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ABSTRACT

While agricultural production statistics are reported on a geopolitical — often national -
basis we often need to know the status of production or productivity within specific sub-regions,
watersheds, or agro-ecological zones. Such re-aggregations are typically made using expert
judgments or simple area-weighting rules. We describe a new, entropy-based approach to
making spatially disaggregated assessments of the distribution of crop production. Using this
approach tabular crop production statistics are blended judiciously with an array of other
secondary data to assess the production of specific crops within individual ‘pixels’ — typically 25
to 100 square kilometers in size. The information utilized includes crop production statistics,
farming system characteristics, satellite-derived land cover data, biophysical crop suitability
assessments, and population density. An application is presented in which Brazilian state level
production statistics are used to generate pixel level crop production data for eight crops. To
validate the spatial allocation we aggregated the pixel estimates to obtain synthetic estimates of
municipio level production in Brazil, and compared those estimates with actual municipio
statistics. The approach produced extremely promising results. We then examined the robustness
of these results compared to short-cut approaches to spatializing crop production statistics and
showed that, while computationally intensive, the cross-entropy method does provide more
reliable estimates of crop production patterns.

Key Words: Entropy, cross entropy, remote sensing, spatial allocation, production, crop
distribution
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ASSESSING THE SPATIAL DISTRIBUTION OF CROP PRODUCTION
USING A CROSS-ENTROPY METHOD

Liangzhi You and Stanley Wood'

1. INTRODUCTION AND RATIONALE

Internationally comparable series of annual crop production data are available at a
national scale from FAO and USDA. While very rich in their commodity coverage, these
data give no clue as to the geographic distribution of production within country
boundaries. Periodic attempts at compiling sub-national data have been made by, for
example, centers of the CGIAR (e.g., Carter et al. 1992; CIAT 1996; CIP 1999; Ladha et
al. 2000; ILRI 2001; IFPRI 2001), by FAO (Gommes 1996), and by the Famine Early

Warning System (FEWS) in parts of Africa (http://www.fews.net). With the exception of

the on-going mandate of FEWS to compile sub-national agricultural production and
market data in many parts of sub-Saharan Africa, all of these were limited, one time
efforts. The enormous gaps in the geographic, time period, and crop coverage of sub-
national data collections are unlikely ever to be filled. But even where sub-national data
are available, they are often still inadequate in terms of providing sufficient spatially
disaggregated insights into the location of production. Obtaining sub-national agricultural
production data for, say, Lampung province in Indonesia, the state of Rondonia in Brazil,
or the Valle de Cauca department in Colombia, would still reveal nothing about spatial
variability of production within those areas of many thousand square kilometers. Yet to

compile all such data globally, or even regionally, represents a formidable data discovery

' Liangzhi You and Stanley Wood are Senior Scientist and Scientist respectively in the Environment and
Production Technology Division at the International Food Policy Research Institute in Washington, DC.



and harmonization challenge.2 To address this situation, the approach described in this
paper seeks to generate plausible estimates of the distribution of crop production at the
scale of individual pixels (notionally of arbitrary scale but in this application of some 80
km?), through judicious triangulation amongst a range of accessible evidence. If spatial
disaggregations can be made with some confidence, we remove one of the major
analytical weaknesses of meso- and macro-scale agricultural studies — the inability to
objectively re-aggregate production statistics into any other geography than the national
or sub-national administrative boundaries for which published statistics exist. This has
been a thorn in the flesh of the most attempts to analyze production and productivity by
agro-ecological zones or watersheds, e.g., the agricultural research priorities study of
Davis, Oram, and Ryan (1987), the CGIAR’s Regional AEZ strategies of the 1990s (TAC
1992), the global food perspective studies of FAO (Alexandratos 1996; Bruinsma 2003),
and IFPRI (Rosegrant et al. 2001), and agroecosystem assessments (e.g., Wood,
Sebastian, and Scherr 2000).

With proper ground-truthing it is technically feasible to discriminate the
cultivation of some types of crops or production systems, such as paddy rice, plantations,
and orchards, using high-resolution satellite imagery. In temperate regions it is also easier
to detect areas under annual crop cultivation that lie fallow during the cold/dry seasons.
But national land cover mapping studies usually discriminate only “cropland” at best, and
instead focus on the delineation of types and sub-types of “natural” ecosystems that are

often more homogeneous over larger physical extents, and of more direct interest to the

2 A particular challenge is to compile regional estimates of the spatial variation of crop production using
national agricultural surveys and censuses. While such surveys typically allow for greater spatial resolution
of crop distribution, the sampling frameworks employed still limit the spatial scale at which results can be
generated within acceptable levels of statistical confidence, and they are seldom carried out at less than ten
year intervals.



forestry, wildlife, or environmental agencies who usually undertake such work. The
global 1km land cover database (IGBP 1998) does contain some crop-specific
agricultural land cover interpretations in its regional and pre-classified background data
(the Seasonal Land Cover Regions), but they are few and inconsistently applied. This
global dataset does, however, provide a relatively detailed picture of where
(undifferentiated) croplands may be found, and this serves as the first approximation of
the spatial boundaries within which our crop-specific distribution takes place.

Figure 1--The task of spatial crop allocation
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Figure 1 shows, diagrammatically, the challenge faced by the spatial allocation
approach. The bold closed-curve shows the boundary of the geographical area within
which we wish to make a plausible assessment of the spatial patterns of production of
individual crops. These areas are typically the administrative (geopolitical) statistical
reporting units (SRUs) for which we have been able to obtain production statistics, and
may be national or sub-national e.g. states, departments, districts, or counties. The SRU is
divided into many grid cells (pixels) whose actual sizes depend upon the resolution of
key spatial data layers such as land cover, but that typically range from 500m x 500m to

10km x 10km for regional studies. Armed with production statistics for each SRU, the



task of the spatial allocation model is to distribute the reported production of individual
crops amongst the pixels so as to best imitate the “real-world” production geography.
Some pixels may be allocated no crops, others only a single crop, while the remainder
will contain multiple crops.

The paper is organized as follows. The next section describes the types of
information we use in the spatial allocation process. Section 3 introduces the allocation
approach — the cross-entropy method. In this section we first introduce the entropy
concept, and then describe the spatial allocation model in detail. Section 4 applies our
model to data compiled for Brazil, a very large and agroecologically diverse country. We
then describe the application of the model and evaluate the accuracy of the allocation
results. In addition, we also compare the current model with simpler crop allocation
methods. Section 5 discusses the results and describes on-going efforts to further develop

the spatial allocation model.

2. INFORMATION USED TO ASSESS THE SPATIAL DISTRIBUTION OF
PRODUCTION

The goal of the allocation is to spatially disaggregate SRU tabular statistics and
assign them to specific “pixels” within a gridded map of the SRU. The information used
to guide the spatial allocation comes in various forms.

1. Crop production statistics. The data include the harvested areas, production, and
average yield for each crop being included in the allocation exercise. This tabular
data is derived from international or national sources (e.g., FAOSTAT for
national SRUs, national statistical yearbooks for first administrative level SRUSs,

and agricultural surveys for second level SRUs)



2. Production system structure. Agricultural production is diverse in terms of
farming technology and the scale of the farm enterprise. Commercially-oriented
farmers tend to use more and higher quality production inputs such as high-
yielding varieties, mechanization, irrigation, fertilizers, pesticides, credit and
market information, while subsistence farmers often rely only on traditional
cultivars, manual labor, and limited application of organic nutrients. The intent of
partitioning the reported crop production amongst production system types is to
provide some criteria that may help guide the assessment of specific production
locations and yield variability within the SRU. Information is gathered to allow
the partitioning of total reported production into three components: irrigated,
rainfed — commercial, and rainfed — subsistence. Information to support the
partitioning of production for each crop and for each SRU is gathered on an ad
hoc basis from a diverse mix of sources such as small-scale and farming system
studies, country reports, agriculture survey data and often expert opinion.

3. Cropping intensity. Most production statistics report crop areas in terms of the
area harvested. From a spatial allocation perspective and for consistency with
satellite-derived estimates of cropland, we must convert harvested to physical
crop areas. Cropping intensity is defined as the ratio of the harvested area to the
physical area on which crops are grown, usually in the context of an annual
cropping cycle. For example the irrigated rice fields of a region might be planted
twice and produce two crops per year. Thus the 100,000 hectares of harvested rice
reported for the SRU are obtained from just 50,000 hectares of land. Similarly,

maize and beans may be grown in a single season rotation. Thus 50,000 hectares



of maize-bean fields will produce 50,000 hectares of both maize and beans during
a given year. For each crop we assess the likely cropping intensity based on
available secondary data and expert opinion.

4. Cropland extent: We reclassify available satellite-derived land cover imagery so
as to better assess the likely share of cropland in each individual pixel. Land cover
is the most important source of data for identifying the geographic areas within
which the crop allocation takes place. By default crop production is only allocated
within the extent of cropland.’.

5. Biophysical Suitability for Crop Production. The patterns and intensities of crop
production are influenced, often significantly, by biophysical conditions. There
are many ways to assess the biophysical suitability of a given location for crop
production; from simple rules of thumb based on a single factor such as annual
rainfall, to crop-specific process models that simulate crop growth on a daily basis
using many climate, soil, plant, and management variables. For our purposes we
adopted a globally consistent assessment approach initially developed by FAO
(1981). FAO developed sets of crop-specific rules that used location-specific data
on elevation, temperature, and rainfall data in order to assess the agro-climatic
suitability of fifteen globally-important crops under low- and high-input rainfed
conditions (FAO, 1981). This approach has since been extended in many ways
including; irrigation as well as rainfed suitability, additional crops, consideration
of the influence of slope and soils, and progressively more elaborate suitability

assessment algorithms (FAO 1984, FAO/IISA 2000). We utilized the most recent

* There is sometimes a need to relax this constraint if the statistical data call for more cropland to be found
than is depicted in the land cover data. Thus, we treat the statistical data as having a higher level of
confidence than the land cover data.



versions of the crop suitability data available as a 5 minute (approximately
9kmx9km) grid globally (Fischer et al. 2000). From this dataset we utilized the
irrigated, “high” input/technology rainfed, “low” input/technology global crop
suitability data that include both suitable areas and potential yields.

6. Existing crop distribution maps. Any existing mapped data of the spatial
distribution of individual crops based on direct field observation is a very valuable
information source. Our “a priori” assessment of the likely distribution of
individual crops is given a high weight in the allocation procedure. Thus, any
credible source of information on existing crop distribution, even if it is only
partial in its geographic coverage, helps improves our “priors” and ultimately the

final allocation outcomes.

3. CROSS ENTROPY APPROACH

All the above information can be brought to bear on the spatial allocation of
agricultural production in one way or another. But we need an analytical approach that
can utilize all such information, while recognizing that each piece may be limited,
partially correct, and sometimes conflicting with other input data sources. Golan, Judge
and Miller (1996) proposed various estimation techniques based on the principles of
entropy to tackle such problems. Zellner (1988) described the advantage of the entropy
approach as satisfying the “information conservation principle”, by neither ignoring any
relevant input information nor injecting any false information (Robinson et al. 2000).
This principle is highly compatible with our triangulation approach.

Specifically, the spatial allocation model uses a cross entropy (CE) approach that

allows for the inclusion of prior knowledge about actual crop distribution or about factors



that influence such distribution. Using this methodology to disaggregate crop production
statistics within any particular SRU, it is straightforward to apply constraints that ensure
that allocated crop areas are non-negative and that they sum up to the total area reported
for each crop for the entire SRU. The approach is also flexible in supporting the inclusion
of additional equality or non—equality constraints that reflect the distribution of factors

influencing the spatial patterns of crop production.

INFORMATION ENTROPY

The cross entropy formulation is based upon the entropy concept in information
theory originated by Shannon (1948). For a given probability distribution { p;, p», ...,

Pr}, Shannon’s information entropy (amount of information) is defined as

k
(1) H(p17p2a"'apk):_zpilnpi

i=1
where /n0=0 by convention, which means zero probability yields zero information.

Jaynes (1957) proposed a principle of maximum entropy to identify an unknown
distribution of probability from given moment constraints. Kullback (1959), Good (1963)
introduced the notion of cross-entropy, CE, which is a measure of the discrepancy
between the two probability distributions, say p;and g;.

k k k
CE(pPysPys--sPisq1592-+591) = zpi 1n(pi /qi) = Zpi lnpi _Zpi lnql'
(2) i=1 i=1 i=1

k
:_H(pppz"")pk)_zpilnqi

i=1
The cross entropy minimization approach provides a model formulation in which

the discrepancies between p and its prior, q, are minimized subject to certain constraints.



SPATIAL ALLOCATION MODEL

Here we define our spatial crop allocation problem in a cross entropy framework.
We first convert the reported harvested area, HarvestedArea; for each crop, j, into an
equivalent physically cropped area, CropArea;, using an estimated average cropping
intensity, Cropping Intensity;.

(3a) CropArea, = HarvestArea ; | Croppinglntensity ,

To capture some measure of the heterogeneity of production we distinguish
amongst different types of production systems. Different farmers might produce crops
using quite different levels and mixes of production inputs, and these differences have
important consequences for crop performance. In the current model, we allow for each
crop to be disaggregated into three distinctive production systems , namely; irrigated,
high-input rainfed, and low-input rainfed (e.g. total rice production is split into irrigated
rice, high-input rainfed rice and low-input rainfed rice shares). These three types of
production system were selected so as to correspond with the assumptions used to derive
the three crop suitability surfaces described above. Let s;; be the share of the cropped area
of crop j in production system, /, allocated to pixel i, and since CropArea; is the total
physical area for crop j, the area allocated to pixel i for crop j, 4, is

(3b) A, = CropArea; x Shareﬂ XSy
where Share; is the share of total physical area for crop j in production system /.

In general we have some prior knowledge or intuition about crop-specific area
distributions. Let 7; represent our prior assessment of the area shares pixel i and crop j in
production system /. The prior can be based upon an examination of existing crop

distribution maps, on expert judgement, or any other information deemed relevant. For
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example, one could generate a crop distribution a priori using the biophysical and social-
economic attributes of each location. The minimum cross entropy formulation seeks to a

derive a set of area shares s;;, such that

(4) MIN  CE(sy.my) =22 s;lns;, =3 > s, Inx,
i1 ijol

sy b

subject to:

) sy =1 Vjvi

(6) ZZCropAreaj x Share,, x s, < Avail, Vi
Tl

@) CropArea; x Share, x s, < Suitable,, ViVjVI

®) 125,20 Vi,j,l

where:

i:i=1, 2 3, .., are the pixel identifiers within the SRU,
jij=1 2,3, .., are the crop identifiers,

I: | = irrigated, rainfed-high input, rainfed-low input, are the specific production system
conditions under which each crop might be produced.
Avail;: total cropland in pixel 7, as estimated from land cover data described in the
previous section.

Suitable;;: the suitable area for crop j at input level / in pixel i, extracted from the
FAO/ITIASA global crop suitability surfaces described in the previous section.

The objective function for the spatial allocation model is defined so as to
minimize the cross entropy measure between the estimated area shares, s;;, and our prior
estimates, 7;; . Equation (5) is simply the “adding-up” constraint that ensures we allocate
exactly the amount of crop area reported for the SRU. Equation (6) is the land cover
constraint whereby the actual cropland area share of pixel i derived from the land cover
data is set as the upper limit for the area to be allocated for crop production within each

pixel. Equation (7) is the constraint ensuring that the area allocated for production of a
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specific crop within a pixel cannot exceed the area deemed as suitable for such
production within the pixel. The last equation, equation (8) simply establishes the feasible
range for the value of individual crop area shares. As we can see, the essence of this
classic CE approach is to use any and all credible sources of information to make our best
prior assessment of where crops are actually being grown. The criterion for choosing the
solution (out of many possible solutions because the problem is under-determined) is to
minimize the entropy-based divergence from the prior.

Obviously, an informative prior distribution for each crop is quite important for
the success of the model. If such information already exists, e.g. dot maps of the actual
distribution of specific crops, these can be incorporated. However, this is a luxury we are
seldom afforded, and we must make do with only partial information (in terms of both
crop and geographic coverage). In most cases, however, we use other simple approaches.
The most commonly used short-cut methods of portraying production data spatially are to
uniformly distribute production across the total land area or across only the cropland area.
Since, however, we believe that individual commodities are more likely to be cultivated
in areas in which they have some comparative advantage, we can also draw on results
from analyses of the spatial variability of crop production potential. We use the
FAO/IIASA surfaces described above because they provide assessments not only of the
suitable area by crop and production system (as used in equation 7), but also of the
associated potential yields.

Our strategy to develop priors involved several elements. The first was to
partition total production in each SRU amongst the three possible production systems

(irrigated, rainfed-high input, and rainfed-low input). For each system, the total
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production was allocated amongst pixels falling within the cropland extent in proportion
to their relative potential yield* and population density. Weighting by population density
acknowledges that many areas potentially suitable for crop production are not actually
exploited for a range of reasons. Particularly for the type of subsistence agriculture
practiced in many developing countries, however, production is likely to be greater (and
more intensive) where local demand and labor (rural population densities) are higher. To
reduce incentives for production to be allocated into urban areas the population density
map was truncated to zero at levels typically associated with settlement and urbanized
areas.’ Thus, we derived our prior crop distribution shares, ;1 , using normalized
potential yields for cropj at input level / and pixel i, Suitability;;, and normalized,
truncated population density in pixel i, Popdens;, as follows:

Suitability;, x Popdens,
.., =
" > Suitability,, x Popdens,

) VjiviVvi
For the case of purely subsistence production systems, crop distribution priors
might also be determined using only the relativities of rural population density within the

extent of cropland.

4. MODEL APPLICATION

We apply the above model to Brazil, a very large and diverse country with a total
land area over 8.5 million square kilometers. Brazil is rich in natural resources and
biodiversity and heterogeneous in agroecological and socio-economic conditions, with

quite different types of farming systems being found within its boundaries. While, on the

* Recalling that individual potential productivity maps were available for each crop and production system
combination

3 Although land cover classification systems differentiate between urban and cropland areas, in practice
only the larger and more built-up urban areas are systematically assigned to the urban class. We thus need
to exclude from areas delineated as croplands those areas where population density is so high that
production options for most crops are limited.
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average, only 6 percent of the land area is cropland, there are vast tracts of forest and
savannas with little or no agriculture, as well as areas such as the central “cerrados” and
the south where landscapes are almost entirely agricultural. This wide range of
agricultural systems and spatial intensity of production is valuable for the purposes of
testing the spatial allocation approach.

Brazil’s first level administrative units are “states”, and at the third level
“municipios”’. Though there are only 27 states, there are over 4,490 municipios in Brazil,
averaging over 160 municipios per state. The spatial resolution of the land cover pixels
used in the application is 5 by 5 arc minutes, and each pixel of this resolution represents
just over 9%m by 9km (around 8,500 hectares) at the equator. Brazil comprises over
100,000 pixels of that size. Figure 2 shows maps of some of the key spatial datasets used
for the analysis. Cropland is expressed as the proportion of each pixel occupied by
cropland, as shown in Figure 2(a). This dataset is derived from the 30 arc second
(approximately 1-km) resolution global land cover database developed by the EROS
DATA Center of the U.S. Geological Survey using methods described by Wood,
Sebastian and Scherr (2000) and Ramankutty and Foley (1998). We calculate the actual
cropland area in each pixel by taking account of the change of physical pixel size with
latitude. Figure 2(b) is the population density map. We set average population density
limits of 5 persons/kmz and 500 persons/km2 (within a cropland pixel extent of around 81
km?) as defining those areas in which crop production would be allocated. As pointed out
in Section 2, FAO/IIASA’s newly developed crop suitability surfaces are rich sources of
information on both potential yields and suitable areas for each commodity under

different management/input assumptions. FAO/IIASA suitability surfaces are defined for
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five production system types for each crop: rainfed - high input, rainfed — intermediate
input, rainfed — low input, irrigated — high input and irrigated — intermediate input. In
accordance with our model specification, we omitted the two intermediate input classes
and represent production conditions by just three possible production systems classes:
high-input rainfed, low-input rainfed and high-input irrigated (referred to henceforth as
irrigated). We defined suitable areas within each pixel as the sum of the following four
suitability classes in the original FAO/IIASA suitability database: very suitable, suitable,
moderate suitable and marginal suitable. Accordingly the mean potential yield across the
suitable area of each pixel is calculated as the areca-weighted average of the potential
yields estimated for the above four suitability classes. As an example, Figure 2(c) shows
the suitable areas of low-input rainfed maize and Figure 2(d) the potential yield

distribution of low-input rainfed maize.
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Figure 2 Cropland, population density and suitability maps for maize
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The following eight crops are included in the spatial allocation model for Brazil:
rice, wheat, maize, cassava, potato, beans and soybean. Collectively, these eight crops
account for nearly one quarter of the value of Brazilian agricultural output in 2000, and
nearly half of all crop output (Alston et al. 2000). The reference year of the spatial
allocation is 1994, the year in which the satellite land cover imagery was collected. We

derive 1994 production statistics by taking a mean of the annual values for 1993-95. The
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allocation units (the SRUs) are the 27 states in Brazil. Starting with the tabular
production statistics by state (see Table 1 for the harvested areas), we first disaggregate
into the three production systems based on the area shares given in Table 2. These shares
were compiled from a mixture of statistical data, other secondary data sources and expert
opinion. Table 2 shows the percentages of irrigated and high-input rainfed areas for all
eight crops in the 27 states of Brazil, the percentage of low-input rainfed area being the
residual. The next step is to convert harvested areas into physical land areas using crop
and production system specific cropping intensities. Some crops, in particular irrigated
crops such as rice, are multiple-cropped in many regions. In such cases the physical crop
area is calculated by dividing the harvested area by its corresponding cropping intensity
(Equation (1)). As with production system shares, cropping intensity estimates by crop
and production system were compiled from available data sources, relying heavily on
expert knowledge of specific cropping patterns practiced across Brazil.

From a modeling perspective, the disaggregation into irrigated, high-input rainfed
and low-input rainfed production systems resulted in 24 distinct production systems (3

systems * 8 crops) being submitted to the spatial allocation process.’

® In order to inject the necessary level of competition for land amongst crops, we aggregated the area of all
other crops in the state level statistics into a single notional “Other crop”, to which we assigned the generic
suitability qualities of low-input rainfed maize. This additional crop was also part of the allocation process
such that the total area of crops allocated (across the 8 specific crops and the “Other” crop) was equal to the
total amount of cropland in the state.



Table 1--Harvested areas by states of Brazil: 1993-95

17

State Wheat Rice Maize Sorghum Potato Cassava  Bean Soybean
(Hectare)

Brazil 1,267,967 4,403,820 13,191,061 138,991 169,681 1,868,646 4,783,341 11,268,031

Acre 34,051 36,402 22,270 15,256

Alagoas 7,335 70,578 30,534 110,775

Amapa 586 2,559

Amazonas 3,223 4,423 34,930 2,672

Bahia 57,089 428,296 17,929 1,433 249,724 583,680 428,119

Ceara 67,045 507,781 365 11 116,276 548,077

District Federal 778 2,058 20,253 81 462 495 5,598 46,149

Espiritu Santo 26,576 100,869 646 20,621 67,139

Goias 3,093 289,420 842,786 31,019 276 17,759 142,947 1,070,754

Maranhao 759,309 602,078 261,855 116,897 64,778

Mato Grosso 461,965 404,532 18,281 24,315 39,646 2,005,885

Mato Grosso do Su 48,360 99,552 410,283 1,042 11 27,570 35,778 1,069,634

Minas Gerais 4,110 375,871 1,487,266 9,417 30,773 77,313 531,982 580,839

Para 204,696 245,100 266,333 81,067

Paraiba 7,180 173,552 24 957 41,987 192,298

Parana 646,682 108,955 2,647,208 164 43,050 147,792 559,837 2,142,562

Pernambuco 5,284 232,759 962 249 85,630 261,661

Piaui 269,344 401,136 12 94,623 288,078 7,286

Rio Grande do Nor 1,758 97,821 3,417 47,691 127,176

Rio Grande do Sul 471,334 983,221 1,782,287 28,660 45,792 107,934 208,633 3,086,668

Rio de Janeiro 17,043 26,812 175 13,781 11,913

Rondonia 143,690 193,290 38,175 147,854 4,861

Roraima 8,783 6,479 2,655 1,578

Santa Catarina 58,227 149,866 1,040,708 18,947 53,200 354,897 213,873

Sao Paulo 35,382 146,696 1,300,673 27,618 26,842 31,996 279,462 524,341

Sergipe 6,466 56,828 57 40,754 59,541

Tocantins 166,758 70,860 9,875 8,897 22,283

Source: IFPRI (2001), and EMBRAPA
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Table 2—Share of crop area under different farming system in Brazil: 1993-95 (percent)

State Irrigated Area* High-input Rainfed Area*

Wheat Rice Maize Sorghum Potato Cassava Bean Soybean Wheat Rice Maize Sorghum Potato Cassava Bean Soybean

(%) (%)

Acre 89 63
Alagoas 26 100 16
Amapa 86 63
Amazonas 40 35
Bahia 2 10 0 100 100 50 85 41 10 95
Ceara 16 40 89 40 0
District Federal 100 70 23 100 98 54 15 100
Espiritu Santo 30 71 76 10
Goias 60 2 70 29 40 20 98 100 87 14 99
Maranhao 1 99 39 100 20 0 97
Mato Grosso 20 70 97 100 74 0 99
Mato Grosso do Su 65 98 7 97 74 10 99
Minas Gerais 100 39 40 11 49 84 98 36 66 9 95
Para 80 86 63
Paraiba 48 99 19
Parana 19 80 5 90 24 71 91 53 19 97
Pernambuco 5 41 97 21 0
Piaui 4 10 45 99 45 0 95
Rio Grande do Nor 76 50 24 76 99 36 10
Rio Grande do Sul 79 59 98 43 0
Rio de Janeiro 99 50 85 64 95 41 10 95
Rondonia 100 73 99 76
Roraima 57 95 100 81
Santa Catarina 92 60 78 2 58 90 42 20 90
Sao Paulo 70 24 96 100 91 99 65 15 97
Sergipe 70 100 30 56 98 12
Tocantins 34 96 100 93 98

Source: compiled by authors from a variety of statistical sources and expert opinions
*Note: Balance of production shares from each state are included in “low input rainfed” system
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All the spatial allocation input data components for each state were assembled in
the above manner and submitted for optimization on a state-by-state basis. Each
optimization run attempts to simultaneously allocate all 24 production system (plus the
“other crop” category that accounts for the balance of cropland use) into pixels across the
entire state subject to the defined constraints, using the prior distribution as its starting
point. GAMS (GAMS 2002) is used to solve the optimization problem’. The output is the
area in hectares of each production system in each pixel in the state (including pixels
where no production was assigned). Figure 3 shows the pixel level spatial allocation of
the eight crops for Brazil, compiled from the individual state level, production system
results.

The intent of the spatial allocation model is not to try to match the real world
pixel by pixel, but rather to derive a substantially more informative picture of the likely
distribution of the production of individual crops than the state levels statistics alone can
reveal (e.g the maps are an attempt to “spatialize” Table 1). We can see from Figure 3
that the allocation approach generates quite diverse patterns of crop distribution among
and within the states. As well as providing richer insights into the distribution of
production within very large geopolitical units, the pixel-level results can be aggregated
into any other geography of interest, e,g, watershed or agro-ecological zone, for further

analysis.

high-performance solver is needed. In the current optimization, we use GAMS newly-developed
PATHNLP solver.

- ‘[ Deleted: states
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Figure 3—Predicted spatial patterns of crop production
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Figure 3—Predicted spatial patterns of crop production (continued)
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5. MODEL VALIDATION AND COMPARISON

To assess how well the approach performs, we aggregate the over 100,000 pixel
level results into the 4490 municipios of Brazil for which we have a separate database
which includes data on six of the allocated crops: maize, rice, wheat, beans, cassava and

soybean. We compare these synthetic municipal area estimates with the actual municipal



22

production area statistics®. Figure 3 shows the graphical results of this comparison, in
which the horizontal axis is the actual municipal statistics while the vertical axis are the
estimates derived by aggregating the pixel level allocation of state statistics. The spatial
allocations for wheat, maize and bean match the municipal statistics well, with R’ values
all greater than 0.50 (0.65, 0.54. and 0.53, respectively). For these three crops, the points
clearly cluster around the 45 degree line of perfect correspondence. For the other three
crops, however, the data points are more dispersed. The R’ values for cassava, rice and
soybean are 0.47, 0.43, 0.40, respectively.

There are several factors that help account for the differences between
observed and predicted municipal crop areas. Perhaps the most fundamental is the
simplicity of the method used to assign the crop area priors relative to the complex web
of factors involved in farmers’ choices of crops, crop mixes and the type and scale of
production methods. But there are also many data issues. As the data for each state was
compiled, inconsistencies amongst data layers surfaced. A logical set of assumptions
embedded in the methodology is that the physical area required to produce the reported
harvested amount of crops is less than or equal to the extent of cropland, and that within
the cropland area sufficient, non-overlapping suitable areas could be found for each crop.
In a significant number of cases this logic was belied by the available data. There are at
least four sources of mismatch amongst data sources: unreliable estimates of cropland
extent; cropping intensity estimates that do not fully capture the land-saving benefits of
multi-cropping strategies, particularly within a single growing season; biophysical

suitability interpretations that do not match location specific conditions, nor the reality

8 Before this comparison was made, the area values of each municipio were scaled by a fixed factor, the
ratio of the reported state crop area to the sum of the reported municipal crop areas. This was done to
eliminate discrepancies between the state and municipal statistics as a source of error.
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that production may be economically viable and important for food security, even at
relatively low levels of biophysical suitability and, finally but significantly, the reliability
of the production statistics themselves. Where data inconsistencies lead to infeasible
conditions, a set of rules was devised to progressively relax the constraints until the
allocation could be completed successfully.9

From a methodological perspective a key issue is the very heavy dependence on
generating good initial priors of actual crop distribution, after which the constraints
imposed in the optimization are largely to ensure proper accounting of the various area
components, and to resolve competition amongst crops for available, suitable land. This
feature of the CE approach provides some useful flexibility, for example, to include less
rigorous sources of input data such as dot maps of crop location or expert knowledge
about where specific crops are grown, but that flexibility comes at the cost of requiring a
significant amount of data to be compiled and interpreted at the pre-optimization phase.

As described in section 3 the algorithm used for assigning the prior relies on
potential yields (taken from the crop suitability database) and population density. While
this has the advantage of pragmatism in terms of available data and some theoretical
underpinnings, it falls short of an ideal approach. One characteristic of this ideal would
be to include a more explicit economic focus, but this would involve another level of data
discovery and compilation challenges. We have examined including crop prices in the

algorithm and generating priors on the basis of nominal gross revenues (potential yield x

° For example (1) if insufficient suitable area can be found within the cropland extent, the share of suitable
area in each pixel in the extent is increased in steps, up to a maximum of the share of cropland in each
pixel, and (2) if there is insufficient land within the cropland extent for the total crop area to be allocated,
the cropland area is expanded incrementally into adjacent suitable areas. These rules were developed in
applying an earlier prototype of the approach to spatial allocation of the same eight crops for the LAC
region (Sebastian and Wood 2000).
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price). But this approach only proves effective if the priors are computed by considering
potential competition amongst crops at the pixel level. While this is perhaps more
realistic from the perspective of a commercial farming environment, weights other than
prices might be more appropriate for other production goals, e.g. nutrition content for
goals of food security. Empirical observation of subsistence farmer crop selection
practices suggest that production of preferred basic food staples often takes place with
little regard to biophysical suitability. But assembling information on household
production goals and strategies, and local dietary preferences was beyond the scope of
this pilot work. Since our own interests lie in developing a framework that can be applied
in a regional and even global context, we seek to develop methods that minimize reliance
on data that is fragmentary and expensive to compile. Nevertheless, there certainly
appears scope as we develop this approach to add further layers of sophistication into the
process of assigning priors.

As things now stand, the potential suitability data (both suitable area and potential
yields) are the most significant driving force in determining the spatial variability of
production within the cropland extent, since they are used both in the priors (potential

yields) and in the optimization constraints (suitable areas).
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Figure 4--Correlation of municipal production statistics and predictions made from
the spatial allocation model: Brazil 1993-95
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Table 3--Comparison of the effectiveness of alternative spatial allocation methods

Allocation Methods Explained Variance

wheat  rice  maize cassava bean soybean

Land Area Shares 0.26 0.31 0.47 0.38 0.40 0.27
Suitable Area Shares
Low Input 0.17 0.31 0.22 0.32 0.26 0.11
High Input 037 0.34 0.37 037 035 0.08
Irrigated 0.0 0.32 0.01 0.45 0.13 0.0
Mixed (weighted) 0.15 0.38 0.17 039 0.28 0.04
Cropland Shares 0.38 0.31 0.44 0.38 0.25 0.37
Cross Entropy 0.65 0.44 0.54 0.47 0.53 0.40

Despite the seemingly promising results, the question remains whether the
elaborate procedures described here produce estimates of the spatial distribution of crops
that are better than other approaches used at this scale of analysis. We examined three
possible short-cut methods for assigning state level crop areas into municipios: (1) in
proportion to the total land area of the municipios, (2) in proportion to the cropland area
of each municipio, and (3) in proportion to the amount of (biophysically) suitable land for
the production of each crop in each municipio. This last approach has several options
since suitability surfaces are generated for specific production systems. We thus made
four allocations of state level crop area into municipios: (a) in proportion to the area
suitable for low-input rainfed production, (b) in proportion to the area suitable for high
input production, (c) in proportion to the areas suitable for irrigation in each municipio,
and (d) in proportion to the (weighted) area suitable for low-input, high-input and
irrigated production in each municipio. Table 3 shows the variance in municipio crop
areas explained by each of the approaches, including the CE approach. For all crops, the

CE approach was most successful in predicting municipio crop areas — and in the cases of
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wheat and beans, by quite a large margin. The simplest procedure, distributing the crop
production in proportion to municipio total areas, was the second best method for maize
and beans, whose broad geographic production base reflects the ubiquitous demand for
these primary food (and in the case of maize, feed) commodities in Brazil. This approach
is least successful in predicting the production distribution of wheat, rice and soybeans,
all of which have more restricted agroecological ranges (wheat and rice), or are
predominantly grown by large-scale commercial enterprises in the “cerrados” region
(wheat and soybean). Conversely, apportioning crop production uniformly across the
cropland extent, was the second best predictor for wheat and soybean, likely because both
crops are grown commercially in extensive tracts of land that are easily detected as
cropland by satellite sensors. The cropland proportion was least successful for beans,
perhaps because it is often a home-garden crop or grown in other complex cropping
systems that are much more difficult for satellite sensors to discriminate as cropland.
Predictions based on the high-input or “mixed” suitability data were better than those
based on the low-input and irrigated suitability data. The four suitability surfaces were

second best predictors only twice, once for rice and once for cassava.

6. FINAL REMARKS

We have proposed a spatial allocation model for crop production statistics based
on a cross-entropy approach (CE). The approach utilizes various information sources
such as satellite imagery, biophysical crop suitability assessments, and population
density, in order to generate plausible, disaggregated estimates of the distribution of crop

production on a pixel basis. In the application of the spatial allocation model to Brazil, a
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comparison of actual municipio production statistics with synthetic municipio estimates -
generated from pixel level disaggregating of state level statistics - yielded R’ values
between 0.4 and 0.65. For each crop the CE model approach performed better than other
commonly used short-cut methods for disaggregating production statistics.

Amongst other things, the encouraging results suggest that remote sensing and
image processing data and tools could be used more extensively in helping to explore the
spatial heterogeneity of agricultural production, although improved discrimination of
subsistence farming and smaller, mixed production plots is needed. On the other hand,
working at a spatial scale of individual pixels creates many data management and
computational challenges. Some of these challenges need to be met through improved
numerical methods and mathematical optimization tools.

Although the current model provides promising results, more work is underway to
improve its performance. The first-best solution is to compile more, and more spatially
disaggregated production data, especially linked to information on specific production
technologies. National household or agricultural survey data (particularly geocoded data)
on the location and quantity of crop production provide direct observations of the crop
distribution surfaces. But compiling such data is expensive in an international context.
Other means of improving the crop distribution priors include improved representation of
existing variables (such as cropland extent and crop suitability), addition of other
conditioning variables, and improved algorithms to transform these data layers into
priors. Such options include using higher-resolution, and better ground-truthed land cover
data for delineating cropland, particularly in extensive, low intensity systems and in more

humid tropical areas where seasonal vegetation changes are less pronounced. We can
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likely do more to improve the utilization of data on population, slope and physiography,
and transportation networks in helping predict crop production patterns.

One interpretation of our results is that rules for generating the prior distributions
should be crop specific. While the crop suitability surfaces are, by definition, crop
specific, they contain no behavioral information about the likelihood that a crop will
actually be grown in a particular location. Clearly, factors such as local food security,
farmgate prices, transportation costs (affected by the bulk density and perishability of
individual commodities) and the spatial configuration of key markets, also shape the
commodity production decisions of farmers. Better information on (multi-)cropping
patterns would allow us to, say, allocate maize and beans together in the same location
and to apply the proper cropping intensities if we know that maize followed by beans in a
single season is the predominant mode of cultivation. Developing and testing commodity-
specific decision rules and collecting data on major cropping patterns so as to enrich the
generation of priors are likely cost-effective next steps, as is the examination of better

ways of capturing expert and local knowledge about production patterns.



30

REFERENCES

Alexandratos, N., ed. 1995. World agriculture: Towards 2010. Chichester, UK: John
Wiley and Sons, and Rome: Food and Agriculture Organization of the United
Nations.

Alston, J. M., P.G. Pardey, S. Wood, and L. You. 2000. Strategic technology investments
for LAC agriculture: A framework for evaluating the local and spillover effects of
R&D. Washington, D.C.: International Food Policy Research Institute.

Anderson, J. M., E. Hardy, J. Roach, and R. Witmer. 1976. 4 Land use and land cover
classification system for use with remote sensor data. Washington, DC: US
Government Printing Office also available on-line at
http://mac.usgs.gov/mac/isb/pubs/factsheets/fs18999.pdf.

Carter, S.E., L.O. Fresco, P.G. Jones, and J.N. Fairbain. 1992. An atlas of cassava in
africa: historical, agroecological, and demographic aspects of crop distribution.
Cali, Colombia: Centro Internacional de Agricultura Tropical.

CIAT. 1996. Digital map dataset for Latin America and the Caribbean. Cali, Colombia:
Centro Internacional de Agricultura Tropical.

CIESIN, IFPRI and WRI. 2000. Gridded population of the world, version 2 alpha.
Center for International Earth Science Information Network CIESIN Columbia
University, International Food Policy Research Institute IFPRI, and World
Resources Institute WRI. Palisades, NY:CIESIN, Columbia University.
Available on-line at: http://sedac.ciesin.org/plue/gpw.

CIP. 1999. Potato distribution dataset, personal communication with Robert Hijmans.
Peru: Centro Internacional de la Papa.

Davis, J.S., P.A. Oram, and J.G. Ryan. 1987. Assessment of agricultural research
priorities: An international perspective. Canberra, Australia: Australian Centre
for International Agricultural Research and Washington, D.C.: International Food
Policy Research Institute.

Fischer, Guenther, M. Shah, H. van Velthuizen, and F. Nachtergaele. 2000. Global agro-
ecological assessment for agriculture in the 21" century. Laxenburg, Austria:

International Institute for Applied Systems Analysis.

FAO. 1981. Report of the agro-ecological zones project. World Soil Resources Report
No 48, (1-4). Rome: FAO.

GAMS. 2002. General algebraic modeling system. on-line at www.GAMS.com.



31

Golan, Amos, G. Judge, and D. Miller. 1996. Maximum entropy econometrics. robust
estimation with limited data. New York: John Wiley & Sons.

Gommes, A. 1996. AGDAT. Rome: FAO.

Good, I. J. 1963. Maximum entropy for hypothesis formulation, especially for
multidimensional contingency tables. Annals of Mathematical Statistics 34: 011-
934,

International Food Policy Research Institute (IFPRI). 2001. Latin American subnational
crop production database. Washington, D.C.: International Food Policy Research
Institute.

IGBP. 1998. Global 1-km land cover set discover, international geosphere biosphere
Programme IGBP Data and information system, IGBP-DIS information available
online at http://www.igbp.kva.se/lucc.html.

ILRI. 2001. 4 spatially-referenced crop and livestock production system database for
eastern and southern Africa. Project AS 9716. Nairobi: International Livestock
Research Institute.

Jaynes, E. T. 1957a. Information theory and statistical methods I, Physics Review
1061957: 620-630.

Jaynes, E. T. 1957b. Information Theory and statistical methods 11, Physics Review
1081957: 171-190.

Kullback, J. 1959. Information theory and statistics, New York: John Wiley & Sons.

Ladha, J. K., K. S. Fischer, M. Hossain, P. R. Hobbs, and B. Hardy, eds. 2000,
Improving the productivity and sustainability of rice-wheat systems of the Indo-
Gangetic plains: A synthesis of NARS-IRRI partnership research, IRRI
Discussion Paper No. 40. Manila: International Rice Research Institute.

Ramankutty, N. and J.A. Foley. 1998. Characterizing patterns of global land use: An
analysis of global croplands Data. Global Biogeochemical Cycles 124: 667-685.

Robinson, S., A. Cattaneo and M. El-Said. 2000. Updating and estimating a social
accounting matrix using cross entropy methods. Trade and Macroeconomics
Division Discussion Paper No.58. Washington, D.C.: International Food Policy
Research Institute.

Rosegrant, M. W., M. Pasiner, S. Meijer and J. Witcover. 2001. Global food projections
to 2020: Emerging trends and alternative futures. IFPRI 2020 Vision Report.
Washington, D.C.: International Food Policy Research Institute.



32

Sebastian, K. and S. Wood. 2000. “Spatial Aspects of Evaluating Technical Change in
Agriculture in Latin America and the Caribbean (LAC).” Paper prepared as part
of the BID-sponsored project “Policies on Food, Agriculture and the
Environment, Indicators and Priorities for Agricultural Research.” Washington,
D.C.: International Food Policy Research Institute.

Shannon, C. 1948. A mathematical theory of communication. Bell System Technology
Journal 27: 379-423.

TAC/CGIAR. 1992. The ecoregional approach to research in the CGIAR. Report of
TAC/Center Directors Working Group. TAC Secretariat. Rome: FAO.

Wood, S., K. Sebastian and S. Scherr. 2000. Pilot analysis of global ecosystems:
Agroecosystem. A joint study. Washington, D.C.: International Food Policy
Research Institute and World Resource Institute.

Zellner, A. 1988. Optimal information processing and Bayes theorem, American
Statistician 42: 278-284.



01

02

03

04

05

06

07

08

09

10

11

12

LIST OF EPTD DISCUSSION PAPERS

Sustainable Agricultural Development Strategies in Fragile Lands, by Sara J.
Scherr and Peter B.R. Hazell, June 1994.

Confronting the Environmental Consequences of the Green Revolution in Asia,
by Prabhu L. Pingali and Mark W. Rosegrant, August 1994.

Infrastructure and Technology Constraints to Agricultural Development in the
Humid and Subhumid Tropics of Aftrica, by Dunstan S.C. Spencer, August 1994.

Water Markets in Pakistan: Participation and Productivity, by Ruth Meinzen-Dick
and Martha Sullins, September 1994.

The Impact of Technical Change in Agriculture on Human Fertility: District-level
Evidence From India, by Stephen A. Vosti, Julie Witcover, and Michael Lipton,
October 1994.

Reforming Water Allocation Policy Through Markets in Tradable Water Rights:
Lessons from Chile, Mexico, and California, by Mark W. Rosegrant and Renato
Gazri S, October 1994,

Total Factor Productivity and Sources of Long-Term Growth in Indian
Agriculture, by Mark W. Rosegrant and Robert E. Evenson, April 1995.

Farm-Nonfarm Growth Linkages in Zambia, by Peter B.R. Hazell and Behjat
Hoijati, April 1995.

Livestock and Deforestation in Central America in the 1980s and 1990s: A Policy
Perspective, by David Kaimowitz (Interamerican Institute for Cooperation on
Agriculture. June 1995.

Effects of the Structural Adjustment Program on Agricultural Production and
Resource Use in Egypt, by Peter B.R. Hazell, Nicostrato Perez, Gamal Siam, and
Ibrahim Soliman, August 1995.

Local Organizations for Natural Resource Management: Lessons from Theoretical
and Empirical Literature, by Lise Nordvig Rasmussen and Ruth Meinzen-Dick,
August 1995.

Quality-Equivalent and Cost-Adjusted Measurement of International
Competitiveness in Japanese Rice Markets, by Shoichi Ito, Mark W. Rosegrant,
and Mercedita C. Agcaoili-Sombilla, August 1995.



13

14

15

16

17

18

19

20

21

22

23

24

25

Role of Inputs, Institutions, and Technical Innovations in Stimulating Growth in
Chinese Agriculture, by Shenggen Fan and Philip G. Pardey, September 1995.

Investments in African Agricultural Research, by Philip G. Pardey, Johannes
Roseboom, and Nienke Beintema, October 1995.

Role of Terms of Trade in Indian Agricultural Growth: A National and State
Level Analysis, by Peter B.R. Hazell, V.N. Misra, and Behjat Hoijati, December
1995.

Policies and Markets for Non-Timber Tree Products, by Peter A. Dewees and
Sara J. Scherr, March 1996.

Determinants of Farmers’ Indigenous Soil and Water Conservation Investments in
India’s Semi-Arid Tropics, by John Pender and John Kerr, August 1996.

Summary of a Productive Partnership: The Benefits from U.S. Participation in the
CGIAR, by Philip G. Pardey, Julian M. Alston, Jason E. Christian, and Shenggen
Fan, October 1996.

Crop Genetic Resource Policy: Towards a Research Agenda, by Brian D. Wright,
October 1996.

Sustainable Development of Rainfed Agriculture in India, by John M. Kerr,
November 1996.

Impact of Market and Population Pressure on Production, Incomes and Natural
Resources in the Dryland Savannas of West Africa: Bioeconomic Modeling at
the Village Level, by Bruno Barbier, November 1996.

Why Do Projections on China’s Future Food Supply and Demand Differ? by
Shenggen Fan and Mercedita Agcaoili-Sombilla, March 1997.

Agroecological Aspects of Evaluating Agricultural R&D, by Stanley Wood and
Philip G. Pardey, March 1997.

Population Pressure, Land Tenure, and Tree Resource Management in Uganda, by
Frank Place and Keijiro Otsuka, March 1997.

Should India Invest More in Less-favored Areas? by Shenggen Fan and Peter
Hazell, April 1997.



26

27

28

29

30

31

32

33

34

35

36

Population Pressure and the Microeconomy of Land Management in Hills and
Mountains of Developing Countries, by Scott R. Templeton and Sara J. Scherr,
April 1997.

Population Land Tenure and Natural Resource Management: The Case of
Customary Land Area in Malawi, by Frank Place and Keijiro Otsuka, April
1997.

Water Resources Development in Africa: A Review and Synthesis of Issues,
Potentials, and Strategies for the Future, by Mark W. Rosegrant and Nicostrato
D. Perez, September 1997.

Financing Agricultural R&D in Rich Countries: What’s Happening and Why? by
Julian M. Alston, Philip G. Pardey, and Vincent H. Smith, September 1997.

How Fast Have China’s Agricultural Production and Productivity Really Been
Growing? by Shenggen Fan, September 1997.

Does Land Tenure Insecurity Discourage Tree Planting? Evolution of Customary
Land Tenure and Agroforestry Management in Sumatra, by Keijiro Otsuka, S.
Suyanto, and Thomas P. Tomich, December 1997.

Natural Resource Management in the Hillsides of Honduras: Bioeconomic
Modeling at the Micro-Watershed Level, by Bruno Barbier and Gilles Bergeron,
January 1998.

Government Spending, Growth, and Poverty: An Analysis of Interlinkages in
Rural India, by Shenggen Fan, Peter Hazell, and Sukhadeo Thorat, March 1998.
Revised December 1998.

Coalitions and the Organization of Multiple-Stakeholder Action: A Case Study of
Agricultural Research and Extension in Rajasthan, India, by Ruth Alsop, April
1998.

Dynamics in the Creation and Depreciation of Knowledge and the Returns to
Research, by Julian Alston, Barbara Craig, and Philip Pardey, July, 1998.

Educating Agricultural Researchers: A Review of the Role of African
Universities, by Nienke M. Beintema, Philip G. Pardey, and Johannes
Roseboom, August 1998.



37

38

39

40

41

42

43

44

45

46

47

48

The Changing Organizational Basis of African Agricultural Research, by
Johannes Roseboom, Philip G. Pardey, and Nienke M. Beintema, November
1998.

Research Returns Redux: A Meta-Analysis of the Returns to Agricultural R&D,
by Julian M. Alston, Michele C. Marra, Philip G. Pardey, and T.J. Wyatt,
November 1998.

Technological Change, Technical and Allocative Efficiency in Chinese
Agriculture: The Case of Rice Production in Jiangsu, by Shenggen Fan, January
1999.

The Substance of Interaction: Design and Policy Implications of NGO-
Government Projects in India, by Ruth Alsop with Ved Arya, January 1999.

Strategies for Sustainable Agricultural Development in the East African
Highlands, by John Pender, Frank Place, and Simeon Ehui, April 1999.

Cost Aspects of African Agricultural Research, by Philip G. Pardey, Johannes
Roseboom, Nienke M. Beintema, and Connie Chan-Kang, April 1999.

Are Returns to Public Investment Lower in Less-favored Rural Areas? An
Empirical Analysis of India, by Shenggen Fan and Peter Hazell, May 1999.

Spatial Aspects of the Design and Targeting of Agricultural Development
Strategies, by Stanley Wood, Kate Sebastian, Freddy Nachtergaele, Daniel
Nielsen, and Aiguo Dai, May 1999.

Pathways of Development in the Hillsides of Honduras: Causes and Implications
for Agricultural Production, Poverty, and Sustainable Resource Use, by John
Pender, Sara J. Scherr, and Guadalupe Duron, May 1999.

Determinants of Land Use Change: Evidence from a Community Study in
Honduras, by Gilles Bergeron and John Pender, July 1999.

Impact on Food Security and Rural Development of Reallocating Water from
Agriculture, by Mark W. Rosegrant and Claudia Ringler, August 1999.

Rural Population Growth, Agricultural Change and Natural Resource
Management in Developing Countries: A Review of Hypotheses and Some
Evidence from Honduras, by John Pender, August 1999.



49

50

51

52

53

54

55

56

57

58

59

60

Organizational Development and Natural Resource Management: Evidence from
Central Honduras, by John Pender and Sara J. Scherr, November 1999.

Estimating Crop-Specific Production Technologies in Chinese Agriculture: A
Generalized Maximum Entropy Approach, by Xiaobo Zhang and Shenggen Fan,
September 1999.

Dynamic Implications of Patenting for Crop Genetic Resources, by Bonwoo Koo
and Brian D. Wright, October 1999.

Costing the Ex Situ Conservation of Genetic Resources: Maize and Wheat at
CIMMYT, by Philip G. Pardey, Bonwoo Koo, Brian D. Wright, M. Eric van
Dusen, Bent Skovmand, and Suketoshi Taba, October 1999.

Past and Future Sources of Growth for China, by Shenggen Fan, Xiaobo Zhang,
and Sherman Robinson, October 1999.

The Timing of Evaluation of Genebank Accessions and the Effects of
Biotechnology, by Bonwoo Koo and Brian D. Wright, October 1999.

New Approaches to Crop Yield Insurance in Developing Countries, by Jerry
Skees, Peter Hazell, and Mario Miranda, November 1999.

Impact of Agricultural Research on Poverty Alleviation: Conceptual Framework
with Illustrations from the Literature, by John Kerr and Shashi Kolavalli,
December 1999.

Could Futures Markets Help Growers Better Manage Coffee Price Risks in Costa
Rica? by Peter Hazell, January 2000.

Industrialization, Urbanization, and Land Use in China, by Xiaobo Zhang, Tim
Mount, and Richard Boisvert, January 2000.

Water Rights and Multiple Water Uses: Framework and Application to Kirindi
Oya Irrigation System, Sri Lanka, by Ruth Meinzen-Dick and Margaretha
Bakker, March 2000.

Community natural Resource Management: The Case of Woodlots in Northern
Ethiopia, by Berhanu Gebremedhin, John Pender and Girmay Tesfaye, April
2000.



61

62

63

64

65

66

67

68

69

70

71

72

What Affects Organization and Collective Action for Managing Resources?
Evidence from Canal Irrigation Systems in India, by Ruth Meinzen-Dick, K.V.
Raju, and Ashok Gulati, June 2000.

The Effects of the U.S. Plant Variety Protection Act on Wheat Genetic
Improvement, by Julian M. Alston and Raymond J. Venner, May 2000.

Integrated Economic-Hydrologic Water Modeling at the Basin Scale: The Maipo
River Basin, by M. W. Rosegrant, C. Ringler, DC McKinney, X. Cai, A. Keller,
and G. Donoso, May 2000.

Irrigation and Water Resources in Latin America and he Caribbean: Challenges
and Strategies, by Claudia Ringler, Mark W. Rosegrant, and Michael S. Paisner,
June 2000.

The Role of Trees for Sustainable Management of Less-favored Lands: The Case
of Eucalyptus in Ethiopia, by Pamela Jagger & John Pender, June 2000.

Growth and Poverty in Rural China: The Role of Public Investments, by
Shenggen Fan, Linxiu Zhang, and Xiaobo Zhang, June 2000.

Small-Scale Farms in the Western Brazilian Amazon: Can They Benefit from
Carbon Trade? by Chantal Carpentier, Steve Vosti, and Julie Witcover,
September 2000.

An Evaluation of Dryland Watershed Development Projects in India, by John
Kerr, Ganesh Pangare, Vasudha Lokur Pangare, and P.J. George, October 2000.

Consumption Effects of Genetic Modification: What If Consumers Are Right? by
Konstantinos Giannakas and Murray Fulton, November 2000.

South-North Trade, Intellectual Property Jurisdictions, and Freedom to Operate in
Agricultural Research on Staple Crops, by Eran Binenbaum, Carol Nottenburg,
Philip G. Pardey, Brian D. Wright, and Patricia Zambrano, December 2000.

Public Investment and Regional Inequality in Rural China, by Xiaobo Zhang and
Shenggen Fan, December 2000.

Does Efficient Water Management Matter? Physical and Economic Efficiency of
Water Use in the River Basin, by Ximing Cai, Claudia Ringler, and Mark W.
Rosegrant, March 2001.



73

74

75

76

77

78

79

80

81

82

&3

84

Monitoring Systems for Managing Natural Resources: Economics, Indicators and
Environmental Externalities in a Costa Rican Watershed, by Peter Hazell,
Ujjayant Chakravorty, John Dixon, and Rafael Celis, March 2001.

Does Quanxi Matter to NonFarm Employment? by Xiaobo Zhang and Guo Li,
June 2001.

The Effect of Environmental Variability on Livestock and Land-Use
Management: The Borana Plateau, Southern Ethiopia, by Nancy McCarthy,
Abdul Kamara, and Michael Kirk, June 2001.

Market Imperfections and Land Productivity in the Ethiopian Highlands, by Stein
Holden, Bekele Shiferaw, and John Pender, August 2001.

Strategies for Sustainable Agricultural Development in the Ethiopian Highlands,
by John Pender, Berhanu Gebremedhin, Samuel Benin, and Simeon Ehui,
August 2001.

Managing Droughts in the Low-Rainfall Areas of the Middle East and North
Africa: Policy Issues, by Peter Hazell, Peter Oram, Nabil Chaherli, September
2001.

Accessing Other People’s Technology: Do Non-Profit Agencies Need It? How
To Obtain It, by Carol Nottenburg, Philip G. Pardey, and Brian D. Wright,
September 2001.

The Economics of Intellectual Property Rights Under Imperfect Enforcement:
Developing Countries, Biotechnology, and the TRIPS Agreement, by
Konstantinos Giannakas, September 2001.

Land Lease Markets and Agricultural Efficiency: Theory and Evidence from
Ethiopia, by John Pender and Marcel Fafchamps, October 2001.

The Demand for Crop Genetic Resources: International Use of the U.S. National
Plant Germplasm System, by M. Smale, K. Day-Rubenstein, A. Zohrabian, and
T. Hodgkin, October 2001.

How Agricultural Research Affects Urban Poverty in Developing Countries: The
Case of China, by Shenggen Fan, Cheng Fang, and Xiaobo Zhang, October
2001.

How Productive is Infrastructure? New Approach and Evidence From Rural
India, by Xiaobo Zhang and Shenggen Fan, October 2001.



85

86

87

88

&9

90

91

92

93

94

95

96

97

Development Pathways and Land Management in Uganda: Causes and
Implications, by John Pender, Pamela Jagger, Ephraim Nkonya, and Dick
Sserunkuuma, December 2001.

Sustainability Analysis for Irrigation Water Management: Concepts,
Methodology, and Application to the Aral Sea Region, by Ximing Cai, Daene C.
McKinney, and Mark W. Rosegrant, December 2001.

The Payoffs to Agricultural Biotechnology: An Assessment of the Evidence, by
Michele C. Marra, Philip G. Pardey, and Julian M. Alston, January 2002.

Economics of Patenting a Research Tool, by Bonwoo Koo and Brian D. Wright,
January 2002.

Assessing the Impact of Agricultural Research On Poverty Using the Sustainable
Livelihoods Framework, by Michelle Adato and Ruth Meinzen-Dick, March
2002.

The Role of Rainfed Agriculture in the Future of Global Food Production, by
Mark Rosegrant, Ximing Cai, Sarah Cline, and Naoko Nakagawa, March 2002.

Why TVEs Have Contributed to Interregional Imbalances in China, by Junichi
Ito, March 2002.

Strategies for Stimulating Poverty Alleviating Growth in the Rural Nonfarm
Economy in Developing Countries, by Steven Haggblade, Peter Hazell, and
Thomas Reardon, July 2002.

Local Governance and Public Goods Provisions in Rural China, by Xiaobo
Zhang, Shenggen Fan, Linxiu Zhang, and Jikun Huang, July 2002.

Agricultural Research and Urban Poverty in India, by Shenggen Fan, September
2002.

Assessing and Attributing the Benefits from Varietal Improvement Research:
Evidence from Embrapa, Brazil, by Philip G. Pardey, Julian M. Alston, Connie
Chan-Kang, Eduardo C. Magalhaes, and Stephen A. Vosti, August 2002.

India’s Plant Variety and Farmers’ Rights Legislation: Potential Impact on
Stakeholders Access to Genetic Resources, by Anitha Ramanna, January 2003.

Maize in Eastern and Southern Africa: Seeds of Success in Retrospect, by
Melinda Smale and Thom Jayne, January 2003.



98

99

100

101

102

103

104

105

106

107

108

109

Alternative Growth Scenarios for Ugandan Coffee to 2020, by Liangzhi You and
Simon Bolwig, February 2003.

Public Spending in Developing Countries: Trends, Determination, and Impact, by
Shenggen Fan and Neetha Rao, March 2003.

The Economics of Generating and Maintaining Plant Variety Rights in China, by
Bonwoo Koo, Philip G. Pardey, Keming Qian, and Yi Zhang, February 2003.

Impacts of Programs and Organizations on the Adoption of Sustainable Land
Management Technologies in Uganda, Pamela Jagger and John Pender, March
2003.

Productivity and Land Enhancing Technologies in Northern Ethiopia: Health,
Public Investments, and Sequential Adoption, Lire Ersado, Gregory Amacher,
and Jeffrey Alwang, April 2003.

Animal Health and the Role of Communities: An Example of Trypanasomosis
Control Options in Uganda, by Nancy McCarthy, John McDermott, and Paul
Coleman, May 2003.

Determinantes de Estrategias Comunitarias de Subsistencia y el uso de Practicas
Conservacionistas de Produccion Agricola en las Zonas de Ladera en Honduras,
Hans G.P. Jansen, Angel Rodriguez, Amy Damon, y John Pender, Juno 2003.

Determinants of Cereal Diversity in Communities and on Household Farms of the
Northern Ethiopian Highlands, by Samuel Benin, Berhanu Gebremedhin,
Melinda Smale, John Pender, and Simeon Ehui, June 2003.

Demand for Rainfall-Based Index Insurance: A Case Study from Morocco, by
Nancy McCarthy, July 2003.

Woodlot Devolution in Northern Ethiopia: Opportunities for Empowerment,
Smallholder Income Diversification, and Sustainable Land Management, by
Pamela Jagger, John Pender, and Berhanu Gebremedhin, September 2003.

Conservation Farming in Zambia, by Steven Haggblade, October 2003.

National and International Agricultural Research and Rural Poverty: The Case of
Rice Research in India and China, by Shenggen Fan, Connie Chan-Kang,
Keming Qian, and K. Krishnaiah, September 2003.



110

111

112

113

114

115

116

117

118

119

Rice Research, Technological Progress, and Impacts on the Poor: The Bangladesh
Case (Summary Report), by Mahabub Hossain, David Lewis, Manik L. Bose,
and Alamgir Chowdhury, October 2003.

Impacts of Agricultural Research on Poverty: Findings of an Integrated
Economic and Social Analysis, by Ruth Meinzen-Dick, Michelle Adato,
Lawrence Haddad, and Peter Hazell, October 2003.

An Integrated Economic and Social Analysis to Assess the Impact of Vegetable
and Fishpond Technologies on Poverty in Rural Bangladesh, by Kelly Hallman,
David Lewis, and Suraiya Begum, October 2003.

Public-Private Partnerships in Agricultural Research: An Analysis of Challenges
Facing Industry and the Consultative Group on International Agricultural
Research, by David J. Spielman and Klaus von Grebmer, January 2004.

The Emergence and Spreading of an Improved Traditional Soil and Water
Conservation Practice in Burkina Faso, by Daniel Kabor¢ and Chris Reij,
February 2004.

Improved Fallows in Kenya: History, Farmer Practice, and Impacts, by Frank
Place, Steve Franzel, Qureish Noordin, Bashir Jama, February 2004.

To Reach The Poor — Results From The ISNAR-IFPRI Next Harvest Study On
Genetically Modified Crops, Public Research, and Policy Implications, by
Atanas Atanassov, Ahmed Bahieldin, Johan Brink, Moises Burachik, Joel 1.
Cohen, Vibha Dhawan, Reynaldo V. Ebora, José Falck-Zepeda, Luis Herrera-
Estrella, John Komen, Fee Chon Low, Emeka Omaliko, Benjamin Odhiambo,
Hector Quemada, Yufa Peng, Maria Jose Sampaio, Idah Sithole-Niang, Ana
Sittenfeld, Melinda Smale, Sutrisno, Ruud Valyasevi, Yusuf Zafar, and Patricia
Zambrano, March 2004

Agri-Environmental Policies In A Transitional Economy: The Value of
Agricultural Biodiversity in Hungarian Home Gardens, by Ekin Birol, Melinda
Smale, And Agnes Gyovai, April 2004.

New Challenges in the Cassava Transformation in Nigeria and Ghana, by Felix
Nweke, June 2004.

International Exchange of Genetic Resources, the Role of Information and
Implications for Ownership: The Case of the U.S. National Plant Germplasm
System, by Kelly Day Rubenstein and Melinda Smale, June 2004.



120

121

122

123

124

125

Are Horticultural Exports a Replicable Success Story? Evidence from Kenya and
Cote d’Ivoire, by Nicholas Minot and Margaret Ngigi, August 2004.

Spatial Analysis of Sustainable Livelihood Enterprises of Uganda Cotton
Production, by Liangzhi You and Jordan Chamberlin, September 2004

Linkages between Poverty and Land Management in Rural Uganda: Evidence
from the Uganda National Household Survey, 1999/00, by John Pender, Sarah
Ssewanyana, Kato Edward, and Ephraim Nkonya, September 2004.

Dairy Development in Ethiopia, by Mohamed A.M. Ahmed, Simeon Ehui, and
Yemesrach Assefa, October 2004.

Spatial Patterns of Crop Yields in Latin America and the Caribbean, by Stanley
Wood, Liangzhi You, and Xiaobo Zhang, October 2004.

Variety Demand within the Framework of an Agricultural Household Model with
Attributes: The Case of Bananas in Uganda, by Svetlana Edmeades, Melinda
Smale, Mitch Renkow and Dan Phaneuf, November 2004.



