kharif) season: finger millet, maize, pearl millet, rice, and sorghum.
Information on yield (tonne ha™), harvested area (kilohectares), and
harvest price (Indian rupees tonne™)—disaggregated by year, crop, and
district— came from the International Crops Research Institute for the
Semi-Arid Tropics Village Dynamics of South Asia (VDSA)”. These data
were reported using consistent 311 district boundaries for the year
1966 through 2011 (Figure S3). Plot-level estimates of production, plot
area, irrigation pumping hours, irrigation canal fees, and cluster
weights for the years 2007 through 2011 came from India’s Cost of
Cultivation Survey dataset—an annual survey of farmers with data
representative at the state-level*’. State-level cost of production data
came from Devineni et al. **, who calculated average costs across three
cropping years (2013-2014, 2014-2015, and 2015-2016). These cost
estimates include all expenses incurred by the farmer, such as the
interest on the value of owned lands and fixed capital assets; the rental
value of owned land, and the credited value of fixed capital assets,
along with the direct expenses like seeds, fertilizers, irrigation, labor,
etc**. We assume the cost is the same for all districts in a state. In states
where data were not available, we assumed a national average per crop
following Devineni et al. National Minimum Support Price (MSP) data
and state-level crop-specific procurement levels came from the
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Ministry of Agriculture of the Government of India*. We performed
three sets of optimization models, where: 1) net profit for each crop
was calculated by subtracting the production costs from the inflation-
adjusted three-year average harvest prices in each district (Figure S1);
2) net profit for each crop was calculated by subtracting the produc-
tion costs from MSPs in each district (Fig. 3); or 3) net profit is calcu-
lated based on procurement levels - using MSPs for the states/crops
for which procurement currently occurs, while using harvest prices for
the other crops/states (Figure S2). The calorie content (kcal/100 g) of
each crop was obtained from Longvah et al. **.

Price elasticity

Crop-specific, district-level harvest prices for 1966 to 2011 were all
inflation-adjusted relative to the latest year (2011) using the India crop-
specific wholesale price index*® for each crop. In the absence of crop-
specific price index prior to 1982, we used the average cereals whole-
sale price index*¢. Harvest price and area data were detrended using
the “Singular Spectrum Analysis” package in Python* and then log-
transformed. We then developed fixed effect regression models
compare harvested areas and crop price for each crop using the
“PanelOLS” in “linearmodels” package in Python*, and we included
‘district’ as the entity (fixed) effect in the model:

arge=0q+PPy:+€q; 0]

where ar, , denotes the rainfed area for district d in year ¢ for a crop,
is the model coefficient, p, . is the current or lagged harvest price for
district d in year ¢t. a; captures the fixed effect from district, € is the
error term.

Estimation of crop climate sensitivity and climate-associated
production losses

Gridded (5 arcminute) crop-specific climate sensitivity (CS) (i.e., mea-
sured as the percent reduction in median yield under extreme climate
conditions) data for all crops came from Tuninetti & Davis*. CS quan-
tifies how daily and interannual variations in temperature and pre-
cipitation impact crop yields. To isolate the influence of climate
variability on a crop’s yield in a given grid cell, the authors used a
process-based crop water model® to estimate a crop’s daily actual
evapotranspiration (ET,) across a crop’s growing season for a given year,
while keeping constant all management practices - a standard protocol
in the gridded crop modelling community®. Taking the sum of the daily
ET, values provides annual £T,, and annual £T, values were estimated for
the years 1960 through 2022. For a given crop and grid cell, the annual
ET, values were sorted in ascending order to identify the 10th percentile
ET, (taken to represent historically observed extreme adverse climate
conditions) and the median ET, (taken to represent historically observed
normal climate conditions). Combined with information on current ET,
and current yield, the 10th percentile and median ET, values were then
related to yield changes via the Doorenbos-Kassam water production
function®. Finally, Tuninetti and Davis* quantified crop-specific CS as
the relative difference between median yield and 10™ percentile yield at
the grid cell level. Grid cells were spatially averaged to estimate each
crop’s climate sensitivity at the district level.

The method of partitioning yield between rainfed and irrigated
area was adopted from Davis et al. *°. VDSA grain yields are reported as
the total production of a grain within a district divided by its harvested
area. Davis et al. *° employed a three-step process to partition the
aggregate VDSA yields into rainfed and irrigated yields. This involved
separating plot-level data into rainfed and irrigated observations,
computing weighted average irrigated and rainfed yields for each dis-
trict between 2007 to 2011, and determining a national average ratio of
irrigated-to-rainfed yields for each crop, which was then applied to
derive irrigated and rainfed yields (to be used in the estimation of
climate-associated production losses and in the spatial optimization).

Following Davis et al. *°, we assume that all rainfed production of rice,
maize, finger millet, and pearl millet occurs during the kharif season.
This assumption is largely supported by crop production data reported
by season from the Directorate for Economics and Statistics*, which
shows that millet production during rabi is negligible and that only for
selected states (e.g., rice in Andhra Pradesh, Odisha, Tamil Nadu, West
Bengal; maize in Andhra Pradesh, Bihar, Madhya Pradesh, and Tamil
Nadu) is rabi production substantial for rice or maize. For sorghum, the
VDSA dataset separates production and the harvested area between
kharif and rabi season. Given the relatively small percentages of har-
vested area change that occur under our optimizations, we do not
expect this assumption would meaningfully alter our estimates.
Finally, climate-associated production losses were estimated for
each crop and district as the product of CS, yield, and harvested area.

Optimizations

We calculated the average yield and harvested area per district over a
10-year period (2002-2011). Optimizations were performed on all dis-
tricts rainfed area to determine the extent to which crop switching
could minimize national production losses (Scenariol) or maximize
net profit (Scenario2). Following Davis et al. *° and Richter et al. **, we
set the basic constraints that: (1) national calorie production for all
crops except for maize could not decrease; (2) national calorie pro-
duction for maize could not decrease by more than half of current
levels (i.e., the fraction of maize production currently consumed for
food™; this was done to avoid knock-on effects of our optimizations on
downstream supply chains (e.g., livestock feed); (3) the total harvested
area within each district remained constant, (3) only crops that have
been planted in the district within the last 10 years and have available
climate sensitivity data could be considered as a substitute within each
district, (4) the net profit of each district could not decrease, and (5)
allowable percent point changes in any individual crop were limited to
between 5% and 30% in each district. Scenario 2 had the additional
constraint that national production losses could not increase. All
optimizations were performed using the ‘IpSolve’ package in R*®.

Statistics

All statistical analyses were performed using Python or R. Harvest price
and harvested area data were detrended using “Singular Spectrum
Analysis” in python*” and then log-transformed. Fixed effects regres-
sion models were developed using the “PanelOLS” class in “linear-
models” package*® in Python, with districts included as the fixed entity
effect. These models assessed the relationship between harvested area
and current or lagged harvest prices for each crop. Statistical sig-
nificances were validated for all models. Linear optimizations were
conducted using the ‘IpSolve’ package®™ in R to achieve specific
objectives, such as minimizing production losses or maximizing net
profit. The optimization results provided the allocation of crop rainfed
area for each district under the given objectives. Constraints on calorie
production, net profit, and harvested area shifts were incorporated.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

All raw data used in this study are publicly available online. Optimi-
zation input data is available at https://zenodo.org/records/14713402
(ref. 57). Crop-specific agricultural information is available on the
International Crops Research Institute for the Semi-Arid Tropics Vil-
lage Dynamics of South Asia (VDSA) official website (http://data.icrisat.
org/dld/). The India Cost of Cultivation Survey data is accessible at
https://desagri.gov.in/document-report-category/cost-of-cultivation-
production-estimates-archive/. State-level cost of production data was
sourced from Devineni et al. **. National Minimum Support Price (MSP)
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data and state-level crop-specific procurement levels were obtained
from https://eands.dacnet.nic.in. The calorie content (kcal/100 g) of
each crop was referenced from Longvah et al. *. The India crop-
specific wholesale price index is available at https://eaindustry.nic.in/
default.asp. Crop-specific climate sensitivity data was derived from
Tuninetti & Davis*.

Code availability

All calculations performed in this study can be performed without
custom code. Code to optimize the crop-specific harvested area can be
found via the Zenodo repository at https://zenodo.org/records/
14713402 (ref. 57).
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