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This study aims to assess the influence of weather and climate information on farm decision-making of rice 
and corn farmers in Oriental Mindoro, Philippines. The rapid climate decision analysis support tool was 
applied in a stepwise approach for rice and corn weather and climate sensitive risks. These risks were 
identified through the establishment of a crop climate calendar and subsequently subjected to a verbal 
decision analysis, which compares outcomes of a binary risk-mitigating decision under a set of possible 
weather and climate scenarios. In this study, RCDA focused on the choice of rice variety as a response to 
pest and disease risk occurrence. The value of forecast information is measured by looking at the trade-offs 
and changes in gross margins across a five-point distribution of climate states (wettest, above normal, 
normal, below normal, and driest) using 100 percentile points. The results showed that it is more efficient to 
use rice varieties that are resistant to pests and diseases when the probability of rainfall occurrence is high. 
The forecast is deemed useful and valuable during dry conditions as it suggests that the highly susceptible 
variety is better 87% of the time and it may lead to a higher average profit of USD 21.43/ha. In the case of 
corn farming, the VDA result is sufficient to come up with optimal crop choice. By laying out and assessing 
farmer decision actions in dealing with weather and climate risks, cost-effective options at different weather 
and climate scenarios are realized, and the importance of forecast information in delivering solutions is 
highlighted.  
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INTRODUCTION 

Weather and climate variability are key sources of risks in 

rainfed agriculture. Smallholder farmers face a high risk 

of livelihood and social instability as adverse effects of 

climate change arise (Nidumolu et al. 2020). Temperature 

and wind affect the incidence of pests and diseases in the 

field, while torrential rains and typhoons are detrimental 

to crops, especially during harvesting. In a society 

dependent on rainfed agriculture such as the Philippines, 

an improved prediction of the onset of wet and dry 

seasons, typhoons, and unexpected changes in weather 
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conditions can provide crucial information for better 

agricultural decision-making. There is thus an increasing 

need for informed decision-making and decision-support 

tools to reduce, if not prevent, potential losses from 

weather and climate risks (Tow et al. 2011).  

Several authors, including Vermeulen et al. (2012), 

have stressed the importance of better management of 

weather and climate-related risks in increasing food 

security and protecting rural livelihoods. Seasonal 

climate forecasting is one of these adaptive management 

strategies. Seasonal climate information provides an 

opportunity for farmers to choose whether to increase 

production or opt for lower-risk strategies. The use of 

climate information enhances flexibility in farming 

decisions in the face of difficult climate conditions (Tow 

et al. 2011). As such, future information is deemed 

valuable as a decision-making tool (Sarewitz et al. 2000; 

Anderson 2010).  

While the integration of forecast information into 

farm decision-making is considered valuable in creating 

risk management options, there is still a communication 

gap between the farmers’ needs and the scope, content, 

structure, and accuracy of available weather and climate 

information products and services (Hansen et al. 2011). 

Further, despite extensive efforts in advancing climate 

information and establishing potential benefits, its use 

has not significantly changed (Sharifzadeh et al. 2012). 

The integration of forecast systems into farming activities 

globally has been sluggish, particularly in developing 

countries. The value of forecasts for agriculture is 

considered questionable and forecasts themselves are 

seen as imperfect and controversial due to the presence 

of significant gaps. These gaps include a limited range of 

studied farming systems and locations, incomplete 

accounts of responses that result in regime shifts, an 

overly restricted set of management responses, and 

failure to incorporate state-of-the-art development in 

seasonal forecasting. The presence of these gaps has led 

to biased assessments (Meza 2008).  

In the Philippines, only a few studies have assessed 

the significance of weather and climate forecasts in key 

farming decisions. Also most of the studies in the country 

have focused on climate change adaptation and disaster 

risk reduction. Although extensive research has been 

done on these areas, the implementation remains a 

challenge due to problems associated with effective and 

timely interventions. Local farmers have underestimated 

the potential economic value of forecast information in 

the country because of a lack of access to information, 

limited knowledge of its applications, and low adaptive 

capacities. According to An-Vo et al. (2017), the 

impression that seasonal climate forecasts are ambiguous 

and difficult to use results in the limited use of weather 

and climate forecast information. While there has been 

increased access and use of forecast information locally, a 

lack of decision-support tools and resources that 

incorporate weather and climate shocks, limits the 

general applicability of forecasts in agriculture. A study 

focusing on climate forecast application for disaster 

mitigation in the Philippines and Indonesia revealed that, 

while the two countries yearn for action-ready climate 

information for effective resource management and 

disaster risk reduction, farmers and resource managers 

have no or limited access to localized and usable forecast 

information (Fakhruddin 2009).  

Therefore, this study aimed to understand farm 

decision-making, specifically in addressing weather and 

climate-related risks, of rice and corn farmers in Oriental 

Mindoro. By outlining an action-state-outcome 

framework for the identified weather/climate-sensitive 

risk, we were able to clarify the optimal course of action 

to be taken by a decision maker. The analysis was 

extended by focusing on quantitative cost-effective/profit

-maximizing outcomes, under different weather and 

climate scenarios. 

Weather and Climate Risks and Management in 

Agriculture  

Weather and climate risks in agriculture represent some 

of the hazards that affect the livelihood of farmers. In the 

context of this paper, weather and climate risks perceived 

and experienced by corn and rice farmers lead to 

management practices intended to adjust the level of 

production and ultimately increase income. Climate 

decisions that farmers make are based on their experience 

in farming and their ability to understand the risks 

associated with local weather and climate variability.  

Shannon and Motha (2015) observed that it was 

becoming increasingly important for farmers to 

proactively manage weather and climate risks to 

agriculture to protect their livelihoods. Some of the 

management strategies that were identified include 

farming in multiple locations, diversifying crops and 

varieties, seeking alternative sources of income, and 

purchasing crop insurance (Shannon and Motha 2015); 

implementation of a National Soil Moisture Monitoring 

Network to help communities prepare for drought 

(Brusberg and Shively 2015); implementation of 

conservation tillage with summer cover crop to control 

soil erosion (Garbrecht et al. 2015); management of well 

yields in areas experiencing drought (Foster at al. 2015); 

selection of plants that shed pollen during the cooler 

periods of the day to encourage a longer growing season 
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(Hatfield and Prueger 2015); and scheduling crop 

rotations in areas with high wind erosion (Sharratt et al. 

2015). This type of climate risk management developed 

by the World Meteorological Organization is a systematic 

process of identifying, analyzing and responding to 

hydro-meteorological risks at varying temporal and 

spatial scales, including early response systems, strategic 

diversification, resource allocation, financial instruments, 

infrastructure design and capacity building (Selvaraju 

n.d.).  

Stigter (2008) identified three changes that were 

necessary for farmers to cope with climate risks in 

agriculture. First, the change should be based on research 

and extension through refocusing on the preparedness 

for risks and uncertainties of local farming systems in 

four defined directions such as: (i) extreme events and 

their consequences; (ii) pests and diseases; (iii) trying to 

use beneficial climate and weather; and (iv) applications 

of agrometeorological services. The second necessary 

change is the participation of farmers in the 

establishment of agrometeorological services including 

Climate Field Schools. The third relates to the 

development of agrometeorological services to increase 

farmers’ resilience and advancement of rural areas. These 

changes are seen to boost farmers’ adaptation to climate 

risks affecting crop production.  

Agricultural Decision-Support Tools  

Decision-support systems (DSS), sometimes referred to 

as decision-support tools, are used in agriculture to 

optimize returns to inputs and address agricultural risks. 

Mir and Quadri (1970) recognized the importance of DSS 

in reducing uncertainty and improving the decision-

making process by providing access to data that are 

presented through procedures and analytical reasoning. 

Most decision-support tools are software-based and 

produce visual or numerical illustrations that lead users 

through logical decision steps (Dicks et al. 2014). Rupnik 

et al. (2019) describe modern farm management with the 

pervasiveness of precision agriculture coupled with 

computer-assisted decision-support systems.  

A list of several decision-support models and 

approaches that are based on data mining was 

summarized in a recent study by Rupnik et al. (2019). 

The list includes probabilistic/simulation models, 

optimization models, supervised learning models, 

Bayesian models, time series analysis, genetic 

programming, and other classification models. In a study 

by Rose et al. (2016), there were 395 decision-support 

tools identified for farmers and advisers in the UK. The 

authors also investigated the factors affecting the use of 

these tools. They include usability, cost-effectiveness, 

performance, relevance to the user, and compatibility 

with compliance demands.  

A well-known agricultural support system developed 

by an international team of scientists is the Decision 

Support System for Agrotechnology Transfer (DSSAT), 

which is used to estimate production, resource use, and 

risks associated with different crop production practices 

(Jones et al. 1998). This software package works via crop-

soil simulation models and uses databases for the 

weather, soil, and crops. In the Philippines, Trogo et al. 

(2015) combined the use of DSSAT with automated 

weather station sensors, a numerical climate model, a 

numerical weather model, corn cultivar parameters, SMS 

technology, and farmers’ knowledge in making farming 

decisions. In an earlier study, Walker et al. (2009) used an 

eight-year trial of the Nutrient Management Support 

System, a computer-based decision aid, to provide soil 

and crop-based recommendations for nutrient and lime 

amendments on upland maize farms in Isabela Province 

in the northern Philippines. A recent project developed 

by partnering universities in the Philippines, known as 

Smarter Approaches to Reinvigorate Agriculture as an 

Industry (SARAI) in the Philippines, uses crop models, 

historical weather and climate data, real-time weather 

data, remote sensing, a geographic information system, 

and field monitoring reports to assist in agricultural 

decision-making of farmers (Cabangbang et al. 2019). 

These considerable modeling efforts can be regarded as 

experiments in the testing phase. 

Decision-Making Behavior of Farmers Under Different 

Levels of Uncertainty  

Uncertainty and risk are inevitable in agriculture 

production and are essential considerations in the context 

of decision-making. Knight (1921) and Anderson et al. 

(1977) defined risk as imperfect knowledge where the 

calculated objective probabilities of possible outcomes 

are known, while uncertainty exists when these 

probabilities are not known. However, risk can only be 

managed when known outcomes are assigned to these 

probabilities. Uncertainties in outcomes, however, are 

mainly processed by economic agents subjectively 

(Lybbert et al. 2007). Hence, the analysis of uncertainty is 

operationalized by converting it to a risk analysis using 

subjective probabilities.  

The value of additional information to reduce the cost 

of uncertainty is often estimated using decision-making 

models. One of the many applications of the probability 

theory is the Expected Utility Theory (EUT), which is 

based on Bernoulli’s principle (Bernoulli 1738; Papke and 
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Wooldridge 1996) of risk measurement. Valuing 

information is based on key theoretical assumptions of 

EUT that present specific climatic states under different 

probabilities (Marshall et al. 1996). These assumptions 

are as follows: (i) decision-makers hold prior 

probabilities of climatic states; (ii) actions under each 

state have corresponding consequences or payoffs; (iii) 

alternative outcomes can be ranked by decisions makers 

according to their own set of preferences (utility-based); 

and (iv) the updating of prior probabilities with the 

forecast information results in the creation of posterior 

probabilities.  

In the study of Nelson and Winter (1964) and Hilton 

(1981), the authors also laid out the seminal conceptual 

framework in the economic valuation of climate 

information. The assessment of economic value follows 

two primary assumptions: (i) the decision makers are 

fully aware of the consequences of all possible outcomes 

of their decisions under varying climatic conditions, and 

(ii) the decision makers are rational thinkers, who will 

choose an alternative or combination of alternatives that 

maximize their utility. Hilton (1981) also lists four 

determinants of information value: (i) the structure of the 

decision set, (ii) the structure of the decision 

environment, (iii) the decision maker’s prior beliefs or 

knowledge, and (iv) characteristics of the information 

system. These determinants are interrelated and there is 

no monotonic relationship with the value of information 

(Mjelde and  Hill 1999). 

METHODOLOGY 

Analytical Framework  

The key component in this study is decision-making in 

the management of weather and climate-sensitive risks 

present in crop farming. Such actions are carried out 

depending on the probable state of weather and climate. 

The study followed three main steps of climate-sensitive 

decision analysis outlined by Hayman et al. (2020) within 

a co-learning and co-development process involving 

researchers, agricultural extension workers, and farmer 

leaders. In each step, the goal was to bring clarity on how 

decisions were made based on the underlying factors 

present in the analysis. The flow of analysis in the study 

is presented in Figure 1.  

The first step in the analysis is identifying weather 

and climate risks present in the area via a crop climate 

calendar (CCC). Among the types of risks in agriculture 

(USDA 2020), the study focused on production risks that 

are brought about by uncertainty in the growth of crops 

affected by weather, pest, disease, and other 

environmental factors. Through consultations with 

farmers and agricultural extension workers, specific 

production risks experienced in their areas were 

identified. These risks are outlined in a matrix called a 

“crop climate calendar” wherein production risks as 

affected by weather and climate hazards are laid out as 

they appear during each crop growth stage.  

Information on weather and climate conditions is 

important in the management of risks brought about by 

weather and climate hazards. In the country, the 

Philippine Atmospheric, Geophysical, and Astronomical 

Services Administration (PAGASA) serves as the 

National Meteorological and Hydrological Services 

agency, which has the main function of maintaining a 

nationwide network on observation and forecasting of 

weather and flood and other meteorologic conditions in 

the country. The agency provides weather and climate-

related products/information to farmers that could assist 

in addressing farm-related risks. Such information 

becomes crucial most especially in dealing with risks 

associated with weather and climate hazards, which are 

forecasted by the agency.  

Two questions must be answered to understand risk 

management and proceed to the next step. They are: (i) Is 

there an action that can be done to address such risk? and 

(ii) Is the action reliant on weather or climate 

information? The first question aims to filter out which 

farm risks can be addressed or managed by farmers. For 

instance, the risk of a crop’s mechanical stress (e.g., 

falling flowers, leaf, or fruit) due to strong winds during 

the crop’s flowering stage, is a risk that cannot be 

addressed or managed by farmers. Conversely, the 

farmer can decide on harvesting the crop earlier than 

scheduled in response to incoming typhoons during the 

crop’s mature stage. The second question strives to 

eliminate risks by which the forecast becomes unusable. 

Certain farming activities are warranted despite weather 

or climate conditions. For instance, the rainfall forecast 

becomes irrelevant when farmers decide on the 

application of molluscicide to the farm. Identified risks 

that satisfy these two conditions would be subjected to 

the second step of the analysis.  

The second step is the verbal decision analysis (VDA). 

It consists of an action-state-outcome framework for each 

identified weather/climate-sensitive farm risk. This tool 

seeks to clarify the decisions made by identifying the 

outcomes under certain weather/climate conditions as 

induced by specific actions taken by the farmer. These 

outcomes are often described in terms of, but are not 

limited to, harvested quantity gain/loss, cost expended/

avoided, and quality of the harvest. These outcomes vary 

in the level of utility as perceived by the decision maker. 
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A clear decision would emerge for well-identified 

outcomes. Succeeding steps in the analysis will not be 

pursued if the decision or choice to undertake is clear 

enough to the decision-makers.  

The last step is the quantitative rapid climate decision 

analysis (RCDA). RCDA is an extension of the VDA that 

seeks to further support and understand decisions 

through numerical analysis. This tool makes use of a 

farmer’s production data (i.e., yield, production cost, 

farm gate prices) under varying climate scenarios, as well 

as probabilistic forecasts, to analyze the expected profit-

maximizing strategies under different climatic states. It 

gives a comparison of the gross profit margins between 

two alternative actions. The results of the RCDA are 

aimed at better understanding the choices made by the 

farmers.  

In the end, feedback on each step becomes necessary 

as a measure of the limitation of the tools. Arguably, 

when decisions are ambiguous, it might be because risks 

were too complicated and thus require a more complex 

analysis. Engaging with farmers and agricultural 

extension workers through the co-learning and co-

development process would generate discussions on real

-world climate-sensitive decisions. In the process, there is 

an expansion of the understanding of risk management 

and adaptation on the part of both the farmer and the 

researcher. In general, the framework of the study is 

grounded on the purpose of structuring farm decisions 

and understanding its context to optimize the usability of 

weather and climate information.  

Data Collection  

Using the co-development process, data collection 

through focus group discussions (FGD) and key 

informant interviews (KII) was completed to elicit 

information on crop production, weather-related farm 

risks, and adaptation measures of the farmers at the 

study site. The participants of the FGDs included selected 

agricultural extension workers (AEWs), farm leaders, 

and experienced farmers in the area. Specifically, these 

participants were apportioned based on the total number 

of extension workers and farmers in the locality. Three 

rice farm leaders and eight AEWs from Calapan City, 

and two corn farm leaders and one AEW in Gloria served 

as respondents in the FGDs.  

In total, six iterations of the weather and climate-

sensitive farm risk framework were conducted – three for 

rice farmers in Calapan City and three for corn farmers in 

Gloria. The iterative aspect of the study serves 

as validation of the responses as well as the 

analysis of the data provided. Moreover, it 

also touches the co-learning and co-

development aspects, which underscore the 

importance of familiarity of the farmers with 

their environment. This coincides with the 

idea of Barrantes and Yague (2015) that real 

innovation for farmers must be adapted to the 

factors present in the area, including the social 

and political environment, and are based on 

personal experiences and dialogue with 

technicians. By letting the farmers and 

agricultural extension workers engage in 

discussions, it enabled the study to gather 

more informed responses from the 

participants and the farmer participants to 

learn more about weather and climate risks.  

Valuing Climate Information  

This study used the assumptions of the 

Expected Utility Theory to determine the 

value of additional information in reducing 

the cost of uncertainty. A decision-maker 

chooses from available alternatives or a set of 

options to solve a problem. The process 

becomes complicated during the selection of 

the most appropriate alternative. As defined 
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by Anderson et al. (1977), an act, A j, produces a 

corresponding outcome, Xij, that could either be gains or 

losses. The decision to take a specific action is influenced 

by the state of nature, Si. The prior probability of the 

occurrence of state Si is represented by P(Si)1. The utility 

from outcome Xij is indicated by U(Xij). Therefore, the 

expected utility of the prior optimal act U* (without 

forecast) is   

U* = U (Aj*) = maxj U (Aj) = maxj [∑U (Xi)P (Si)]  

A forecast, zk, of the occurrence of the state of nature, Si, is 

available at a cost, Ck. Under the assumption that 

awareness on the conditional distribution of zk is relative 

to Si, the Bayesian decision theory is used to identify P 

(Si\zk), which is the posterior distribution.2 Consequently, 

the decision-maker, with improved knowledge about the 

prior probability of the state, Si, alters the preceding 

strategy. Thus, after the additional information is known, 

the utility of each action A i or the posterior optimal act 

U** can be calculated as:  

U** = U (Ajk**) = maxj U (Ajk) = maxj U (Aj\zk) =                        

maxj [∑U (Xij - Ck)P (Si\zk)]  

The difference between the posterior and the prior 

optimal act is the value of the forecast and is given in the 

form [1]:  

U(zk) = U** - U*  

The value of the forecast is derived from the change in 

expected utility because of a more informed decision 

(Crean et al. 2005). It can also be defined as the difference 

between the net returns when the information is used 

optimally “with the forecast” and when the decisions are 

made optimally “without the forecast” (Mjelde and Hill 

1999). 

RESULTS AND DISCUSSION  

Study Site  

This study is part of a research project funded by the 

Australian Center for International Agricultural 

Research. The research project, which began in 2016, 

focuses on staple crops and vegetables in the Philippines. 

The study site selected for staple crops was the province 

of Oriental Mindoro (Figure 2). It has an agriculture-

based economy that is supported by the trade, services, 

and tourism sectors. Top agricultural commodities 

produced include rice, corn, coconut, and high-value 

crops like banana and mango. The province also remains 

a major rice granary in the region in terms of land area 

and production. In 2019, Oriental Mindoro accounted for 

35% of the total rice production in the MIMAROPA 

region. It has also been consistently highly ranked for 

corn production.  

The selected areas in the province for the research 

project are Calapan City and the municipality of Gloria. 

Calapan belongs to the top rice-producing areas in the 

province. It has a substantial number of key players in 

the supply chain including farmers, rice millers, and 

traders. On the other hand, Gloria belongs to the top  

corn-producing municipality in the province. Its location 

is also logistically strategic as it is close to the center of 

commerce (Calapan City) and has more accessible 

farming communities. 

Identification of Weather and Climate-Sensitive 

Farm Risks  

The FGD and KII respondents identified farm production 

risks as caused by the weather and climate hazards 

affecting the farms. The results of the co-learning and co-

development process indicated that the main weather 

and climate hazards affecting rice farming in the area 

include extreme rain events, accumulated rainfall over 

the season, damaging winds, and typhoons (wind and 

rainfall). Since 96% of the total rice farming area in 

Calapan has access to irrigation, the problem of drought 

has a minimal to negligible effect on local farmers, who 

often associate the risks with having too much rainfall.  
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1 This pertains to the probability of receiving a certain state prior to new information. In this case, prior probability is based on the climatological            

information or historical data as observed by agent i. 
2 Posterior probability distribution uses the Bayes formula to estimate the probability of observing a certain state of nature (Si) given a certain forecast (Zk). 

Probability of weather/climate state given a forecast is computed as:  

P(S1|Z1) = (P(S1) x P(S1|Z1))/(P(S1) x P(S1|Z1) + P(S2) x P(S2|Z1) + P(S3) x P(S3|Z1)).  

Fig. 2.  Study site map. 
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The highlighted cells in the crop climate calendar 

(Table 1) are the risks which were identified to have 

alternative decisions and actions that were dependent on a 

forecast. The other risks identified were climate-sensitive 

but have no appropriate alternative actions or had 

available actions but were not forecast dependent. In those 

cases, the farmers are continuously observing the weather 

then doing the activity regardless of the state of the 

weather.  

Each farm risk is arranged as it occurs through the crop 

growth stages. An excessive amount of rainfall can cause 

flooding that washes the seeds out in a newly sown farm 

and can also drown a mature crop, affecting its quality. 

When faced with a torrential rainfall forecast, farmers 

may opt to decide on rescheduling the broadcasting of 

seeds and even harvesting of the crop. With too much-

accumulated rainfall during the cropping season, crops 

are at risk of being susceptible to persistent pests and 

diseases. In combating this risk, farmers tend to select a 

more resistant variety of rice to plant in the upcoming 

cropping season. It is also likely that farmers adjust 

planting schedules to avoid rains during the crop 

harvesting stage. A typhoon has the most damaging 

effect on the crop, especially when it generates heavy 

rains and strong winds. During the mature stage of the 
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Table 1. Crop climate calendar for rice farming  in Calapan City, Oriental Mindoro 2019. 

Weather/
Climate 
Hazards 

WEATHER AND CLIMATE RISKS PER CROPPING STAGE 

Sowing 
(Direct 

Seeding) 

Sowing 
(Seed 
bed) 

Seeding 
Trans-

planting 
Tillering 

Panicle 
Initiation 

Booting Heading Flowering Milk Dough Maturity 

Exces-
sive rain 
events 
(Days)   

Seed will 
be im-

mersed, 
Root 

system 
will not 

be estab-
lished, 
Seeds 

washed 
out 

Seed 
will be 
im-
mersed  

Pest 
occur-
rence  

    

 
Impede 

fertilization 
 

Inter-
mittent 
occur-
rence 

diseas-
es  

Nega-
tively 

affects 
quality of 

rice 

Pest 
occur-
rence  

Delayed 
applica-
tion of 
basal 

fertilizer  

    

Too much 
or too 
little 
accumu-
lated 
rainfall 
over the 
season 

Soil 
hardened 

due to 
inade-
quate 
water  

 

Harder 
weed 

control/ 
Weed 

competi-
tion  

Insufficient water 
needed to fertilize  

Occurrence of pest and diseases 

Insufficient water needed for nutrient absorption 

Insufficient 
water needed 

for proper 
growth 

Nega-
tively 

affects 
quality of 

rice 

Damag-
ing Winds  

Delayed 
timing of 

broadcast 
and 

uneven 
distribu-
tion of 
seeds 

 
Injuring of leaves; microorganisms/ 

diseases will enter 
Lodging 
of plants 

No fertili-
zation 

Lodging of 
plants 

Lodging 
of plants 

Typhoon 
(Wind 
and 
Rainfall)  

Rotting of 
seeds 
due to 

delayed 
broad-
casting 

Seed 
will be 

im-
mersed 

Plant 
drifting 

and 
sub-

mergenc
e due to 
flooding 

Injuring of leaves; microorganisms/ 
diseases will enter 

 
No fertili-

zation 

Flood
ing 

caus-
es 
im-

mersi
on of 
plant 

 
Lodging 
of plants 

 

 Lodging of plants 
Plant 

submerg-
ence 

Note:                      
Risks with at least two weather and climate forecast-dependent decisions.  
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crop, it causes lodging and submergence of crops, thus 

affecting both the quantity and quality of the harvest. 

Farmers can opt to harvest the crop even before the 

scheduled time or even when the crop has not yet 

reached its full maturity.  

Table 2, on the other hand, presents the crop climate 

calendar for maize farming. Among the identified 

weather and climate risks, only four risks were found to 

be forecast dependent. Crop submergence in floodwater 

during the early stages was excluded as farmers 

maintain flood control channels as standard practice 

before seed planting. The current practice is to simply let 

the floodwater subside through these channels. The 

prevention of infestation of any form of pests (seedling 

maggots, corn borers, mole crickets, and armyworms) is 

seen as crucial across various stages of crop growth. 

Integrated pest management (IPM) is practiced to 

regulate, if not completely eradicate, the population of 

maize pests. The occurrence of rainfall has a significant 

influence on the number of pests in the field as wetness 

or moisture makes the crops more vulnerable to pests’ 

damage. Although the severity of pest infestation is 

weather and climate dependent, the corresponding 

mitigating response (the spraying of pesticides) is not a 

forecast dependent action. The default practice is to 

apply pesticides upon sight of infestation. Additional 

costs for pesticide applications occur only after heavy 

rainfall. Other risks such as lodging of plants/falling of 

flowers during the latter stages are not dependent on a 

forecast due to a lack of available actions to manage the 

risks. The farmers just leave their crops to withstand the 

heavy rainfall and strong winds because putting up 

covers for protection is not cost-effective or feasible. 
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Table 2. Crop climate calendar for corn farming in Gloria, Oriental Mindoro, 2019. 

Weather/
Climate 
Hazards 

WEATHER AND CLIMATE RISKS PER CROPPING STAGE 

Emer-
gence 

V1 V3 V7 V10 
Tassel-

ling 
Silking Blister Milk 

Dough 
Stage 

Dent 
Stage 

Maturity 

Exces-
sive rain 
events 
(Days)   

crop submergence in flood from rainwater 
tassel 
drop 

flower 
drop 

   

pres-
ence 

of 
mods; 
fungal 
infec-
tion 

crop 
submerg-
ence in 
flood 
from 

rainwater 
increased presence 
of seedling maggots 

increased presence of corn borer  

increased presence 
of mole crickets 

 presence of molds  

 increased presence of armyworms  

Too much 
or too 
little 
accumu-
lated 
rainfall 
over the 
season  

crop 
submerg-
ence in 
flood 
from 

rainwater 

     
flower 
drop 

 
underdeveloped kernel due to 

water insufficiency 
 

decrease 
in growth 
and yield 

due to 
water 
insuffi-
ciency  

drought causing stunted growth; 
decrease in yield 

  
underdeveloped 

kernel due to water 
insufficiency 

presence of molds and fungal 
infection 

 

increased presence of armyworms  

Damag-
ing Winds    

 

pollen 
being 
blown 
away 

flower 
drop 

  Plant lodging 

 
Rat 

infesta-
tion 

 

Typhoon 
(Wind 
and 
Rainfall)  

 plant lodging 

 
Crop 

souring  

Note:                      
Risks with at least two weather and climate forecast-dependent decisions. 
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Risks Matching with PAGASA Weather and 

Climate Products  

Climate information becomes useful when it prompts 

action from its intended users. In agriculture, forecasts 

become useful if they help farmers decide on different 

aspects of crop production, including planting schedule, 

resource allocation, and farm risk mitigation. Hollinger 

(2009) suggested the use of forecasts in agricultural 

production, specifically in operational, tactical, and 

strategic decisions. Huda et al. (2004) provide a case 

study that made use of a neutral Southern Oscillation 

Index forecast to avoid risks of growing crops with high 

water requirements for the following planting season. 

Dorling (2014) suggested that weather forecasts can 

support the optimum scheduling of a wide range of on-

farm activities while protecting the environment and 

efficiently using resources. While weather and climate 

information are deemed useful, especially in addressing 

farm risks, proper knowledge and understanding of this 

information must be prioritized so it may be effectively 

and appropriately applied.  

Table 3 shows a detailed list of PAGASA products 

that can be used to address farm risks identified by the 

farmers. Weather and climate hazards are usually caused 

by different meteorological events such as a high-

pressure area, thunderstorms, monsoons, the Inter-

Tropical Convergence Zone, easterlies, low-pressure 

areas, tropical cyclones, El Niño , and La Niña. Weather 

and climate hazards cause potential negative impacts on 

people, properties, and livelihoods. As presented in 

Table 3, PAGASA has a list of available products that can 

be used to address the identified risks caused by specific 

meteorological events. All of this information is 

disseminated through different channels, including 

media, regional stations, internet websites, and local 

authorities.  
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Table 3. Available weather and climate information from PAGASA to address farm risks. 

METEOROLOGICAL EVENT 
WEATHER/ 

CLIMATE HAZARDS 
FARM RISKS PAGASA PRODUCTSa 

High Pressure Area Hotter Temperature 
Hardened soil, stunted growth, underdeveloped 
kernels, etc. 

1,2,3,4,5,6 

Thunderstorm 
Heavy Rainfall  
Lightning/Thunder/Tornado  
Hail  

Delayed farm activities, presence of pest and 
insects, crop submergence, soil erosion, etc.  
Direct damage to plants, injuries/Deaths, dam-
age to structures and properties, etc.  
Direct damage to crop, injuries, etc.  

1,2,7 

Monsoons  
Inter-Tropical Convergence Zone  
Easterlies  
Low-Pressure Area  

Heavy Rainfall  
Strong Winds  
Lightning/Thunder  

Delayed farm activities, presence of pest and 
insects, crop submergence, soil erosion, etc.  
Damage to plant/leaves, uneven distribution of 
seeds, plant lodging, etc.  
Direct damage to plants, injuries/Deaths, dam-
age to structures and properties, etc.  

1,2,3,4,5,6,8 

Tropical Cyclone 
Strong winds  
Heavy Rainfall  

Damage to plant/leaves, uneven distribution of 
seeds, plant lodging, etc.  
Delayed farm activities, presence of pest and 
insects, crop submergence, soil erosion, etc.  

1, 2, 3, 8, 9, 10, 11, 12, 13, 14 

El Niño 
Above Normal Temperature  
Less Rainfall  
Heavy Rainfall  

Heat stress, increase in evapotranspiration, 
increase in pest and disease occurrence  
Decline in crop production, stunted growth, 
underdeveloped kernels, etc.  
Delayed farm activities, presence of pest and 
insects, crop submergence, soil erosion, etc.  

15, 16, 17, 18, 19, 20, 21, 22 

La Niña Heavy Rainfall 
Crop submergence, increase in pest and dis-
ease occurrence, environmental degradation, 
etc. 

17, 19, 20, 21, 22, 23 

a List of PAGASA Products  
1- Weather Forecast  
2- Regional Weather Forecast  
3- Farm Weather Forecast and Advisory  
4- 10-days running Forecast  
5- 10-day Probabilistic Forecast  
6- 10-day Agri-weather Information  
7- Thunderstorm Alert System  
8- Rainfall Warning System  
 

9- Tropical Cyclone Advisory  
10- Severe Weather Bulletin  
11- Tropical Cyclone Warn-
ing for Agriculture  
12- Tropical Cyclone Warn-
ing for Shipping  
13- Gale warning Infor-
mation  
14- Storm Surge Warning  
 

15- El Niño Watch, Alert and Advisories  
16- Drought and Dry Spell assessment and 
forecast  
17- Monthly Rainfall Forecast  
18- Monthly Dry Day Forecast  
19- Monthly Temperature Forecast  
20- Monthly Probabilistic Forecast  
21- Monthly Tropical Cyclone Forecast  
 
 

22- Monthly Regional Forecast 
Quick Outlook  
23- La Niña Watch, Alert and 
Advisories  
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Verbal Decision Analysis  

Ideally, in doing VDA, the risks are ranked in order of 

priorities, using farmers’ preferences. For VDA to 

proceed, the conditions of having alternative decisions to 

address the risk, and weather/climate forecast reliance on 

actions must be met. Otherwise, a decision structure for 

the risk cannot be outlined. In this study, we illustrate 

VDA for three farm risks that influenced weather and 

climate hazards. The first and second concern rice and 

corn, respectively, and the third demonstrates a situation 

where VDA is not applicable.  

Typhoon with Strong Winds and Torrential Rainfall  

From the crop climate calendar on rice farming, we 

consider the risk of plant lodging and submergence 

during the crop’s maturity stage (Table 4). A threat of an 

incoming typhoon would prompt the farmer to decide 

whether to harvest the crop earlier than its scheduled 

time or to delay the harvest. In this context, a pessimist 

farmer would decide on harvesting early as he/she 

expects the typhoon to hit the farm. On the other hand, 

an optimist farmer, thinking that the typhoon will most 

likely miss his/her farm, would decide not to harvest 

early, and let the crops achieve full maturity. The 

favorable condition, in this case, is for the typhoon to 

miss the farm and spare the farmer from the unnecessary 

cost of recovery. With each action combined with the 

weather scenario, there are four sets of scenarios that 

produce four different outcomes.  

Desirable outcomes are achieved first as a reward for 

caution when conditions are unfavorable and second as a 

reward for optimism during favorable conditions. Third, 

the combination of harvesting early while the typhoon 

misses the farm would result in regret for being too 

cautious. The fourth and final alternative is the regret 

from being optimistic that the typhoon will miss, but it 

actually hits. Here the farmer decides not to harvest early, 

but the typhoon hits, damaging the crop. By looking at 

the remarks column, farmers treat the outcome of the 

pessimist’s regret as a cost compared to the optimist’s 

reward, even though favorable conditions happened to 

the farm. The outcome for the pessimist’s reward might 

include other costs of typhoons hitting the farm. The 

structure of the outcome depends on the outcomes (i.e. 

costs and/or yield) that are important or relevant to the 

farmer. The optimist’s regret shows the least desirable 

outcome as it generates 50-70% losses in the yield. In this 

case, the farmer has thought through which decisions are 

best made during certain weather conditions.  

In the case of corn, Table 5 shows the VDA matrix for 

the risk of lodging and waterlogging during typhoon 
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Table 4. Verbal decision analysis on lodging and submergence of rice crop during maturity stage due to typhoon, Calapan 
City, 2020. 
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events. Farmers are presented with two decision actions,  

first is to harvest early, and second is to delay harvest 

while expecting different climate outcomes. An optimist 

farmer would choose to delay the harvest while 

harvesting the crop early suggests worst expectations for 

a possible weather event. The most desirable outcome is 

realized when the farmer decides to delay the harvest 

and the typhoon changes its direction. In this scenario, 

the number of required days for full crop development 

and optimal yield potential is achieved without any 

additional costs. The timing of harvest is still according 

to the prescribed calendar, allowing the crop to reach 

maturity.  

Harvesting early, on the other hand, incurs additional 

labor and input costs. However, it is more cost-effective 

to harvest early when the typhoon hits the farm. 

Regardless of the weather states, harvesting early affects 

the quality of the kernel. Farmers disclosed getting more 

satisfaction from the additional costs knowing that they 

reduced crop loss as a reward for being more cautious. 

The least favorable outcome is when the farmer becomes 

optimistic and decides not to harvest early, but the 

typhoon hits the farm. A farmer regrets this decision due 

to a significant decline in the harvest of approximately 20

-30 percent. Additional labor costs are also expected for 

harvesting and removing the damaged crops from the 

submerged field.  

Excessive Accumulated Rainfall Over the Season  

When the seasonal climate is not favorable, farmers have 

three options: continue planting maize, find a substitute 

crop, or not plant at all. Table 6 shows the VDA matrix 

for the risk of stunted growth and underdeveloped 

kernel on maize due to less than normal rainfall 

conditions. In this scenario, the farmers identified wild 

chili pepper (Capsicum frutescens) as a substitute crop 

for hybrid maize when the climate was not favorable. 

Chili is better adapted to hot and drier climate conditions 

than maize. A pessimistic farmer could opt to plant chili 

rather than hybrid maize when below normal rainfall 

conditions are expected.  

However, the VDA matrix shows that, according to 

the farmers, cultivating maize results in a reasonable 

outcome in both wet and dry climate states, while chili 

ranks close to maize at below-normal rainfall. Planting 

chili is only considered a good alternative when 

irrigation is not adequate and when the price of chili 

becomes excessively high due to market factors such as 
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Table 5. Verbal decision analysis on lodging and waterlogging during maturity of corn due to typhoon, Gloria, 2020. 
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demand and seasonality. However, in this study, the 

price risk was not accounted for in the decision-making. 

So in the scenario considered here, corn is at least as 

good as chili in all circumstances and much better in 

wetter conditions. As a consequence, this example shows 

a scenario where rapid climate decision analysis is not 

needed and a descriptive analysis of potential outcomes 

is enough to come up with an optimal decision.  

Rapid Climate Decision Analysis  

Rapid climate decision analysis is a decision-support tool 

developed to understand the decision-making process of 

farmers by using a farmer’s historical production data. 

Hayman et al. (2020) outlined a seven-step guide on the 

process of conducting RCDA: (1) identifying and 

isolating a climate-sensitive decision; (2) producing data 

on biophysical outcomes for different states of climate; 

(3) converting the biophysical information to profit; (4) 

identifying a preferred option; (5) thinking and checking 

assumptions; (6) changing the climate odds; and (7) 

valuing the forecast information. As a decision-support 

tool, RCDA primarily elicits dialogue among researchers, 

extension workers, and farmers on how farmers process 

forecast information into climate-sensitive decisions. The 

value of forecast information is measured by looking at 

the trade-offs and changes in gross margins across a five-

point distribution of climate states using 100 percentile 

points.  

In setting up the RCDA, there are certain data 

requirements that a farmer must be able to provide. 

These include crop yield, cost of production, farm gate 

price, and any other costs incurred for each alternative. 

These data were elicited for five different climate states 

namely, (i) driest; (ii) below normal; (iii) normal; (iv) 

above normal; and (v) wettest condition.  

For this RCDA application, we consider the risk of 

occurrence of pests and diseases in rice farming brought 

about by too much accumulated rainfall during the 

season where a previous VDA was not sufficient to 

determine the optimal choice. Prior analysis suggests that 

planting a less susceptible variety (variety X) during 

normal rainfall conditions would increase production 

costs via seed expenditure cost. However, when the 
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Table 6. Verbal decision analysis on stunted growth and underdeveloped kernel due to limited rainfall, Gloria, 2020. 
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condition is set to above normal rainfall conditions, 

planting either of the varieties would decrease the 

amount of harvest. VDA, however, excludes detailed 

information such as gross margins across different 

climatic states, which the farmer could rely on to decide 

the expected profit-maximizing risk-management 

strategy to adopt. Quantitative analysis in RCDA makes 

the comparison of actions in terms of yield, income, 

additional costs for addressing risk, and gross margins 

under varying climatic conditions clearer.  

Table 7 shows the summary of yield, income, costs, 

and gross margins per hectare of two alternative rice 

varieties under five different climatic scenarios. Variety X 

outperforms variety Y in terms of yield across all climatic 

conditions. Yields of both varieties follow a similar 

decreasing trend with higher amounts of rainfall. In 

contrast, extremely dry conditions increase the yield for 

both varieties. This happens in the case of a well-

irrigated area in which very dry conditions do not have a 

substantial effect on the field. On the other hand, 

extremely wet conditions negatively affect the yield of 

both varieties. A larger portion of the decline in average 

yield can be observed for variety Y (45%) compared to 

that of variety X (20%) during the wettest conditions as 

compared to the values during normal conditions. The 

average cost for both varieties is USD 1,000 per hectare 

per cropping season. There is an additional cost incurred 

in spraying when rainfall conditions are above normal to 

wettest. Since a higher amount of rainfall would mean a 

higher incidence of disease spreading, farmers are 

expected to react through additional spraying of 

pesticides. Variety Y is expected to incur twice the 

additional cost for spraying compared to variety X (USD 

48/ha vs. USD 24/ha).  

The farmgate price is a critical factor in the difference 

in gross margins between the two alternative varieties. 

The profitability of variety Y, having a higher farm-gate 

price (USD 0.34/kg) compared to variety X (USD 0.24/kg), 

rises when climate conditions are above normal, but 

declines with wetter conditions. Figure 3a (and Appendix 

1a) shows the graph of profit by decile for both varieties. 

This represents the case where no forecast is received by 

a farmer. In the graph, the black line represents variety X, 

the less susceptible variety. The blue line represents 

variety Y. As shown in the graph, at equal probabilities 

of rainfall occurrence, variety X has a higher expected 

profit and thus, is preferable to the alternative when the 

objective is to maximize expected profit. Variety X’s 

probability-weighted average (or expected value) profit 

is USD 67.65/ha higher than variety Y’s. The crossover 

point or the point where the profitability/ha shifts in 

favor of variety X happens on the 44th percentile. This 

means that without a forecast, variety Y is a better 

alternative 56% of the time, but only slightly better.  

By changing the probability of rainfall occurrence to 

80% to represent a forecast of wetter conditions (Figure 

3b and Appendix 1b), variety X would still dominate in 

terms of expected profitability. Since variety X has a 

lower susceptibility to diseases, it yields an even higher 

advantage compared to its alternative. It also costs less to 

address the risk with this less susceptible variety. Its 

expected profit also increases to USD 218.20/ha under 

this scenario. A forecast of 80% wetter conditions means 

that variety X will be the better alternative on about 84% 

of occasions, compared to only 44% of occasions under a 

no forecast scenario.  

Conversely, in Figure 3c (and Appendix 1c), with a 

drier forecast (80% driest), variety Y will stochastically 

dominate variety X. This is an artefact of market factors, 

Table 7. Comparison between two rice varieties under different rainfall conditions, Calapan City, 2020. 

Climate 
State 

Yield Income Production Cost Additional Cost Gross Profit Margin 

Variety X Variety Y Variety X Variety Y Variety X Variety Y Variety X Variety Y Variety X Variety Y 

Driest 8,250 6,000 1,980 2,040 1,000 1,000 0 0 980 1,040 

Below 
normal 

7,875 5,750 1,890 1,955 1,000 1,000 0 0 890 955 

Normal 7,500 5,500 1,800 1,870 1,000 1,000 0 0 800 870 

Above 
normal 

6,375 4,200 1,530 1,428 1,000 1,000 24 48 506 380 

Wettest 6,000 3,000 1,440 1,020 1,000 1,000 24 48 416 -28 

Note:  
1Variety X which is claimed by the respondents to be less susceptible to plant diseases is the Bigante Plus by Bayer. On the other hand, the contending variety Y 
is the PHB 73 of Pioneer. Participants claim that PHB73 is a more susceptible to diseases compared to Bigante Plus. The average farm-gate price of variety X is $ 
0.24 per kilogram while for variety Y, $ 0.34 per kilogram.  
2Yield is expressed as kilogram per hectare per cropping season while income, production cost, additional cost, and gross margin are expresses in USD per hec-
tare per cropping season.  
3Conversion is at USD 1 = PhP 50. 
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specifically the farmgate prices. Since both varieties fare 

well during the dry condition, variety Y’s expected 

profit is only higher by 2% when a lesser amount of 

rainfall is expected in the area. Compared to a no 

forecast scenario where variety X is preferred in 

expected value terms, variety Y becomes profitable 87% 

of the time when there is an 80% probability of drier 

conditions. This is where the forecast becomes valuable 

to a decision-maker. At this forecast level, there is now a 

change in the decision on which variety to plant 

compared vis-à-vis when no forecast is received. In this 

case, the expected value of forecast is at USD 21.43/ha 

per cropping season, which is the difference in the 

average gross margins between the two varieties.  

CONCLUSION  

With the heavy reliance of agriculture on weather and 

climate conditions, farmers must be equipped with 

useful information that could help in their farm             

decision-making. By using the data from rice and corn 

farmers in the province of Oriental Mindoro, we apply a 

discussion support tool that could assist farmers in 

addressing weather and climate-related farm risks. The 

results of the study suggest that describing outcomes of 

farm decisions under different weather/climate risk 

enhances the understanding of the farmer’s decision 

process and defines the optimal decision to be taken. 

Further analysis also shows how to use a forecast to 

achieve expected profit-maximizing solutions.  

The study offers three main findings that serve as a 

guide for a decision maker in addressing risks present in 

rice and corn production. First, through a series of 

consultations with farmers and agricultural extension 

workers, we co-developed with these stakeholders a crop 

climate calendar describing crop production as a process 

affected by weather and climate risks. In line with the 

literature, the study focused on a widely-used, risk-based 

approach that promotes a proactive rather than a reactive 

type of management (Hay 2007). Identifying risks 

specific to a location, coupled with the continuous 

improvement in the weather and seasonal weather 

forecasting, could result in a wider scope of adaptation 

practices and eventually improved farmer responses.  

Second, a verbal decision analysis of a farm risk 

affected by weather/climate events summarized the 

consequences of three alternative farm decisions under 

various weather/climate conditions. This identified the 

appropriate course of action to be taken as well as the 

outcomes during a specific type of weather/climate event 

and demonstrated the VDA method. As shown in the 

study, the ranking of outcomes as a result of 

combinations of action and weather state emphasizes 

dominant actions by which farmers could benefit. As 

much as we acknowledge the capacity of the farmers in 

addressing the risks present in their farms, the matrix of 

VDA action-state-outcome could provide a clearer and 

profound understanding of strategic risk averting 

measures to be taken.  

Lastly, in some cases where there is the ambiguity of 

optimal outcome/s in a decision outline, subjecting them 

to a rapid climate decision analysis allows comparison in 

terms of expected profit and risk. The analysis shows that 

optimal decisions depend not only on market factors, but 

also on probabilistic forecasts of climate conditions. With 

the aid of historical data on crop production, decision 

makers could benefit by connecting the analysis with the 

advancement in weather and seasonal forecasting. 

Moreover, users of weather and climate information, 

specifically farmers, could benefit from the availability of 

localized forecasts. In this manner, the results from the 

analysis provided in the study would be more applicable 

in the local field setting.  

As suggested by Klemm and McPherson (2017), 

social science and climate science are now integrated into 

interdisciplinary studies focusing on agricultural 

decision-making. With several decision-making guides 

already available for farmers, this study highlights the 

process by which weather/climate-sensitive farm risks 

are addressed. Moreover, it also underscores the 

importance of the availability of weather and climate 

information for the decision makers. However, even if 

farmers are already knowledgeable of the adaptation 

responses to weather and climate-related farm risks, 

those will not be effective if weather and climate 

Fig. 3.  Profit per decile graph comparison between two 
rice varieties under (a) equal seasonal rainfall probability; 
(b) wetter season; (c) drier season, Calapan City, 2020. 
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information is not accessible to them. Specifically, while 

the level of forecast skill becomes crucial in drawing out 

the dominant risk adaptation alternative, the 

communication of forecast information also remains of 

paramount importance.  
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Appendix 1. Decision tree comparison between two rice varieties under the following: (a) equal seasonal rainfall probability; 
(b) wetter season; (c) drier season, Calapan City, 2020. 

(a) 

(b) 

(c) 
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