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ABSTRACT 

There is growing interest within the climate change and development community in using seasonal 
forecast information to reduce the losses to agriculture resulting from climate variability, especially 
within food-insecure countries. However, forecast systems are expensive to establish and maintain, and 
therefore gauging the potential economic return to investments in forecast systems is crucial. Most studies 
that evaluate seasonal forecasts focus on developed countries and/or overlook agriculture’s economywide 
linkages. Yet forecasts may be more valuable in developing regions such as East Africa, where climate is 
variable and agriculture has macroeconomic importance. We use computable general equilibrium and 
process-based crop models to estimate the potential economywide value of national seasonal forecast 
systems in Kenya, Malawi, Mozambique, Tanzania, and Zambia. Stochastic seasonal simulations produce 
value distributions for forecasts of varying accuracy and varying levels of farm coverage. A timely and 
accurate forecast adopted by all farmers generates average regional income gains of US$113 million per 
year. Gains are much higher during extreme climate events and are generally pro-poor. The forecast value 
falls when forecast skill and farm coverage decline. National economic and trading structures, including 
the importance of agricultural exports, are found to be major determinants of forecast value. 
Economywide approaches are therefore needed to complement farm-level analysis when evaluating 
forecast systems in low-income agrarian economies.  

Keywords:  economic value; general equilibrium; seasonal forecasts; stochastic modeling; Africa 

JEL codes: D58, Q15, Q54 
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1.  INTRODUCTION  

Climate variability poses a tremendous challenge for East Africa. Most of the region’s population is 
smallholder farmers whose livelihoods depend on rainfed subsistence agriculture. Numerous studies 
document the adverse effects that severe weather and climate uncertainty have on African farmers’ 
incomes and well-being (Dercon 2004; Dercon and Christiaensen 2011; Devereux 2007; Waithaka et al. 
2013). Climate variability also has economywide implications that reach beyond rural agriculture. Urban 
consumers, for instance, are also sensitive to fluctuations in food prices (Ivanic and Martin 2008). 
Moreover, while most cultivated land in East Africa is devoted to food crops, the region also relies on 
agricultural exports. As a result, fluctuations in East African countries’ national incomes and poverty can 
be attributed, in part, to variable climate (Arndt, Hussain, et al. 2012; Pauw et al. 2011; Thurlow, Diao, 
and Zhu 2012).1 This suggests a high economic value for interventions that can reduce the adverse effects 
of climate variability. 

As a result of technological improvements and advancements in forecasting climate over southern 
and eastern Africa, seasonal forecasts have become one possible way to reduce climate risk (Landman 
2014; Mutai, Ward, and Colman 1998). Relative to many other parts of the world, East Africa’s climate 
signals provide scope for producing accurate and timely seasonal climate forecasts (Mesa, Hansen, and 
Osgood 2008; Hansen et al. 2011). Moreover, pilot studies suggest that African farmers are, at least in 
principle, receptive to using forecast information to adapt their farming practices, for example, through 
changing planting dates, crop varieties, and other inputs and agricultural management practices (Ingram, 
Roncoli, and Kishen 2002; Hansen et al. 2009, 2011; Roudier et al. 2014). Farmers also use migration to 
smooth incomes during extreme weather events (Gray and Mueller 2012; Marchiori, Maystadt, and 
Schumacher 2012). Seasonal forecasts could therefore help optimize the allocation of agricultural 
resources and diversify incomes beyond farming, thereby reducing exposure to climate risk at the 
household and national levels.  

Numerous studies estimate the economic value of seasonal forecasts for developed countries, but 
few focus on developing countries, particularly Africa outside South Africa (Hansen et al. 2011; Mesa, 
Hansen, and Osgood 2008). Yet forecasts are likely to be most valuable in developing regions such as 
East Africa, where climate is variable and predictable and where rainfed agriculture is important. 
Moreover, most studies focus on farm-level benefits and neglect demand-side constraints to reallocating 
resources using forecast information. A few studies use partial equilibrium models to incorporate market 
constraints and price adjustments (see, for example, Adams et al. 1995). To our knowledge, no studies 
consider general equilibrium effects, such as spillovers from agricultural to nonagricultural sectors and 
from rural to urban areas. Yet an economywide approach is essential in many developing countries, 
including those in East Africa, where most parts of the economy are directly or indirectly linked to 
agriculture and where climate shocks, such as droughts and floods, can have discernable macroeconomic 
effects, such as on export earnings and the availability of foreign exchange. 

This paper addresses these gaps in the literature. We estimate the potential economic value of 
seasonal forecasts for five countries in East Africa. Like many researchers, we use historical weather data 
to generate random seasonal climate data and associated forecasts of different accuracies. High-
resolution, process-based crop models translate weather patterns and local agroecological conditions into 
crop yields for major crops, and these yield variations are spread to other crops using historical annual 
yield correlations. Computable general equilibrium (CGE) models then estimate the economywide 
implications of using seasonal forecasts to inform the allocation of productive resources within 
subnational regions. Unlike previous studies, our general equilibrium analysis occurs at the economic 
system level rather than the farm level. It considers farm and nonfarm activities and rural-urban linkages, 

                                                      
1 In this paper, “weather” refers to day-to-day changes in the weather patterns that sometimes lead to extremes, such as frosts 

or local flooding. “Climate” is the system within which weather occurs and is associated with modes of climate variability, such 
as the El Niño–Southern Oscillation (ENSO). 
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and it accounts for market and macroeconomic feedbacks. Our stochastic analysis produces forecast value 
distributions for national economies and for households along the income distribution.  

The next section describes the five East African countries. The following two sections then 
present our methodology, including the derivation and use of seasonal forecasts, and the specification and 
calibration of the crop and CGE models. We then present our simulation results. The final section 
summarizes the study’s findings and limitations.  
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2.  WEATHER AND AGRICULTURE IN EAST AFRICA 

Regional Economy 
Mesa, Hansen, and Osgood (2008) identify mainland East Africa as a region where the value of seasonal 
forecasts should be high, that is, where agriculture is important and climate variability is pronounced and 
predictable (see Muchuru et al. 2014). In this study, we focus on the South East and Great Lakes region of 
East Africa as defined by the United Nations, thus excluding the Horn of Africa and Nile Valley. We 
select five countries that together reflect the region’s characteristics: Kenya, Malawi, Mozambique, 
Tanzania, and Zambia.2 

As shown in Table 2.1, our sample of countries covers most of the region’s population and gross 
domestic product (GDP). Average GDP per capita is low, and a majority of the population lives below the 
$1.25-a-day poverty line. Agriculture and industry each generate a quarter of total GDP, although much 
of the latter’s contribution comes from processing agricultural products. Maize, for example, is the 
region’s main food crop, and downstream grain milling is a major industrial sector. Finally, agriculture 
and food exports account for more than a third of total merchandise export earnings.  

Table 2.1 Economic characteristics of the case study countries, 2007 
 Case study countries Broader 

region 
Variable Kenya Malawi Mozambique Tanzania Zambia Together  
Total GDP (US$ 
billions) 32.0 3.6 9.2 21.5 14.1 80.4 103.1 
Population (millions) 37.8 13.7 22.2 41.1 12.1 126.9 188.6 
   Rural share (%) 77.6 84.8 69.6 73.9 62.5 74.3 76.7 
GDP per capita (US$) 846.5 266.0 414.6 538.4 1,160.8 633.4 546.5 
   PPP-adjusted 

2,276.0 604.3 787.4 
1,851.

6 2,733.2 1,724.0 1,552.9 
Poverty rate, 2008 (%) 29.8 57.2 48.1 51.4 57.9 45.7 44.3 
        GDP shares (%) 100.0 100.0 100.0 100.0 100.0 100.0 100.0 
   Agriculture 23.3 31.6 27.1 28.8 13.2 23.8 24.1 
      Of which crops 18.8 26.1 20.1 20.1 7.4 17.7 n/a 
   Industry 21.8 17.8 23.3 21.7 34.9 24.1 24.4 
      Of which agro-
processing 4.4 8.3 4.2 4.7 7.0 5.1 n/a 
   Services 54.9 50.6 49.5 49.5 51.9 52.1 51.5 
        Arable lands (millions 
of hectares) 5.3 3.0 4.8 10.0 2.9 26.0 38.4 
Agriculture GDP per 
hectare (US$) 1,241.3 352.4 483.3 576.8 577.0 669.0 601.6 
Irrigated agricultural 
land (%) 0.4 1.1 0.2 0.5 0.7 0.4 0.5 
Agricultural export 
share (%) 55.4 89.4 13.9 58.2 8.7 35.5 37.7 
Crop diversification 
index 0.746 0.719 0.723 0.790 0.752 0.781 0.811 
Source:  Authors’ calculations, based on World Bank data (2015a, 2015b). 
Notes:  Broader region also includes Burundi, Rwanda, Uganda, and Zimbabwe. Poverty headcount rate is the share of the 

population with daily expenditures below the US$1.25 poverty line adjusted for purchasing power parity (PPP). Irrigated 
land shares are for 2003. Agricultural exports include raw agricultural products and processed food products. Crop 
diversification index is an entropy-based measure in which a value closer to 0 implies a greater concentration of land 
across crops.   

                                                      
2 Other countries in the South East and Great Lakes region include Burundi, Rwanda, Uganda, and Zimbabwe. 
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Our sample of countries also captures heterogeneity across East African economies. GDP per 
capita, for example, is four times higher in Zambia than in Malawi. This is mainly due to Zambia’s 
copper mining, which makes industry a large contributor to national GDP and exports. In contrast, 
Malawi relies on exports of tobacco, which is mainly grown by smallholder farmers. As a result, there is a 
more equal income distribution in Malawi than in Zambia, which explains why poverty rates in these 
countries are similar despite the gap in GDP per capita. The remaining countries in our sample are closer 
to the regional average in terms of agriculture’s contribution to GDP. However, agricultural exports are 
far more important for Kenya and Tanzania than they are for Mozambique, which relies on metals 
exports. The value of agricultural production varies by country. Kenya, for example, generates four times 
more agricultural GDP per hectare of arable land than Malawi. These differences in economic structure 
will be important in explaining the value of seasonal forecasts in each country.  

Agroclimatic Conditions 
Climatic conditions vary across and within our sample of countries. Rainfall is less than 500 millimeters 
per year in Kenya’s northern region but exceeds 2,000 millimeters per year in the central highland region. 
There are similar, albeit smaller, differences between the northern and southern regions within 
Mozambique and Zambia. Agricultural production patterns reflect these differences in rainfall. Nomadic 
pastoralism is important in arid northern Kenya, whereas cassava, a tropical root crop, dominates in 
northern Mozambique and Zambia.  

In our analysis, we separate countries into the subnational regions shown in Figure 2.1. Each 
country is divided into three or four regions named North, South, East, West, and/or Center. Although the 
regions are large, they do capture the major spatial variation in agroclimatic conditions in East Africa. 
These broad regions also reflect the fairly course resolution of seasonal forecast information from national 
forecast systems in East Africa.  

Figure 2.1 Subnational agroclimatic regions in the CGE models 

 
Source:  Authors’ own representation. 
Notes:  N, C, E, W, and S signify North, Center, East, West, and South regions, respectively, and are unique within each 

country. There is only one North region in the Zambia model but its two parts (N1 and N2) are noncontiguous.  
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Intra-annual variation in rainfall influences agricultural production patterns. Most regions in the 
five East African countries have one rainy season spanning November to April/May (or February to 
August in western and central Kenya). Although irrigation infrastructure might permit a second cropping 
season, as it does for wheat farmers in central Zambia, only 0.4 percent of agricultural land in these 
countries is currently irrigated (see Table 2.1). Only the northern and eastern regions of Kenya and 
Tanzania have bimodal rainfall patterns. Even here, however, one of the two seasons dominates 
agricultural production, and there is a definite “lean period” during the year.  

Finally, there is considerable seasonal variability in East Africa, with major economic 
implications. Pauw et al. (2011) and Thurlow, Diao, and Zhu (2012), for example, estimate that national 
GDP in Malawi and Zambia falls by 9.1 and 6.6 percent, respectively, during major drought events, such 
as the 1991/1992 El Niño season. The associated drought during this event was found to be predictable 
(Landman and Beraki 2012). Impacts on poor households’ incomes are even larger. On average, historical 
climate variability reduces Zambia’s GDP growth rate by half a percentage point each year and raises the 
national poverty rate by two percentage points. The economic costs of climate variability are expected to 
increase as a result of anthropogenic climate change. Arndt, Farmer, et al. (2012), for example, evaluate a 
range of climate projections for Tanzania and find that agricultural GDP could decline by as much as 12 
percent by 2050 relative to a “no climate change” baseline. Arndt and Thurlow (2015) also estimate 
negative, albeit smaller, agricultural GDP impacts for Mozambique. Given East Africa’s agroclimatic 
conditions and its dependence on agriculture, there is a clear incentive to enhance resilience to weather 
and climate fluctuations. 

Seasonal Forecasts 
Hansen et al. (2011) review the literature on seasonal forecasts in Africa. The authors conclude that there 
is “significant predictability” in rainfall in most parts of the five case study countries. This predictability 
coincides with the main cropping season in Malawi, Mozambique, and southern Zambia, and with the 
short rainy seasons of Kenya and Tanzania. There is also “established but weaker predictability” for the 
long rainy season in Kenya and Tanzania. Relatively accurate forecasts in East Africa can be produced 
with more than one month “lead time,” that is, the period prior to the start of the growing season. Longer 
lead times typically imply lower forecast accuracy.  

The countries’ own seasonal forecasts contribute to broader multicountry processes that 
culminate in “consensus” regional forecasts, which are then combined with local analyses and 
disseminated to government agencies, the media, and farmers.3 Numerous studies examine the 
effectiveness of different methods of disseminating forecasts to African farmers, including radio 
broadcasts and face-to-face visits by farmer extension agents. Previous studies have found that farmers 
can understand probabilistic forecasts and that they are willing and, to a lesser extent, able to adapt their 
farm management practices based on forecast information (Luseno et al. 2003; Hansen et al. 2011).  

In summary, climate modeling studies and pilot studies involving African farmers suggest that 
there may be benefits to scaling up seasonal forecast systems in East Africa. Many challenges remain, 
including improving forecast skill and lead time, and finding efficient ways to provide timely and useful 
information to farmers (see Mesa et al. 2008). A further challenge is to compare the potential benefits of 
investing in forecast systems against those of other competing interventions, including those in 
agriculture (for example, irrigation or drought-tolerant seed varieties) and those in support of agriculture 
(for example, roads, health, and education). In this study we quantitatively measure the potential 
economywide benefits from using forecast information at scale. Our aim is to estimate potential 
economic benefits in order to determine maximum cost thresholds for obtaining positive investment 
returns and to aid comparisons with other investment options. 

                                                      
3 Our case study countries contribute to the Southern African Regional Climate Outlook Forum (SARCOF), except for 

Kenya, which contributes to the Greater Horn of Africa Climate Outlook Forum (GHACOF). 
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3.  SIMULATING SEASONAL CLIMATE FORECASTS 

Our economic evaluation of seasonal forecasts involves two stages. First, we produce realizations of 
climate conditions using the historical distributions of yields for crops and regions. We then simulate 
regional forecasts such that for each crop and subnational region, climatic conditions (crop yields) in the 
forecasts reflect the skill of the forecast. Second, we impose these yield changes on the region- and crop-
specific production functions of economywide models that simulate producer, consumer, and market 
responses and ultimately estimate the economic value of using forecast information. This section 
describes the forecasting procedure and how farmers use this information in their decision making. The 
next section describes the crop and economic models.  

Before we proceed, it should be noted that our analysis excludes the potential benefits of seasonal 
forecasts for livestock production. We focus on crops because (1) livestock models and data linking 
climate variability to productivity are less well established than crops models, and (2) crops are far more 
important than livestock in East Africa (that is, for every dollar of livestock GDP there is more than four 
dollars of crop GDP). Nevertheless, by excluding livestock, we may be underestimating the potential 
benefits of seasonal forecasts for agriculture in East Africa.  

Forecasting Seasonal Climate Events 
The value of seasonal forecasts depends in large part on their accuracy, or “skill,” and is measured 
relative to a “no forecast” counterfactual. We start with two random variables, namely one that represents 
seasonal climate realizations, 𝑪𝑪𝒚𝒚, and another that represents its forecasts, 𝑭𝑭(𝒔𝒔), where 𝑠𝑠 is a measure of 
forecast skill. Crop models are used to convert the historical seasonal climate distribution into 
distributions of rainfed crop yields for individual crops and subnational regions, namely 𝑫𝑫 ∈ ℝ𝒏𝒏𝒚𝒚×𝒏𝒏𝒄𝒄𝒄𝒄, 
where 𝑛𝑛𝑦𝑦 and 𝑛𝑛𝑐𝑐𝑐𝑐 represent the number of years and the number of crops for producing regions, 
respectively. The variation in simulated yields is entirely attributable to seasonal climate variation, and 
therefore we can draw directly from the yield distribution rather than draw individual climate variables. 
Hence, we can build a continuous random variable 𝑪𝑪𝒚𝒚 based on 𝑫𝑫, which represents climate conditions 
for crop c and region r. The next challenge in our analysis is to build 𝑪𝑪𝒚𝒚 such that interregional and 
between-crop relationships are preserved. For example, it is unlikely that one region experiences its best 
year on record when a neighboring region is experiencing its worst year, in part owing to the widespread 
effects of ENSO over southern and eastern Africa (Ropelewski and Halpert 1987, 1989). Therefore, when 
randomly drawing climate conditions from 𝑪𝑪𝒚𝒚, we must preserve associations between regions and, more 
importantly, between crops within regions.4 We do this by defining a vector of expected values for each 
column of 𝑪𝑪𝒚𝒚 as well as a covariance matrix. We can then draw from a multivariate distribution defined 
by the vector of expected values and a covariance matrix.  

After defining the distribution of 𝑪𝑪𝒚𝒚, we determine our random forecast variables. For each s, 
𝑭𝑭(𝒔𝒔) preserves inter-crop and interregional relationships determined in 𝑪𝑪𝒚𝒚 but has s correlation with 𝑪𝑪𝒚𝒚, 
where 𝑠𝑠 ∈ [0,1]. 𝑠𝑠 = 0 implies a forecast with no skill and 𝑠𝑠 = 1 implies perfect skill. In our analysis, we 
draw a series of random climate-affected yield events from 𝑪𝑪𝒚𝒚 as well as a corresponding forecast from 
𝑭𝑭(𝒔𝒔). Hence, when 𝑠𝑠 = 1, every forecast matches the realized event, while 𝑠𝑠 = 0 implies no correlation 
between forecast and realized events and each forecast is effectively a new unconditional draw from the 
historical distribution (that is, 𝐹𝐹(0) ≈ 𝐷𝐷). Finally, we define the “no forecast” counterfactual as the 
expected value of historical climate-affected yields, 𝐸𝐸�𝑪𝑪𝒚𝒚�. Note that the counterfactual is not the same as 
a “no skill” forecast.  

                                                      
4 Even if we draw random climate variables, as opposed to crop yields, from the historical distribution, we would still need 

to preserve the spatial correlation of interregional seasonal events. Drawing crop yields merely adds a second dimension to the 
problem, that is, we must preserve both interregional and inter-crop correlations. 
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Farmers’ Use of Forecast Information 
Once a forecast is announced, a farmer forms a belief about future seasonal climate variations that 
depends upon the forecast itself as well as his or her confidence in the overall forecasting system. Let 𝑐𝑐 ∈
[0,1] be the farmer’s confidence level and let 𝐸𝐸�𝐶𝐶𝑦𝑦� = 𝑐𝑐𝑦𝑦ℎ be the expected value of the historical seasonal 
climate distribution. A farmer’s anticipated seasonal climate is a linear combination of the forecast and 
historical seasonal climate, that is, 𝑏𝑏�𝑐𝑐,𝑓𝑓(𝑠𝑠), 𝑐𝑐𝑦𝑦ℎ� = 𝑐𝑐 ∙ 𝑓𝑓(𝑠𝑠) + (1 − 𝑐𝑐) ∙ 𝑐𝑐𝑦𝑦ℎ. When 𝑐𝑐 = 1, farmers use the 
forecast exclusively, but when 𝑐𝑐 = 0, farmers derive their expectations solely from the historical record. 
Instead of “confidence,” we could define 𝑐𝑐 as the share of farmers who use forecast information. When 
𝑐𝑐 = 1, every farmer uses forecast information, and when 𝑐𝑐 = 0, all farmers use the historical record. The 
latter is our “no forecast” counterfactual scenario. One advantage of interpreting 𝑐𝑐 as a “coverage rate,” 
rather than as a confidence level, is that it allows us to assess how economic returns are influenced by 
how well extension systems provide useful forecast information to farmers. 

The sequence of farmers’ decision making in our models is shown below: 

 

 

 

 

At the beginning of the season, farmers receive a seasonal climate forecast that they can use to 
inform their allocation of productive resources (that is, land, labor, and capital). This is analogous to a 
“planting period” when farmers must decide which crops to grow and which technologies to use based on 
anticipated climate extremes. Farmers must also anticipate climate variations in other regions within their 
country, since this may influence prevailing market conditions when their harvested products are sold.5 
Farmers can also use forecast information to reallocate labor between farm and off-farm activities (for 
example, some family members might migrate to towns or cities in order to diversify household income). 
As the season unfolds, actual weather outcomes are realized, but prior resource allocation decisions 
cannot be altered. Farmers’ ability to adapt to a mismatch between anticipated and realized climate 
conditions is therefore limited, that is, they can only reallocate their labor time within the nonfarm sector.  

The economic value of a seasonal climate forecast is determined by how well it enables farmers 
to avoid suboptimal allocations of farm resources. Without a forecast, farmers plant according to the 
expected value of historical climate outcomes, that is, in anticipation of achieving mean historical yields. 
The value of a forecast therefore varies from year to year depending on the difference between the actual 
climate variation and the historical mean. This means that an accurate forecast is of greatest value during 
a year with a climatic extreme. In our analysis we simulate hundreds of climate events and forecasts in 
order to estimate the expected economic value of a forecast during any given year. At the same time, the 
use of a low-skill forecast can exacerbate the misallocation of resources, leading to worse outcomes than 
those seen without the use of any forecast information. We therefore simulate the full range of forecast 
skills and coverage rates (or confidence levels) in order to identify the minimum skill required for positive 
outcomes. 

                                                      
5 Farmers in East Africa generally have few storage options, and thus we assume that there is no intertemporal arbitrage 

beyond what is already observed in our benchmark economic databases. 

𝑇𝑇0 
 

𝑇𝑇1 𝑇𝑇1→2 𝑇𝑇2 

Forecast 𝑓𝑓 is 
drawn from 
𝑓𝑓𝐶𝐶𝑦𝑦�𝑐𝑐𝑦𝑦� 

Farmer allocates 
resources to crops and 

nonfarm activities 

Seasonal climate-affected 
yields 𝑐𝑐𝑦𝑦 ∈ 𝐶𝐶𝑦𝑦 is drawn 
and 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝐶𝐶,𝐹𝐹(𝜌𝜌)) = 𝜌𝜌 

Seasonal outcome is 
realized but resources 

are fixed as per 𝑇𝑇1 
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4. MODELS AND DATA  

Crop Models 
Process-based crop models convert historical weather data into crop yields. We use the Decision Support 
Software for Agrotechnology Transfer (DSSAT) crop model suite (see Jones et al. 2003). Müller and 
Robertson (2014) provide a detailed description of the crop models used in our analysis.  

We simulate historical yield distributions for three crops: maize, sorghum, and soybeans. The 
crop models are implemented at a 0.5 × 0.5 degree scale (60 × 60 kilometers), and yield estimates are 
aggregated to the subnational regions in Figure 2.1 using production and area weights from the 2005 
Spatial Production Allocation Model (SPAM) dataset (You, Wood, and Wood-Sichra 2009). SPAM 
spreads district-level production data across 5-minute arc grids (about 8,500 hectares) using cross-entropy 
techniques and various spatial datasets, including satellite land cover and crop suitability maps.  

DSSAT combines daily weather data (that is, temperature, precipitation, and solar radiation) with 
information on soil characteristics (that is, carbon content, depth, and texture) and rules about farm 
management practices (for example, planting and harvesting dates and irrigation and fertilizer use). We 
use 45 years of interpolated gridded historical daily weather data (1951–2007).6 DSSAT converts monthly 
data into daily data using a random weather generator. Gridded soil characteristics are derived from the 
Harmonized World Soil Database (FAO et al. 2012). The crop models maintain fixed rules concerning 
crop management. Simulations start 90 days prior to the anticipated planting date, and actual planting 
dates are determined within DSSAT and occur when temperature and soil moisture fall within 
predetermined bounds. Similar rules govern fertilizer application, which, based on historical trends, is 
limited to approximately 20 kilograms per hectare. 

Although we model three crops, the CGE models include all crops cultivated in our case study 
countries (see Table A.1 in the appendix). Long-run correlations between historical maize yields and the 
yields of nonmodeled crops are econometrically estimated using panel data with country fixed effects. 
National crop-yield data are taken from FAO (2015) for the 52-year period 1961–2013. The regression 
results are shown in Table A.2 in the appendix. The estimated correlation coefficients are significant and 
explain most of the variation in historical yields. As expected, maize yields are more strongly correlated 
with those of “other cereals” and are weakly correlated with yields of horticultural crops. Percentage 
changes in maize yields from the crop models are multiplied by the estimated correlation coefficients in 
order to derive percentage changes in the yields of other crops. Yield deviations are always smaller for 
nonmaize crops than for maize since the correlation coefficients in Table A.2 are always less than 1. Ours 
is therefore a conservative approach to estimating climate-affected yield shocks on nonmodeled crops. 
The yield deviations from the crop models and regression analysis are imposed on the production 
functions in the CGE models. 

Economywide Models 
Most forecast evaluations use farm models to determine how farmers would reallocate their resources if 
forecast information were made available to them (see Hansen et al. 2011). Farm models typically hold 
prices constant and thus are most appropriate when farmers’ decisions do not influence market conditions. 
Pilot studies in specific locations or involving only a few farmers are more likely to adhere to these 
conditions. However, when forecast information is provided at scale, such as in a national program, the 
collective decision making of farmers may influence prices. Some studies use agriculture-focused 
multimarket models to capture supply and demand interactions. These models are most appropriate when 
changes in agricultural production do not influence nonagricultural production and prices. Agriculture in 

                                                      
6 We obtained the data from the National Centers for Environmental Protection (NCEP) daily reanalysis and refined the 

precipitation values using monthly data from the Global Precipitation Climatology Centre (GPCC). See NOAA (2015). 
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most African countries is a large sector with strong linkages to nonagricultural activities, which supports 
the use of economywide analyses.  

We use a multiperiod variant of the standard static CGE model developed at the International 
Food Policy Research Institute (see Lofgren, Harris, and Robinson 2002). The five country-level CGE 
models used in our study have the same specification and are calibrated to social accounting matrixes 
(SAMs) with the same disaggregation and 2007 base year.7 Therefore, any differences in simulation 
outcomes across the countries are attributable to their unique economic structures and agroclimatic 
conditions.  

Each country’s economy is separated into 36 sectors (see Table A.1 in the appendix). Agricultural 
sectors are further disaggregated across the subnational regions identified in Figure 2.1. Representative 
producers in each sector and region maximize profits subject to input and output prices. Inputs include 
factors (that is, land, labor, and capital) and intermediate inputs (for example, fertilizers, fuels, and trade 
services). Producers’ choice of factors depends on relative factor prices and is determined by a constant 
elasticity of substitution (CES) function. Composite factor inputs are combined with intermediate inputs 
using a fixed-share Leontief function.  

Producers supply their output to national product markets, where it may be exported and/or 
combined with imports. There is imperfect substitution between domestic and foreign goods. A constant 
elasticity of transformation function determines the quantity of domestically produced goods supplied to 
export markets. Similarly, a CES function determines the quantity of imported goods and combines these 
with domestic production for sale in domestic markets. International trade possibilities are important for 
forecast evaluations. Food systems can more readily adapt to climate shocks if, for example, they can 
import food to offset domestic production losses. However, changes in agricultural imports and exports 
affect the availability of foreign exchange. A flexible exchange rate adjusts in the models to maintain a 
constant current account balance. This means that countries cannot pay for food imports by borrowing 
abroad but must instead depreciate the real exchange rate in order to generate export earnings. 
Substitution elasticities for the import and export functions are from Dimaranan (2006). 

Labor markets are segmented by education levels, that is, workers with primary, secondary, or 
tertiary schooling. We separate farm and nonfarm labor in order to capture labor shortages during crucial 
planting and harvesting periods. Workers can reallocate their time across farm activities within regions 
and can migrate between nonfarm job opportunities. Labor is fully employed, and economywide wages 
adjust to equate aggregate labor demand and supply. As described in Section 3, during the first period of 
our simulations, farmers reallocate land across crops using historical or forecast climate information. 
Cropland allocations from the first period are then fixed in the second period, and land earns crop- and 
region-specific returns.  

Factor incomes are paid to households according to their factor endowments. The models include 
10 representative households grouped into rural and urban areas and national per capita expenditure 
quintiles. Households in the model are aggregations of respondents from the national household surveys 
used to build the country SAMs. Household incomes are used to pay taxes according to fixed marginal 
rates and to purchase commodities under a linear expenditure system of demand. Remaining household 
incomes are saved. 

The government is a separate agent in the model. Taxes on products, incomes, and profits are 
combined with fixed transfers from domestic and foreign institutions (for example, foreign aid). These 
revenues are used to pay for public services. Government consumption spending levels are fixed, such 
that fluctuations in tax revenues caused by climate shocks lead to changes in the fiscal deficit. All public, 
private, and foreign savings are pooled and used to finance investment. Investment demand is fixed, and 
households’ marginal savings rates adjust to ensure that total savings equal total investment in 
equilibrium. Taken together, the models’ macroeconomic “closures” are consistent with a short-run 
adjustment mechanism in which the gains or losses from weather and climate shocks and using forecast 
information accrue mainly to households. 
                                                      

7 The SAMs are available online (http://library.ifpri.info/data) or from the authors upon request. 
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The CGE models provide a consistent framework for estimating economywide impacts. The 
models provide a laboratory for experimenting with seasonal events drawn randomly from the historical 
distribution. The crop models and regression analysis estimate yield deviations, and these are imposed on 
the CGE models as a change in crop-level total factor productivity (TFP) within each region. The models 
then track how changes in agricultural production generate spillovers to other sectors and influence the 
incomes of households and governments. In the next section we use the models to measure the economic 
value of forecast information for the full range of forecast skill levels and different assumptions about 
farmers’ confidence in or use of forecast information.  
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5.  SIMULATION RESULTS 

Crop Yield Distributions  
Table 5.1 reports the standard deviations in climate-affected yields derived from crop model results. The 
standard deviations are relative to the historical mean, which is the benchmark for our analysis. They vary 
across crops and regions due to differences in agroclimatic conditions and crop physiologies. In 
Mozambique, for example, the standard deviations in sorghum yields are about three times lower than 
those of maize. This is because sorghum is less susceptible to water stress. Except in Kenya, maize has 
the greatest yield variability, followed by soybeans and then sorghum.  

Table 5.1 Estimated yield variations from crop models  
  Standard deviation in weather-affected 

crop yields relative to historical mean 
(%) 

Country Region Maize Sorghum Soybeans 
     Kenya Center 0.121 0.150 0.247 
 East 0.320 0.176 0.478 
 West 0.115 0.147 0.180 
 South 0.466 0.481 n/a 
     Malawi North 0.235 0.174 0.100 
 Center 0.266 0.121 0.100 
 South 0.248 0.202 0.095 
     Mozambique North 0.215 0.085 0.191 
 Center 0.173 0.045 0.075 
 South 0.311 0.114 0.757 
     Tanzania North 0.280 0.110 0.290 
 Center 0.415 0.101 0.145 
 East 0.358 0.145 0.253 
 West 0.205 0.113 0.147 
     Zambia North 0.203 0.133 0.091 
 Center 0.134 0.088 0.141 
 East 0.152 0.103 0.074 
 South 0.133 0.086 0.139 
     

Source:  East African DSSAT crop models’ results.  

Yield variability also varies across regions within countries. Deviations tend to be highest when 
mean crop yields are lower, that is, when small absolute yield changes can still lead to large percentage 
changes. Southern Mozambique, for instance, achieves lower yields and has greater climate variability 
than the northern parts of the country. Therefore, the standard deviation in maize yields is higher in the 
South than in the North. Within-country variation in the standard deviations of maize yields is highest in 
Kenya and lowest in Malawi. This is partly due to Malawi’s smaller size and more consistent 
agroecology. We expect the economic value of forecasts to be positively correlated with the degree of 
yield variability. 

Baseline Economic Impacts  
In order to estimate the economic value of seasonal forecasts, we must first establish a baseline that 
measures the impacts of historical climate variability in the absence of a forecast. Following the approach 
described in Section 3, we assume that farmers do not have access to forecasts and therefore must allocate 
resources using the historical record. More specifically, the CGE models allocate resources during the 



12 

first period, expecting that the mean historical extreme seasonal event, such as a drought, will be realized 
in the second period. Since the crop models’ yields are normalized to the historical mean, there is no 
change in resource allocations during the first period of the baseline. We then randomly draw a seasonal 
climate event from the historical distribution and impose the corresponding yield deviations on the CGE 
models during the second period, when farm resource allocations are fixed. The models move out of 
equilibrium whenever the randomly drawn seasonal yields do not perfectly coincide with historical mean 
yields. The model then reallocates mobile resources and trade flows until equilibrium is reestablished. 
The gap between the initial and final equilibriums is the economic impact of the seasonal climate event. 
We repeat this stochastic process 300 times in order to generate a value distribution of economic impacts.  

Figure 5.1 reports the deviation in national GDP caused by historical climate variability. The 
figure uses box-and-whisker plots to show the distribution of outcomes, where the boxes indicate 
outcomes within the second and third quartiles, the tails indicate the first and fourth quartiles, and the dots 
are outliers three or more standard deviations from the mean. The mean of the distributions (shown as 
crosses) tends to 0 because the base year of the CGE models is assumed to be consistent with historical 
mean weather.8 Climate variability has the greatest economic impact in Malawi, where there is a 12.6 
percentage point gap in national GDP between the best- and worst-case outcomes across our 300 climate 
events. Impacts are much smaller in Zambia, where the gap between best and worst outcomes is 4.1 
percentage points. Our results are broadly consistent with Pauw et al. (2011) and Thurlow, Diao, and Zhu 
(2012), who estimate 9.1 and 6.6 percent GDP losses during the severe El Niño–related 1991/1992 
droughts in Malawi and Zambia, respectively.  

Figure 5.1 Deviation in national GDP due to historical weather variability 

 
Source:  Authors’ East African CGE models’ results. 

A number of factors explain why the variability is greater in Malawi’s GDP than Zambia’s. First, 
climate has a greater effect on crop yields in Malawi. This is shown in Table 5.1, where the standard 
deviations in yields are almost always larger in Malawi than in Zambia. Yield deviations are also similar 
across Malawi’s subnational regions, implying fewer opportunities to cushion climate shocks through 
internal trade. Second, as shown in Table 2.1, the crop sector is far more important in Malawi, where it 
generates 26.1 percent of GDP compared to Zambia’s 7.4 percent. Shocks to small sectors imply smaller 
effects on national GDP. Having a larger nonagricultural sector also means that there are more off-farm 

                                                      
8 We selected the 2007 base year of the SAMs because it preceded the global economic crisis and weather patterns during 

this year were fairly typical for the region as a whole. 
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job opportunities to smooth agricultural income losses. Third, Malawi has a lower crop diversification 
index, that is, farmers focus on fewer crops. This also reduces Malawi’s ability to reallocate mobile 
resources to crops with smaller negative or larger positive yield shocks. Fourth, a greater share of 
Malawi’s industrial sector is related to agro-processing, so agricultural shocks have larger downstream 
effects. Finally, agriculture is not a major source of export earnings in Zambia, but it is very important in 
Malawi. This means that shocks to agricultural exports have a smaller effect on Zambia’s exchange rate 
and hence smaller knock-on effects on other exports and import-competing sectors.  

In our sample, Kenya’s and Zambia’s economies are the least susceptible to the effects of climate 
variability, followed by the economies of Mozambique, Tanzania, and Malawi. This ranking depends on 
countries’ unique economic structures. Mozambique and Tanzania, for example, face high weather-
induced yield variability and have large agricultural sectors. However, while agricultural exports are more 
important for Tanzania than for Mozambique, Tanzania also has a more diverse cropping system and is 
thus more adaptable to climate shocks. The importance of economic structure underscores the need for 
economywide evaluation methods, particularly in low-income agrarian economies like those in East 
Africa.  

Valuing Forecasts of Different Skill Levels  
With the baseline established, we can now introduce seasonal forecasts and estimate to what extent these 
offset the effects of climate variability. We still randomly draw yield deviations from the historical 
distribution and impose these on the CGE models during the second simulation period. In the first period, 
however, farmers now base their resource allocation decisions on forecast information. In the unlikely 
event that a forecast matches the historical mean, then, as in the baseline, farmers do not reallocate 
resources, because the base year of the CGE models is already consistent with the historical mean. When 
forecasts do not match the historical mean, then farmers reallocate resources, causing the CGE models to 
move out of equilibrium. The models then search for a new equilibrium in which resources—all of which 
are mobile—are optimally allocated for forecast seasonal climate conditions. 

During the second period, we fix the resource allocations from the first period and impose the 
randomly drawn seasonal climate event. If this event was correctly forecast, then resources were 
optimally allocated during the first period. If the event was not accurately forecast, then the resource 
allocation from the first period is suboptimal and the models must find new equilibriums, but with farm 
resource allocations fixed. The gap between the baseline and forecast equilibriums at the end of the 
second period is the effect of using forecasts. Note that when evaluating forecasts, we use the same 300 
random climate events from the baseline. This means that any difference in outcomes between the 
baseline and forecast scenarios is solely attributable to the use of forecast information and not to changes 
in the underlying climate realizations.  

Figure 5.2 reports the distribution of national GDP gains (in millions of 2007 US dollars) from 
using forecasts of different skill levels. A perfect forecast (𝑠𝑠 = 1) never generates a loss in GDP relative 
to the baseline, that is, the lower “whiskers” in the figure lie at or above 0. This is because there is a 
single optimal resource allocation for any given weather event, and this can only be achieved during the 
first period when all resources are mobile. Only when the forecast and realized seasonal climate events 
match the historical mean are there 0 GDP gains relative to the baseline.  
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Figure 5.2 National GDP gains from using weather forecasts of different skill levels 
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Figure 5.2 Continued 

 

 
Source:  Authors’ East African CGE models’ results. 

Forecasts allow farmers to minimize losses and maximize gains, so they have the greatest value 
during extreme climatic events, be they adverse or favorable. The largest outlier in Kenya, for example, is 
a US$145 million GDP gain from using a perfect forecast during a climate event that is particularly 
favorable for the countries’ main agricultural regions. This is, however, a low-probability event, and the 
next-largest outlier generates only US$89 million in GDP gains. Most gains are well below these two 
extremes. Over the 300 simulated climate events, our models estimate that using perfect forecast 
information in Kenya generates an average annual US$23 million in GDP gains relative to the baseline. 
Large positive outliers bias the mean upward; the median event generates only US$18.6 million in GDP 
gains. 

Figure 5.2 shows how gains fall when forecast skill declines. In fact, in certain cases it would 
have been better for farmers to have allocated their resources according to historical mean climate rather 
than use the forecast. More specifically, there is a decline in GDP relative to the baseline whenever the 
historical mean is closer than the forecast to the randomly drawn seasonal climate event. The likelihood 
of this occurring increases as forecast skill declines, leading to more of the distribution with negative 
GDP gains. When forecast skill is 0, the forecast and realized events are completely independent draws 
from the historical distribution. At this point, there is no expected gain from using forecasts, that is, the 
mean of the “no skill” forecast distribution (𝑠𝑠 = 0) is 0.  
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There are costs, however, to using a “no skill” forecast even though there is no change in mean 
GDP relative to the baseline. As shown in Figure 5.2, there is variation in GDP outcomes relative to the 
baseline when forecast skill is 0. This implies that using a “no skill” forecast exacerbates the economic 
effects of climate variability beyond the baseline effects shown in Figure 5.1. Farmers could have reduced 
the effects of climate variability without reducing expected GDP by using historical climate rather than 
the forecast to inform their resource allocation decisions. Farmers (and governments who sponsor the 
provision of forecast information) need to decide at what point the downside risks of using a less-than-
perfect forecast outweigh the expected gains. This assessment would incorporate the inherent risk 
aversion of small-scale farmers operating in rainfed environments, resulting in even lower gains. This will 
determine the minimum skill required to achieve an acceptable level of risk.  

Table 5.2 summarizes key statistics from Figure 5.2 for a “perfect skill” forecast (𝑠𝑠 = 1). The 
absolute economic value of using forecast information varies across countries. Mean GDP gains are 
lowest in Malawi even though climate variability causes large fluctuations in this country’s national GDP 
(see Figure 5.1). In contrast, forecasts are more valuable in Kenya, where exposure to variability is lower. 
This can be explained by differences in the value of agricultural production in these countries. As shown 
in Table 2.1, the amount of agricultural GDP generated per hectare of arable land is four times higher in 
Kenya than in Malawi (that is, US$1,241 versus US$352). Information that allows farmers to optimally 
allocate their lands in advance of a climate event is therefore more valuable in absolute terms in Kenya. 
In relative terms, however, Malawi’s economy is almost 10 times smaller than Kenya’s, and thus the 
gains from using a perfect forecast as a share of total GDP are almost three times higher in Malawi than in 
Kenya (that is, 0.19 percent versus 0.07 percent). The absolute and relative value of a perfect forecast is 
even higher in Tanzania because the country has both valuable agriculture and relatively large adverse 
impacts from climate variability.  

Table 5.2 Average GDP gains from using perfect-skill forecast information 
 Annual increase in national GDP relative to  

historical weather-affected baseline 
Variable Kenya Malawi Mozambique Tanzania Zambia Together 
       US$ million  23.02 7.04 23.55 50.51 8.81 112.94 
   Share of total GDP (%) 0.07 0.19 0.26 0.23 0.06 0.14 
   PPP-adjusted mean 61.89 15.99 44.73 173.72 20.75 317.08 
   3rd-quartile value 31.52 9.33 32.09 64.80 11.14 148.89 
   Maximum value 144.75 47.56 81.16 167.49 52.14 493.10 
             US$ per hectare  4.34 2.35 4.91 5.05 2.99 2.94 
   PPP-adjusted 11.68 5.33 9.32 17.37 7.04 8.27 
             US$ per capita  0.61 0.51 1.06 1.23 0.73 0.60 
   PPP-adjusted 1.64 1.17 2.02 4.22 1.71 1.68 
       
Source:  Authors’ East African CGE models’ results. 
Notes:  PPP is purchasing power parity. We reported the sum of 3rd quartile and maximum values across countries, but the 

underlying weather events are unlikely to occur concurrently in all countries. 

The models estimate that the average GDP gain from using perfect forecast information is 
US$113 million per year across the five countries (see Table 5.2). This is equivalent to about US$3 per 
hectare of arable land. In their survey of the literature, Mesa, Hansen, and Osgood (2008) report findings 
from 30 studies that measure the value of forecasts for cereal farmers at various locations within the 
United States. The mean “expected value of forecast information” across these studies is US$7.33 per 
hectare, with a median value of US$2.24 per hectare.9 If we account for differences in purchasing power 
parity (PPP) between the United States and East Africa, then the value of using perfect forecast 
                                                      

9 Note that the studies were conducted in different years and for different kinds of forecasts and thus provide only a broad 
indication for comparison purposes. 
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information in our case study countries is US$8.27 per hectare. Our estimates are therefore of a similar 
magnitude to those in other studies that also focus on cereal-dominated agricultural systems.  

Using perfect forecast information increases per capita GDP by US$1.68 per year (PPP-
adjusted). This increase ranges from US$4.22 per capita in Tanzania to US$1.17 per capita in Malawi. 
Although fairly small, these benefits should be interpreted in light of the fact that 45.7 percent of the 
population in our case study countries lives on less than US$1.25 per day (see Table 2.1).  

The benefits of having forecast information are not evenly distributed across households. Figure 
5.3 reports average annual percentage gains in per capita private consumption spending. Benefits 
generally accrue to poorer households that are more likely to engage in farming. Higher-income 
households in Zambia, for example, are far more likely to earn incomes in the country’s large mining and 
services sectors. The opposite is true for Malawi, whose 85 percent rural population share (see Table 2.1) 
means that at least some top-quintile households are directly or indirectly linked to agriculture. Crop 
diversification among poorer Malawian farmers is also extremely low, meaning that they cannot easily 
adapt to weather shocks and hence take advantage of forecast information.10 Nonetheless, low-income 
households’ welfare still rises in Malawi. Thus, our results suggest that providing forecast information is 
a “pro-poor” investment.  

Figure 5.3 Average household consumption gains from using perfect-skill forecast information 

 
Source:  Authors’ East African CGE models’ results. 

Forecast Skill versus Farmer Coverage 
The above analysis examined how skill levels influence the potential economic value of seasonal 
forecasts. In the extreme case, we considered the value of a perfect forecast. This is impossible to achieve, 
especially if governments need long lead times in order to get information to farmers and for farmers to 
use that information. The longer the required lead time, the lower the forecast skill is likely to be. Even 
with advances in radio and mobile phone technologies, there are increasing marginal costs to reaching 
farmers in remote locations in East Africa.11 Since resources for forecast information systems are scarce, 
there is a trade-off between investing in forecast skill and farmer coverage, especially in the early stages 
of establishing forecast systems. This trade-off is reflected in the literature, with emphasis given to either 
improving forecast skill or providing information to farmers (see Hansen et al. 2011). However, the 
                                                      

10 Other factors not included in our models may also constrain farmers in poorer countries like Malawi, such as low 
education levels and limited access to drought-tolerant seeds. 

11 See Hansen et al. (2011) on the potential for new technologies to reduce marginal costs and on the benefits of face-to-face 
communication with smallholder farmers. 
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alternative of focusing capacity building on extension agents combined with mobile phone technology for 
farmers is expected to gradually reduce the remaining time gap. We conclude our analysis by quantifying 
these trade-offs and providing a more policy-relevant value space to inform investment decisions. 

As discussed in Section 3, we can vary the share of farmland in the CGE models that uses 
forecasts to allocate resources. This defines our “coverage rate.” Figure 5.4 reports mean annual GDP 
gains from using forecast information summed across our five case study countries. The horizontal axis is 
the coverage rate and the dotted lines are different forecast skill levels. As discussed earlier, the mean 
gain in GDP relative to the baseline is 0 when forecast skill is 0, regardless of the coverage rate. The 
maximum gain in the figure occurs for a perfect forecast (𝑠𝑠 = 1) with 100 percent coverage and 
corresponds to the values in Table 5.2. When the coverage rate is 0, then all resources are allocated using 
historical mean climate rather than the forecast. This is our “no forecast” baseline, and therefore GDP 
gains relative to the baseline are 0. 

Figure 5.4 Regional GDP gains by forecast skill and coverage rates 

 
Source:  Authors’ East African CGE models’ results. 
Notes:  Combined mean gains from Kenya, Malawi, Mozambique, Tanzania, and Zambia. 

GDP gains rise almost proportionally with forecast skill and coverage rates. The marginal gain 
from increasing coverage is low when forecast skill is low. For instance, our results suggest that there is 
little economic incentive to expand farmland coverage if forecast skill is less than 0.2 (unless perhaps the 
marginal cost of reaching the next farmer is extremely low). In this case, investment spending should be 
directed toward improving skill rather than coverage. The current maximum achievable skill should 
therefore determine whether investments to expand coverage are preferable to investments in skill. 
Various hindcast studies for East Africa estimate that forecast models achieve maximum skill levels 
within the 0.4 to 0.7 range (with lead times of multiple months) (see, for example, Bahaga et al. 2015; 
Martin, Washington, and Downing 2000; Hansen et al. 2011).  

One consideration not factored into our estimates of GDP gains is the financial and opportunity 
costs of generating and disseminating forecast information. Our results provide only cost thresholds 
beyond which investments in forecast information systems no longer generate positive financial returns. 
Of course, if governments adopted a “precautionary principal”—by attaching greater weights to extreme 
negative outcomes—they may be willing to accept lower average annual returns on investments if it 
means being able to mitigate the effects of extreme climate events. This approach greatly increases the 
economic value of forecast information. In Malawi, for example, the maximum value of using a perfect 
forecast during the worst-case weather event is US$47 million. This is well above the US$7 million 
average annual GDP gain. 
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Comparing Simulated and Observed Outcomes 
It is difficult to directly compare model results to observed outcomes, because climate variability is one of 
many factors determining year-on-year changes in economic variables. However, we can compare our 
results for extreme climate events whose impacts are large enough to appear in national time series data. 
Pauw et al. (2011) and Thurlow, Diao, and Zhu (2012) used CGE models to study a major drought that 
occurred in Malawi and Zambia in the 1993/1994 season. This drought occurred in the absence of an El 
Niño event. We did not explicitly model this drought, but since it was the worst on record, we can 
compare outcomes to our “worst-case” scenarios. Table 5.3 reports observed and simulated changes in 
maize production and agricultural GDP. 

Table 5.3 Simulated versus observed outcomes during a major drought year 
 Maize changes (%) Change in 

agricultural GDP 
(%) Variable 

Yield 
(mt/ha) 

Harvested 
land (ha) 

Production 
value (US$) 

     Malawi, 1994/1995 drought     
   Observed year-on-year change  -39.9 -14.9 -48.9 -28.9 
   Pauw et al. (2011) estimate -44.1 0.0 -44.2 -18.8 
   Our estimate without forecast  -44.0 0.0 -43.8 -18.5 
   Our estimate with forecast  -44.0 -35.7 -64.9 -15.8 
     Zambia, 1994/1995 drought     
   Observed year-on-year change -40.4 7.3 -36.1 -18.9 
   Thurlow, Diao, and Zhu (2012) 
estimate -41.2 0.0 -41.7 -22.7 
   Our estimate without forecast  -40.8 0.0 -41.8 -11.3 
   Our estimate with forecast  -40.8 -15.7 -48.4 -10.5 
     

Source:  Authors’ calculations using FAO (2015) and East African CGE models’ results. 
Note:  Although we do not explicitly simulate the 1994/1995 drought, this is one of the worst seasons on record for Malawi and 

Zambia, and thus we report our worst-case scenario.  

The declines in national maize yields in the observed and simulated seasons are similar, at around 
40 percent, suggesting that we are considering drought events of similar magnitude. As in our study, 
Pauw et al. (2011) and Thurlow, Diao, and Zhu (2012) did not allow baseline land allocations to change, 
as it was assumed that farmers received no warning about the drought. In reality, there was some land 
reallocation. In Malawi, for example, harvested maize land declined by 7 percent relative to the 
1992/1993 season. That being said, the net effect of yield and land use changes on the real value of maize 
production is quite consistent between observed and simulated seasons. This suggests that our estimated 
impacts are correctly bounded by the extremes in the historical record. Our models, however, generate 
smaller agricultural GDP losses than those observed. This is because the structure of agriculture changed 
between the early 1990s and the 2007 base year of our CGE models. In Malawi, for example, maize is far 
less important today than it was two decades ago, and thus maize shocks have smaller implications for the 
overall agricultural sector (see Pauw et al. 2011). Similar changes occurred within Zambia, leading to 
smaller-than-observed losses.  

The table also compares outcomes with and without the use of information from a perfect 
seasonal forecast. We estimate that, without a forecast, Malawi’s agricultural GDP is 18.5 percent lower 
as a result of the drought, but that it is only 15.8 percent lower when the forecast is used. Even with 
perfect foresight it is not possible to avoid all the damages caused by major droughts (or from climate 
variability more generally). Only about 15 percent of the total loss in agricultural GDP in Malawi is 
avoided by using a perfect forecast, and the share is even lower in Zambia, at 7 percent.  
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Forecasts reduce damages by informing the reallocation of land between crops. In our worst-case 
scenario, the forecast information is used as the basis for reallocating a third of Malawi’s maize land to 
other crops. Although this is twice the observed change in harvested maize land (see Table 5.3), it is 
similar in magnitude to the land reallocation that occurred in Malawi in 2006/2007, when maize land 
declined by 31.1 percent over a single season. Note that, unlike in the historical record, the simulated land 
reallocation reported in the table assumes that farmers receive and use a perfect seasonal forecast. We are 
therefore confident that the land reallocations taking place within the Malawi model are within a plausible 
range. The simulated land reallocation is far less pronounced in Zambia, in part because the country is 
larger and therefore its regions are less likely to experience concurrent droughts (see Thurlow, Diao, and 
Zhu 2012).  

The above comparison suggests that our results lie within the range of outcomes observed in the 
historical record and that they are consistent with those from earlier studies. Overall, we find that, while 
forecast information is not a panacea, it can significantly reduce the economic costs of climate variability.  
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6.  CONCLUSIONS 

There is renewed interest in using seasonal forecasts to mitigate the effects of climate variability in 
developing countries (Mesa, Hansen, and Osgood 2008). Most studies that evaluate forecasts in Africa are 
conducted at the farm level and for specific locations (Hansen et al. 2011). These studies generally 
support scaling up investments in Africa’s seasonal forecast systems. Yet, to our knowledge, ours is the 
first study to quantitatively measure the expected benefits of implementing forecast systems at scale in 
Africa. Still, further research is needed to improve forecast accuracy and the dissemination of information 
to smallholder farmers (Doblas-Reyes et al. 2013). One downside to farm-level studies that assume 
exogenous prices is that agriculture in Africa is a large sector with strong macroeconomic linkages. This 
is one reason why forecasts are expected to have high economic value in East Africa. For the same 
reason, however, evaluating national forecast systems in low-income African countries requires 
economywide analysis, rather than the farm- or market-level analysis that suffices in more developed 
countries.  

In this paper we presented an economywide approach to estimating the potential economic value 
of seasonal forecasts in five East African countries. This approach combined detailed computable general 
equilibrium models and process-based crop models and is well suited to data-sparse low-income country 
contexts. Our stochastic weather and forecast analyses used historical climate data and preserved spatial 
and inter-crop correlations in climate patterns. Our simulation framework allowed us to experiment with 
random climatic events, forecasts of varying accuracy, and varying levels of farmer coverage.  

We found that, on average, having a perfect forecast adopted by all farmers generates regional 
GDP gains of US$113 million per year (or US$3 per hectare) relative to a “no forecast” baseline. This is 
equivalent to US$317 million per year (or US$8 per hectare) after adjusting for the greater purchasing 
power of US dollars in African countries. These values indicate upper-bound cost thresholds beyond 
which investments in forecast information systems would not generate positive returns. Given financial 
constraints, there are definite trade-offs between investing in forecast skill and in expanding farmers’ use 
of forecast information, especially during the early stages of establishing national forecast systems.  

Forecasts are typically more beneficial for poorer households because they are more likely to be 
engaged in farming. However, the value of forecasts is determined not only by climate’s effects on crop 
yields but also by countries’ economic structures. For example, forecast value is higher in countries like 
Kenya and Tanzania, where agricultural exports generate more than half of national export earnings. In 
these countries, forecasts smooth not only household incomes but also climate-induced fluctuations in real 
exchange rates and nonagricultural trade and employment. Forecasts are also more valuable in countries 
with larger downstream agro-processing sectors. These findings underscore the contribution of 
economywide evaluation methods.  

Our study could be usefully extended in at least three areas. First, our comparative static models 
did not consider how households might use assets to smooth climate shocks—a dynamic model is needed 
to accommodate such features. Nor did we account for the lasting effects of asset depletion, such as the 
long-term impact of droughts on individuals’ health and productivity. Second, we did not consider 
possible serial dependence in annual weather patterns (that is, the occurrence of a drought could increase 
the likelihood of a drought in the subsequent year). Again, a dynamic model could capture the 
compounding effects of sequential shocks, which would influence the value of seasonal forecast 
information. Third, we did not consider how seasonal forecasts might facilitate the use of new crop 
technologies over the longer term, such as supplementary irrigation and changes in fertilizer use and seed 
varieties. Finally, we focused on crops and did not consider improvements in livestock management, 
where practices such as changes in feed management and stock management are common (Bryan et al. 
2013). Similarly, we did not consider how forecasts might benefit nonagricultural sectors. Extending our 
models to address these limitations would likely increase the value of seasonal forecasts. However, even 
our more “conservative” analysis indicates that seasonal forecasts could generate significant economic 
value in East Africa.  
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APPENDIX:  SUPPLEMENTARY TABLES 

Table A.1 Structure of the economywide models 
Sectors  
(35) 

Maize; Other cereals (mainly sorghum and millet); Root crops (cassava and potatoes); Pulses and 
oilseeds (mainly beans and groundnuts); Horticulture; Tobacco; Cotton; Sugarcane; Other crops 
(mainly tea, coffee, and cut flowers); Livestock; Forestry; Fisheries; Mining; Meat, fish, and dairy; 
Grain milling; Sugar refining; Other foods and beverages; Tobacco curing; Cotton ginning; Textiles, 
clothing, and leather; Wood, paper, and publishing; Petroleum products; Other chemical products; 
Nonmetallic minerals; Metal products; Machinery and equipment; Other manufacturing; 
Construction; Electricity and water distribution; Trade services, hotels, and catering; Transport and 
communication; Financial services; Business services and real estate; Government services; Other 
services. 

  Factors  
(16) 

Four education-based labor categories (not completed primary school; completed primary school; 
completed secondary school; completed tertiary qualification). Five regional croplands. Five 
regional livestock stocks. Two capital categories (agriculture; nonagriculture).  

  Households 
(30) 

Representative households separated into rural and urban areas and nationally defined per capita 
expenditure quintiles. Rural households further divided across five regions. 

Source:  Authors’ description of the East African SAM and CGE models’ accounts. 

Table A.2 Crop yield correlations with maize yields, 1961–2013 
Crop Coefficient (t-statistic) R2 N 
Other cereals 0.540 (13.23)* 0.62 265 
Root crops 0.253 (4.80)* 0.98 265 
Pulses and oilseeds 0.152 (5.02)* 0.94 265 
Horticulture 0.081 (2.10)** 0.98 265 
Tobacco 0.223 (2.88)* 0.27 265 
Cotton 0.210 (3.57)* 0.48 263 
Sugarcane 0.598 (8.73)* 0.99 253 
Other crops 0.328 (7.86)* 0.79 257 

Source:  Authors’ calculations, based on FAOSTAT data (FAO 2015). 
Notes:  * and ** indicate significance at the 1% and 5% level, respectively.  Cross-country crop-level regressions include 

country fixed effects (not shown). 
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