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Abstract

There is a growing disparity between the disciplines that aim to understand and explain the phenomena and relation-
ships that characterise the environment. Social physics leads towards finding universal relationships in data on the basis of
well-understood and statistically robust methodologies. Recent trends in quantitative geography have focused on empirical,
visual, exploratory and local methods to reveal patterns that can subsequently form part of a model specification to design
experiments and test hypotheses. The information technology data explosion during the last two decades has increased
differences between the social physics and the quantitative geographical paradigms.

The view expressed here is that problems in spatial analysis and modelling have been deliberately ignored to date or treated
as a special case of aspatial modelling. To continue such a trend would imply that location is not relevant for spatial analysis.

This paper reviews misconceptions surrounding the use of spatial data and describes a set of spatial analysis methodologies
to permit scale-sensitive and location specific analyses of socio-economic and biophysical data from a range of sources using
examples that demonstrate the need for more geographical approaches to inherent geographical problems.

The examples illustrate that scale and aggregation artefacts can be observed, accounted for and even used to advantage, new
relevant areal units can be designed within GIS environments, and that system boundaries of complex agro-ecosystems can
be automatically derived from the combination of a spatial regression model and a neural classifier. © 2001 Elsevier Science
B.V. All rights reserved.
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1. Introduction

1.1. The problem

There is an increasing awareness that past assum-
ptions relating to scale of analysis and extrapolation
or results may have been flawed (O’Neill and King,
1998, provide an excellent review). This awareness is
not only confined to geography, but is also evident in
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other spatial sciences such as ecology, anthropology
and economics. It is possible that some hierarchical
models, that dictate the use of one modelling method
over another, do not represent the system under study
with a great deal of accuracy (Hobbs, 1998). Indeed,
when a systems view is taken to its logical extreme
there are no parts at all and what is called a part is
merely a pattern in an inseparable web of relationships.

A common theme in Ecological Scale (Peterson
and Parker, 1998) is that it is becoming more and
more evident that levels of organisation are not scalar
but rather definitional — in that they come solely
from the observer — and at each user defined level,
phenomena exhibit properties that do not exist at
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other levels. This concept of emerging properties
marks a dramatic shift in thinking from simplifica-
tion and reduction (modelling discrete entities) to an
acceptance that complexity in science is the norm
(modelling patterns and relationships).

One of the most pressing methodological issues
deals with cross-scale analysis of data through farm,
village, regional and country levels. While the actual
models used will depend upon data availability, some
general rules and methodologies can be developed.
An outstanding issue relates to incorporating space or
location as an explanatory variable, equivalent perhaps
to more traditional variables. Efforts using an approach
based on multivariate statistics and factor analyses
suggest that dynamic spatial modelling across geo-
graphic scale can be incorporated into more traditional
dynamic temporal analysis (Veldkamp and Fresco,
1996). Given that structural heterogeneity is widely
accepted as the norm within ecosystems, applications
of system theory will require explicit identification of
the role of spatial structure of socio-economic as well
as traditional biophysical factors in examining future
impacts of alternative interventions.

Theoretically, if the smooth (spatial trend) and
rough (hot-spots or outliers) components of a data
set can be determined across a very broad range of
scales, then a hierarchical model can be imposed onto
the data set for hypothesis testing and future exper-
iment design (Haining, 1990). Furthermore, if these
hierarchical levels can be related to management
levels, a powerful methodology can be developed
for relating decision-making and policy design to po-
tential impact and for improving predictive analyses

Fig. 1. The common non-relationship between units of measurement and units of management.

(Hobbs, 1998). Unfortunately the levels of man-
agement (and at which data are most often avail-
able) and the levels at which a system appears to
be self-organising are rarely congruent, and efforts
must be made to create suitable analytical techniques
to extract, rather than impose, levels of analysis
and to improve the relationships between the two
(Fig. 1).

1.2. Project objectives

The CIAT project ‘Methodologies for integrating
data across geographic scales in a data rich environ-
ment: examples from Honduras’ (hereafter referred
to as the project) developed and documented princi-
ples and procedures for building a scale consistent
database and for performing multiscale characterisa-
tions of agro-ecosystems.

This paper will focus on the multiscale characteri-
sation of Honduran agro-ecosystems for targeting
problems, priority areas and beneficiaries (Fig. 2).
This output was achieved through:

• Comparing and contrasting a subset of socio-econo-
mic and biophysical variables in terms of frequency
distribution, redundancy, noise and extreme values
at different scales of aggregation and disaggre-
gation.

• Performing data reduction and low-dimensional
representation of multiple scales for site sampling
and hypothesis generation.

• Testing the significance of spatial structure in hill-
sides agro-ecosystem characterisation.
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Fig. 2. Central America with Honduras in dark grey (the dot indicates the Tascalapa watershed).

The aim being to assess the importance of scale,
location, and organisation within agro-ecosystems by
integrating available spatial data sets across a range
of geographic scales. This research has aimed towards
turning data-rich environments into information-rich
environments, to develop common knowledge bases in
order to facilitate collective action among stakeholders
whose responsibilities require them to view the world
at distinct geographical scales.

Section 2 of this paper reviews pertinent spatial
data issues and desirable modelling criteria that leads
to the list of methodologies presented in Section 3.
Example applications are presented in Section 4 and
are followed by discussions and conclusions.

2. Geographic information science

2.1. GIS issues

The project objective of modelling geographic
information across scales in a data-rich environment

brings together two of the most difficult aspects of
scale in a geographic sense:

• Aggregation and scale effects.
• Local analysis of spatial data and determining the

sampling scale.

Scale effects are prevalent in all data sets and sub-
sequently in all spatial analysis. After a thorough
review of the landscape ecology and geographical lit-
erature, Jelinski and Wu (1996) concluded that there
was no suitable encompassing theory for indicating
how sensitive results are to the scale of the analysis
and to variations in the way in which data are repre-
sented. Openshaw and Clarke (1996), Fotheringham
(1998), Fischer et al. (1996) and many others have
also voiced concern over this lack of theory behind
data representation and a lack of theory behind GIS
in general.

It is of paramount importance to realise that when
analysing spatial data, it may be incorrect to as-
sume that the results obtained from a study region
apply equally to all individuals within that region
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(Fotheringham, 1997). Adopting techniques that can
identify local rather than global spatial relationships,
can help in avoiding this type of ecological fallacy,
as can improved access to data. When spatial data
form part of an analysis, it would seem prudent
that the results should be in the form of a map or
image as well as just tabulated results and general
statistics.

Fig. 3. DTM of the Tascalapa watershed, Honduras (location shown in Fig. 2).

2.2. Scale effects

The digital terrain model (DTM) of the Tascalapa
region in Honduras, shown in Fig. 3, was classified
following a scheme proposed by Wood (1996) into
geomorphological features such as peaks, ridges and
channels. Analysing the surface at scales from 50 m to
5 km (Fig. 4a), even intuitive concepts such as ‘what
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Fig. 4. Various visualisations of a cross-scale analysis of surface features.

is a peak’ and ‘what is a channel’ are scale depen-
dent. Surface features are produced by many processes
ranging from soil processes at the finest scale to plate
activity at the global scale and Fig. 4b charts this
change in feature type for one location across scale.
Fig. 4c summarises the entire data set with a mea-
sure of entropy, indicating regions of high/low scale
dependence.

What is seen is entirely dependent on both how it
is measured and the scale at which it is measured.
Choosing an inappropriate scale, and the results, will
be more likely than unsuitable for the purpose at hand.

2.3. The modifiable areal unit problem (MAUP)

Until very recently, almost all spatial data was only
available in some aggregated form, and was often
aggregated further to suit the users needs. The results
of aggregate analysis are not only related to the degree
of aggregation but also strongly dependent on the
choice of reporting zones. Areal units, such as admin-
istrative boundaries or even image pixels, are usually
determined arbitrarily and are modifiable in that they
can be spatially aggregated in an infinite number of
ways.
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In Openshaw’s study of the MAUP (1984), he
states: ‘The process of defining or creating areal units
would be quite acceptable if it were performed using
a fixed set of rules, or so that there was some explicit
geographically meaningful basis for them. However
there are no rules for areal aggregation, no stan-
dards, and no international conventions to guide the
spatial aggregation process. Quite simply, the areal
units used in many geographical studies are arbitrary,
modifiable, and subject to the whims and fancies of
whoever is doing, or did, the aggregating’. This was
in 1985, and to date the situation has not improved
much. More disturbingly, Gehlke and Biehl (1934)
first explored the concept almost 70 years ago, and
there has been little change since.

Openshaw (1996) points out that in order to
compare zonal objects it must be certain, from a
geographical point of view, that they are indeed
comparable objects, otherwise there is a realm of
comparing chalk with cheese. For example, correlat-
ing the percentage of elderly voters with Republican
voters in Iowa counties, Openshaw and Taylor (1979)
produced almost any result from perfect positive
to perfect negative correlation by manipulating the
reporting zone boundaries. Fotheringham and Wong
(1991) have produced similar disturbing results when
applying the same techniques to site selection and
resource allocation models.

2.4. Implications

Progress in GIS has been mainly in data handling
and user-friendly software rather than spatial anal-
ysis. The potential for misleading or inappropriate
analysis and error is magnified by the availability
of more data, and users who are unaware of the
problem. Aggregation of data must be a controlled
and well-defined process. There is a grave dan-
ger of obtaining biased, misleading, or poor results
when data for possibly inappropriate areal units are
studied.

2.5. Solutions?

2.5.1. Greater access to finer-level data
This would not only enable scale and MAUP effects

to be further explored, but it would also allow analysts

to produce data sets that are closer to their needs, rather
than relying on predefined aggregated data.

2.5.2. Improve awareness of these problems among
those working with spatial data

Recent texts relating to spatial issues, spatial data
integration and multi-disciplinary GIS applications
such as Ecological Scale (Peterson and Parker, 1998),
People and Pixels (Liverman et al., 1998) and GIS
solutions in Natural Resource Management (Morain,
1999) make no reference to the MAUP, suggesting
that either the problem is unknown, considered unim-
portant, or that it has been deliberately ignored. Yet
as Openshaw and Clarke (1996) adroitly put it ‘It
is unacceptable to assume that the MAUP does not
exist’.

2.5.3. Provide analysts with tools to investigate and
minimise scale and MAUP effects

Much progress and understanding can be gained if
the analyst is able to not only demonstrate the effects
of scale and the MAUP for themselves, but can also
control and define the aggregation process thus cre-
ating suitable areal units for the data (Haining, 1990;
Fotheringham and Wong, 1991; Openshaw and Rao,
1995; Martin, 1998). Another option is to define new
units of measurement. As part of this research methods
for delineating new areal boundaries have been inves-
tigated using a combination of existing GIS method-
ologies, new spatial analysis techniques and neural
networks. This has led to two new approaches to the
problem described in Section 3.

2.6. How can location, scale and the MAUP be
accounted for in spatial analyses?

Scale effects complicate any straightforward under-
standing of spatial data and there is a need to explore
and quantify their nature. Adopting an approach that
furthers understanding about scale effects should en-
able greater focus on the scales that relate to the
process under study. The first stage of the analysis is
both exploratory and empirical. Emphasis is placed
on visualisation of the data at a range of scales, to
detect the variation in variables and relationships with
respect to scale. The second stage suggests improved
scale-sensitive process orientated representations and
models.
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3. Methodologies

Here we briefly review the range of methodolo-
gies. Firstly, a spatial characterisation toolkit was
created using a combination of traditional and new
techniques. Secondly, two methods were adopted for
accommodating the MAUP, one previously published,
one a novel approach of the project. Finally, a new
method of estimating spatial structure and defining
system boundaries was investigated by combining
two new methodologies for multivariate data analy-
sis. Colour illustrations and further information are
available online (http://www.ciat.cgiar.org).

3.1. Developing an exploratory analysis toolkit for
assessing scale effects

It is clear that statistics, tables, graphs and tradi-
tional exploratory analysis are not enough to describe
the complex, scale-dependent relationships that exist
in geographic data. From that viewpoint, it becomes
imperative that any analysis pertaining to be spatially
explicit must have results that are mappable. For this
reason, primarily maps represent the majority of the
examples in the paper.

3.1.1. Characterising spatial data across scales and
across locations

The most commonly applied technique for resam-
pling spatial data is known as convolution filtering,
sometimes called moving window sampling or kernel
filtering. It is a flexible technique that can be applied
to point, areal and image data types.

A (circular) window moves over the study region
and for any given location, all data falling within that
window are filtered to produce a new data value for
that location. This method of intensive sampling does
not aggregate the data set spatially (i.e. if the input
data has 100 points, so will the output; if the input
image has 1000 pixels, so will the output) but rather
it extracts certain characteristics from the data. The
window can contain any number of functions, from a
simple mean filter to a diversity index, to a measure
of spatial autocorrelation, to a multivariate regression.
Table 1 lists the functions that have been applied. By
repeating the process with a wide range of window
sizes, the effects of scale can be visualised and
assessed for every location in the region.

Table 1
The local statistics and their global counterparts that have been
applied in the project

Statistic Local Global

Momental measures Yes Yes
Quartile measures Yes Yes
Majority/minority filters Yes Yes
Autocorrelation (standard and anisotropic) Yes Yes
Correlation coefficients Yes Yes
Semivariance (standard and anisotropic) Yes Yes
Spatial lag operators Yes Yes
Getis and Ord G∗ statistic Yes Yes
Lacunarity measure Yes Yes
Diversity indices Yes Yes
Join count analysis No Yes
Clustering algorithms (GAM) Yes No
Texture analysis Yes No
Morphometric analysis Yes No

Traditionally, the type of data being filtered will
define the window size (pixels, distance to points,
nearest neighbours, degree of connectivity between
regions).

3.1.2. Extending the concept of a spatial
neighbourhood

All these measures are based on Euclidean distance.
Other factors such as time, cost, energy or accessibility
might be more appropriate, dependent on the data, the
scale and the purpose of the analysis. Two locations (A
and B) might well be equidistant from a third location
C, yet the time or cost required to travel from A to C
could be twice as much to travel from B to C. Fig. 5
highlights the differences between a distance buffer
and a time buffer around two locations in Honduras.

3.2. Deriving geographically sensible regions to
represent the data

There is little doubt amongst geographers that the
MAUP is one of the biggest bottlenecks for perform-
ing sensible spatial analysis, but it appears that the
message has been slow to spread to other spatial
disciplines. Any study region is characterised by a
spectrum of social, cultural, physical, economic and
agricultural factors and constraints, and traditional
spatial units (watersheds, political units, pixels) can-
not claim to represent all four of these dimensions,
and hence other spatial units are required.
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Fig. 5. Distance (top) and travel time (bottom) from Tegucigalpa and San Pedro Sula in Honduras.

3.2.1. Regionalisation and zone design algorithms
Of the methodologies reviewed in this report, this

is possibly the most conflicting and controversial.
Once it is accepted that the results of studying zonal
data depends on the particular zoning system that is
being used, then it is no longer possible to continue
using the normal science paradigm. The data are not
fixed; therefore the results depend, at least in part, on
the areal units that are being studied; units that are
essentially arbitrary and modifiable. The selection of
areal units, or zoning systems, cannot therefore be
separate from, or independent of, the purpose and
process of a particular spatial analysis; indeed it must
be an integral part of it (Openshaw, 1984).

Zone design or regionalisation is based on a spatial
optimisation process, where n original zones are

reduced to m output zones, with the constraints
that each of the original zone belongs to only one
m zone and that all members of the output zone
must be connected. Essentially it is a constrained,
non-linear, integer, optimising problem that can only
be solved via heuristic methods such as simulated
annealing.

Regionalisation algorithms not only provide evi-
dence of the potential for misinterpretation of spatial
data, but also are a means to explore and develop
new meaningful data representations. Since the zone
simplification is a controlled process, there is greater
confidence that the new areal units are indeed compa-
rable, unlike many other geographical analyses where
the data are represented by units that are neither
similar, comparable nor relevant.
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A software tool called ZDES (Zone DEsign
System) developed by Openshaw and Rao (1995) has
been applied in this project to perform this type of
user-controlled data reduction.

3.2.2. Delineating new study regions with a
cost–distance algorithm

Instead of using existing areal units as the basis
for regionalisation, it is also possible to define com-
pletely new areal units using some common GIS
algorithms. One possibility is a cost–distance func-
tion, which is available in GIS packages such as
ArcInfo and IDRISI. Specifically the algorithm takes
a target coverage, such as a map of markets, hospitals,
schools or any other point of interest, and a friction
coverage, where friction is some measure of the cost
required to travel from any location in the study re-
gion to the nearest target, and computes catchment
areas around each of the targets. The friction surface
can be a combination of roads, rivers, slopes, land
use, international boundaries, indeed anything that is
relevant to the study at hand. In this way, the analyst
can explicitly define the cost required to gain access
to each location. Then the cost–distance algorithm
is applied and a set of explicitly defined the catch-
ments are generated around each target. These sheds
can be applied to many other types of target (health
care and schools are two possibilities) to generate
ecoregional-sheds.

These generated units are unique in that:

• Each catchment is focused on a resource or market,
commonly referred to as a target.

• They are defined by local physical, agricultural and
economic factors.

• The units are dynamic since they adapt with
temporal changes in the input data.

• Accessibility is an inherently scaleable framework.
• They can be applied to a range of issues.
• They are entirely user and purpose defined.

The final point is critical. It is possible to create
exactly the areal units or boundaries that are required
by explicitly stating the focal point or resource that the
local population need to access, and their potential to
gain access to it. This cost–distance algorithm is only
one possible approach to the MAU problem within a
GIS environment.

3.3. Defining spatial structure and system boundaries

The increasing availability of large and complex
spatial data sets has led to a greater awareness that
conventional statistical methods are of limited use,
and that there is a need to understand local variations
in more complex relationships. In response, several
attempts have been made to produce localised ver-
sions of traditionally global multivariate techniques,
with perhaps the greatest challenge being to produce
local versions of regression analysis (Fotheringham
et al., 1997).

Regression is the most commonly applied method
for multivariate analysis, and is the focus for this sec-
tion of the paper. However, before regression can be
considered as an analytical framework for discovering
the spatial structure within complex agro-ecosystems,
it is useful to reiterate the seven classical assumptions
that must be met in order for the OLS estimates to be
the best available.

1. The regression model is linear in the coefficients
and has an additive error term.

2. The error term has a zero population mean.
3. All explanatory variables are uncorrelated with the

error term.
4. Observations of the error term are uncorrelated with

each other (no serial correlation).
5. The error term has a constant variance (no hetero-

skedasticity).
6. No explanatory variable is a perfect linear function

of any other explanatory variable.
7. The error term is normally distributed.

This places fairly restrictive limitations on what
can and cannot be reasonably expected of an OLS
regression in a spatial context. With that in mind,
the assumptions can be compared with a list of some
of the characteristics of spatial data and the con-
sequences for regression modelling (Table 2).

Some of these characteristics are always present,
which all too often means that the majority of tradi-
tional statistics or modelling techniques are inappro-
priate, invalid or too general. Since this realisation
(in the 1950s), two distinct branches of research have
appeared.

• The continued application of these models either
in ignorance of the autocorrelation case or on the
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Table 2
Spatial data characteristics and the problems for regression modelling. Sources (Openshaw and Openshaw, 1997; Haining, 1990)

The characteristics of spatial data Potential consequences

The presence of spatial dependencies and autocorrelation Inferential tests invalid, inflated R2

Non-linear relationships Non-independent residuals
Presence of discontinuities Distorted model fit
Non-stationarities Error estimates are biased
Non-normal frequency distributions Inferential tests invalid
Scale and aggregation dependencies (MAUP) Meaningless results
Mixtures of measurement types Need a GLM (logistic model)
Surrogate data and proxy variables Inferences are suspect
Noisy, incomplete and often ill-suited Inferences are suspect
Data outliers Model is distorted
Varying degrees of data reliability and understanding Meaningless results
Huge amount of variables, some of which are redundant Inefficient, need a stepwise model
Non-numeric data Need a GLM (logistic model)

grounds that biased-coefficients problem refers only
to the use of the general linear model in forecasting
and prediction, and does not affect the procedure as
long as it is used purely for descriptive purposes.

• The development of procedures for spatial forecast-
ing, with a focus on the patterns rather than on their
generating processes, i.e. deducing spatial processes
from mapped patterns (Johnston, 1991).

Of the problems stated in Table 2, there are three
that require direct intervention in the design of a
multivariate analysis for spatial data. In order of
importance (Griffith and Amrhein, 1997), they are:

• The variations in relationships and processes over
space (spatial non-stationarity).

• The spatial dependencies across space and across
variables (spatial autocorrelation).

• That geographical data rarely have a linear distri-
bution.

If non-stationarity in a regression model can be
dealt with, then it can be further adapted to address
the two lesser difficulties of non-linearity and auto-
correlation. One method for accommodating spatial
variation within a regression analysis framework is
geographically weighted regression (GWR), which
has been adapted and extended in this research as
a method for detecting system boundaries within a
multivariate analysis.

3.3.1. Geographically weighted regression
GWR accounts for the spatial ‘drift’ in linear rela-

tionships (Fotheringham et al., 1997), by localising the

regression (placing it inside a kernel) and accepting
that linearity does exist, but only over limited spatial
scales. This concept is valuable for several reasons:

• It allows greater insights into the nature and accu-
racy of the data under scrutiny.

• It provides a detailed understanding of the relation-
ships and their spatial variation.

• It demonstrates the possible naiveté of conventional
approaches to data analysis that often ignore spatial
non-stationarity.

• It allows a more detailed comparison of the rela-
tive performances of different types of analysis or
different models (Fotheringham et al., 1997).

It is possible to test whether hypotheses such as
does the GWR model describe the data better than a
global regression, and do the regression coefficients
vary significantly over space for a given scale? The
ability to not only model spatial variation but also
to map the regression parameters and goodness-of-fit
measures makes GWR a very attractive option for
analysing spatial structure. By mapping the coeffi-
cients, regions where a coefficient ‘flips’ between a
positive and negative contribution are revealed. This
method produces a huge amount of output informa-
tion — each coefficient is now represented by a map
rather than a solitary number. The problem of how to
condense this information into system boundaries is
dealt with in the following section.

3.3.2. Self-organising maps for data characterisation
The surfaces that are generated by GWR can be

viewed as a set of system parameters that can be
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combined to define system boundaries. These bound-
aries can be discovered by applying some form of
classification or clustering to the parameters. Any spa-
tial structure or organisation would be visible if there
is some degree of clustering in the parameters and in
their spatial distribution.

The data set must also exhibit some clustering ten-
dencies in order that the use of clustering algorithms
would be sensible at all (Kaski and Kohonen, 1996).
Where there is no relevant understanding or no func-
tion to optimise, a potential solution for deriving sim-
plified data sets is the unsupervised or competitive
learning neural net. The network discovers for itself
the features of the data that matter most by developing
its own featural representation that captures the salient
characteristics of the input data. The only assumption
is that some structure exists.

The self-organising map algorithm (SOM)
(Kohonen, 1997) is a unique method in that it com-
bines the goals of the projection and clustering algo-
rithms. It can be used at the same time to visualise
the clusters in a data set, and to represent the set
on a two-dimensional map of neurons (or processing
elements) in a manner that preserves the non-linear
relations of the data items. That is to say that nearby
items are located close to each other on the map. The
SOM has several interesting properties, namely:

• The mapping represents data in an ordered form,
whereby mutual similarities of data samples will be
visualised as geometric relations of the images that
form the map.

• The natural order inherent in the mapping enables
the map to be used as a groundwork on which the
individual inputs can be visualised as grey levels.

• The structures in the data can be automatically visu-
alised on the map whereby the degree of clustering
is represented by colour coding or shades of grey.

• The commonplace issue of missing data can be
treated elegantly (Kaski and Kohonen, 1996).

The neurons have a specified spatial structure to
them, usually arranged on a two-dimensional grid.
Data sets are ‘dropped’ into the net one by one as
inputs and the neurons compete amongst themselves
for the right to represent the input. The neurons that
is most similar to the input is declared the winner.
Once a winner is found then updating takes place not
only of the winning neuron but also of those within a

certain critical neighbourhood of it, whilst those fur-
ther away are inhibited. This neighbourhood is grad-
ually reduced during training. Once the network has
converged to a solution, the weights associated with
neuron define an efficient partitioning of the multidi-
mensional data. The SOM provides a non-parametric
pattern classification (Openshaw and Openshaw,
1997).

By using the parameter maps as inputs, any strong
spatial pattern in the regression parameters can be
extracted by the SOM and used as a base map for
delineating system boundaries.

4. Example applications

4.1. Bivariate correlation: local analysis versus
global analysis

The DTM example has shown that cross-scale in-
formation can be easily extracted from spatial data,
and how this information affects interpretation. Here
this process is taken further by indicating how it
might be used for suggesting the direction of further
modelling with the data. Essentially this example is
a comparison of a local analysis of bivariate correla-
tions with national level correlation coefficients using
key agro-economic variables in Honduras, namely
the number of dry months, population density per
aldea and the percentage of farms using improved
varieties.

Local variations in the relationships were compared
to administrative boundaries to ‘eye-ball’ regions
where the municipios do or do not adequately rep-
resent the underlying patterns in the data. Fig. 6a
shows the agricultural productivity per aldea (white
is low, black is high), and Fig. 6b represents the
three variables to be correlated with productivity;
improved varieties, rainfall and population density,
respectively, where again darker shades indicate higher
values.

The first stage is to conduct the correlation analysis
at a huge range of scales, to give an indication of the
rate of change of the measurement with scale. Fig. 7
shows three graphs, one for each variable, comparing
the range of correlation values that were generated
for each scale. These values were computed by mea-
suring the correlation at 3730 locations (the number
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Fig. 6. Agricultural income and three correlate variables (seed varieties, rainfall and population).

of aldeas in the data set) at each scale, and computing
the maximum, minimum and average values. Each
variable clearly responds differently to changes of
scale although the general trend is the same; great
variation at fine scales with coarser scales tending to-
wards the global result. The global correlation result
is included with each graph.

Presenting maps for each scale would be very labo-
rious, so one scale (24 nearest neighbours) has been
chosen that corresponds to the number of aldeas in
the majority of municipios. For visualisation pur-
poses, the correlation coefficient is mapped as an
interpolated surface. Fig. 8a is for improved varieties,
Fig. 8b for monthly rainfall and Fig. 8c for population
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Fig. 7. Summarised correlation across-scale between agricultural income and each variable.

density. There are several points to note from these
images.

• The variations from the global correlation value are
not random in their location, and there are strong
spatial patterns in each correlation data set. These

patterns possibly relate to local processes, which
could improve the understanding of the dynamics
within the agricultural system.

• Any further multivariate analysis is likely to miss
these variations and will probably not generate
a good fit to the data set. A localised regression



120 A. Nelson / Agriculture, Ecosystems and Environment 85 (2001) 107–131

Fig. 8. Surfaces of local correlation for the three variables (seed varieties, rainfall and population).
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method based on a similar neighbourhood function
is presented in Section 4.3 and this same data set
is used to investigate the significance of spatial
structure.

• The patterns generated do not correspond in any
regular way to the municipio boundaries. In some

Fig. 9. Infrastructure and travel cost (upper), generated boundaries and travel time (lower).

instances there are very good fits between the
boundary and the underlying data (e.g. the high-
lighted areas in Fig. 8a and b and large areas of
Fig. 8c), but in most cases they are not. With the
exception of monthly rainfall (since monthly rain-
fall patterns change little over such small regions as
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municipios) aggregation to municipal boundaries
will distort and may destroy these relationships.

4.2. Generating ecoregional-sheds

This study compares accessibility to markets with
the Von Thünen model. The Von Thünen model defines
concentric rings of land use surrounding an (isolated)
market based on Euclidean distance from the mar-
ket. With accessibility, bands of land used are defined
based on time to market, changing the symmetrical na-
ture of the model. This can be seen as a simple adap-
tation of the Von Thünen model where time replaces
distance. It is expected that the amount of agricultural
land will decrease steadily with increased distance
from the market, and likewise the amount of forested
land should increase. Additionally, urban or degraded
land should decrease with distance from market.

The test site for this study surrounds the CIAT
benchmark site of Tascalapa, in the municipios of
Yorito and Sulaco. The main road runs north–south

Fig. 10. Land-cover classes.

through the two municipios, passing through the town
of Yorito and other aldeas (Fig. 9a). The road net-
work and slope map were combined to create an ease
of travel surface (Fig. 9b) and along with the aldea
centres were used to compute the boundaries (Fig. 9c)
and accessibility (Fig. 9d) around each aldea. Fig. 10
shows the land-use/land-cover images (1994, TM
image, 30 m resolution) that was available for this
region. This land-cover image was combined with the
access map to determine the percentage of land use
within each time band. For ease of visualisation the
land classes have been reduced to farmland, forested
and other (urban areas, degraded land or bare soil).
The distance map and the land-cover percentages per
distance band are represented in Fig. 11a and b, re-
spectively. As expected there are definite trends for
each class in each image:

• The percentage of the farmland class decreases with
distance.

• The percentage of the other class decreases with
distance.
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Fig. 11. Distance (upper) and time (lower) compared to land cover for all aldeas.

• The percentage of the forested class increases with
distance.

Similarly, travel time from each aldea (Fig. 11c)
was combined with the land-cover image, and percent-
age land cover per time band was calculated (Fig. 11d).
The same strong trends are evident for all three land
classes in both time periods.

The town of Yorito is recognised as being the
major local market for this area, and so the experi-
ment was repeated for Yorito only. Does the major
local market have an influence on the surrounding
land-use patterns? Fig. 12a shows the distance in kilo-
metres around Yorito, and Fig. 12b the corresponding
land-cover percentages per distance band. The trends
have completely changed in the distance model, the

majority of forested land appears to be nearer to
Yorito than the majority of agricultural land, which
exhibits a U shaped histogram. But when travel time
is considered (Fig. 12c and d) the same trends appear
for Yorito as in all the aldeas.

The relationship between land use and distance/time
is both clear and intuitive at the local level. Each aldea
has an influence on its surrounding land use. The rela-
tionship between land use and distance has been lost
in the ‘up-scaling’ from local population centres to the
major local market. However the accessibility model
has retained the overall relationship, suggesting that
boundaries and surfaces of accessibility are a better
framework in which to study market linkages and the
relationships that exist in agro-ecosystems at one or
more scales. The project has also performed analyses



124 A. Nelson / Agriculture, Ecosystems and Environment 85 (2001) 107–131

Fig. 12. Distance (upper) and time (lower) compared to land cover for Yorito.

for two land-cover dates across three test regions in
Honduras with similar results.

4.3. Geographic regression and system boundaries

This example examines the link between agricul-
tural labour productivity and natural resource, socio-
economic and farming system variables at the national
level in Honduras. An OLS regression was applied
to the variables followed by a GWR model, and the
results compared.

Each variable has been calculated at the aldea level.
The spatial distributions of some of the dependent
(average production per worker) and independent vari-
ables are shown in Fig. 6 as interpolated surfaces. Note
that this interpolation is for visualisation purposes and
does not play any part in the model. There is a strong
spatial trend in the dependent variable with the low-
est production values being in the south west near the

El Salvadorian border, and the highest values being
in the plantation areas of the Caribbean coast and the
sparsely populated Mosquita region to the east.

There is little collinearity in the independent vari-
ables and an OLS regression model was applied, with
the results shown in Table 3. All variables are signi-
ficant (at the 1% confidence limit) and the parameter
estimates have the expected signs (positive for rain-
fall, education, credit, technical assistance, labour and
improved varieties, and negative elsewhere). However
the fit (0.38) is not great, although it is not too bad
considering the number of independent variables. The
local correlation analyses in Section 4.1 suggest that
a GWR model could be justified.

A GWR model was applied to the data, and a
cross-validation procedure determines the optimum
bandwidth of 51 km (shown in Fig. 14). The results
of the GWR model are summarised in Table 4, where
the summary values for each parameter are presented
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Table 3
Tabulated OLS results (root mean square error = 0.371)

Parameter Estimate Standard error T-test

Intercept +3.843 0.0377 +101.5
Months of rainfall +0.050 0.0020 +25.3
Access to ports +0.003 0.0002 −14.4
GINI coefficient −0.400 0.0353 −11.5
Level of education +0.014 0.0012 +11.6
Technical assistance +0.001 0.0001 +3.8
Credit +0.001 0.0001 +4.8
Temporal labour +0.009 0.0023 +3.9
Improved seed varieties +0.003 0.0002 +12.1
Population density −0.014 0.0011 −12.4
Access to market towns −0.002 0.0004 −4.8

as the model varies across the region. The variations
in each local parameter lie outside the range of their
global values and standard errors. Every parameter
(except the intercept) changes sign across the region,
and these variations are visualised in Fig. 13, where
dark regions are below the global value and light val-
ues are above. Very dark or very light shades indicate
greater variation from the global value (in white). The
GWR R2 values are represented in Fig. 14 where dark
shades indicate that an improvement over the OLS
model was achieved. Table 5 justifies the application
of a GWR model.

Table 4
GWR results (with a bandwidth of 51 km)

Parameter Minimum L. quartile Median U. quartile Maximum

Intercept +0.788 +3.962 +4.363 +4.542 +6.423
Months of rainfall −0.229 −0.001 +0.011 +0.033 +0.290
Access to ports −0.007 −0.003 −0.000 +0.003 +0.016
GINI coefficient −0.675 −0.532 −0.419 −0.314 +1.149
Level of education −0.059 +0.008 +0.010 +0.012 +0.049
Technical assistance −0.003 +0.000 +0.001 +0.001 +0.003
Credit −0.003 +0.000 +0.001 +0.001 +0.004
Temporal labour −0.048 +0.004 +0.010 +0.016 +0.081
Improved seed varieties −0.026 +0.002 +0.002 +0.003 +0.073
Population density −0.118 −0.021 −0.016 −0.013 +0.014
Access to market towns −0.010 −0.001 +0.001 +0.004 +0.007

Table 5
ANOVA comparison of the OLS and GWR models

Source of variation SS MS Definitions

Ordinary least squares regression 236 0.037 SS (residual sum of squares)
GWR 220 0.034 MS (mean square)

The contribution of each variable in the regression
equation has changed over the study region, including
sign change from positive to negative and vice versa.
For instance, the access to ports (globally positive)
parameter is highest in the areas nearest to the ports,
implying that the cost of transport to the ports is pro-
hibitive past a certain threshold. Conversely, access
to towns (globally negative) has a positive impact
for those regions with little access to ports. There is
an inverse relationship between temporal labour and
education, suggesting that labour costs are greater
where literacy rates are higher. Another revealing
pattern is found in the population density parameter
(globally negative), which is only negative in isolated
inaccessible areas, such as the eastern and western
extremes of the country with little road access. The
rate of change of each parameter is related to the
chosen bandwidth, a smaller bandwidth leads to rapid
changes and conversely as the bandwidth with tends
to infinity, so the GWR model tends to the OLS re-
sult. Here the bandwidth is relatively large, creating
surfaces with gradual trends. The next step is to use
these parameter maps as inputs to the SOM to extract
system boundaries from the model.

The 11 parameters for 3500 locations were norma-
lised and a two-dimensional map of 24 × 12 neurons
used to represent the data structure. Training took
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Fig. 13. Three parameter maps: intercept (upper); access to towns (middle); rainfall (lower).

about 1 h on a PC laptop and a very low quanti-
sation error of 0.81 was achieved. The output map
is shown in Fig. 15a where similar hues of grey
indicate clustering and rapid changes in colour rep-
resent the different patterns within the parameters.
The shading was applied directly to a map of aldeas

(Fig. 15b). Not only are there strong patterns within
the parameters (from the SOM map), but the pat-
terns also have very strong geographic distributions
with definite boundaries (from the geographic map).
There are a few isolated aldeas, such as the dark re-
gion on the eastern coast, but in general, the groups
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Fig. 14. R2 map from the GWR model, darker shades indicate higher R2 values.

are compact and contiguous. Table 6 lists the seven
groups, their locations, and the main agriculture asso-
ciated with each region. The seven groups relate well
to the predominant farming trends and agro-economic
trends that are known to exist in Honduras, although
the grouping of Atlantida (north coast) and a large
swathe of south-western Honduras seems counter
intuitive.

5. Discussion

This paper has presented a series of techniques and
tools that allow spatial data sets to be constructed
and de-constructed in a generalised, yet context sen-
sitive manner. We state that the outputs from such
techniques can be explored and described through
various user-defined levels, thus revealing spatial
patterns and processes that are arguably more use-
ful than raw data or standard representations. Fur-
ther, hypotheses and models can be developed based
on the improved understanding that such mapping
techniques provide. Additionally, the opportunity to
re-express the data at different levels — levels ap-
propriate to different decision-makers — enables
conflicts to be rapidly highlighted and the effects of a
decision at one level to be visualised at other levels of
organisation.

5.1. Putting geography back into the equation

These techniques can be applied to most common
GIS data types, and operate very rapidly across several
scales. The cross-scale ‘signatures’ that are generated
are a method of attaching a degree of confidence to
spatial data by assessing their scale dependence and
ability to faithfully represent spatial patterns. It can
also be used for sensitivity analyses, which is espe-
cially important if the data is being used for spatial
policy or decision-making. The method does however
produce a large amount of data (one data coverage per
scale analysed) and further work is required to
permit equally rapid visualisation and assessment of
the results. The summary images shown in Figs. 4c
and 15 are ways of achieving this.

It is also possible to use local statistics to extract
potential new levels of analysis from the data. There
are often compelling reasons to analyse data at in-
appropriate ‘fixed’ levels. Local statistics reveal how
these fixed levels relate to the underlying data, and to
determine if there are areas where the fixed levels do
fit the data and areas where they do not.

The regionalisation methods are part of a recent
trend in quantitative geography where the user is
becoming increasingly able to define their study re-
gion precisely. The zone optimisation algorithms are
computationally intensive although this becomes less
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Fig. 15. The SOM output map (top) with the shades of grey mapped back onto Honduras (bottom).

Table 6
The groups defined by the self-organising map, and their general locations

Group Region

Black Concentrated in three very poor inaccessible areas
Very dark grey Two plantation areas, Gracias a Dios and around San Pedro Sula
Dark grey The ranching region of Olancho
Grey Impoverished areas in Choluteca and the west
Light grey The area close to Tegucigalpa
Very light grey Central Honduras, hillside smallholdings are predominant
White Two zones, Atlantida in the north and south-western Honduras
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relevant day by day as computing power increases
and hardware prices fall. The cost–distance algorithm
provides another option whereby new regions can be
built based on ancillary data. Freely available world-
wide data sets for slope, roads, rivers, towns and land
cover means that this method is not dependent on a
data-rich environment. Dynamic ecoregional-sheds
can be created for practically any location and any
user-defined purpose, although further work on the
algorithms sensitivity to data resolution is required.
The concept of delineating unique regions for each
case study could be difficult to introduce, since there
is a deeply ingrained heritage of doing exactly the
opposite. For example, watersheds have been used
for practically everything from studies on poverty
alleviation to transport development.

The GWR model is another methodology that uses
maps as analytical tools, and if nothing else it high-
lights the conceptual flaws in applying non-spatial
methods to spatial problems. GWR could also be run at
several different bandwidths as part of an exploratory
analysis. Neither the GWR nor SOM have been de-
veloped by the project, but their combination repre-
sents a first attempt to convert multivariate parameter
maps into system boundaries in such a manner. This
method is particularly elegant since it is an automated
process, GWR locates an optimal bandwidth and
generates the parameter maps, and SOM takes the
parameters and generates an optimal representation
of the data, with no user input or tweaking of model
parameters.

SOM has also been used in this project as a data
reduction method to convert census variables into
indices (e.g. well-being). This kind of data reduction
or ranking becomes very useful when combined
with a method of detecting spatial clusters — such
as Openshaw’s Geographical Analysis/Explanation
Machines (Openshaw and Openshaw, 1997) —
to locate and explain blackspots or areas of high
risk/vulnerability.

5.2. GIS and its role in interdisciplinary research

The functionality of GIS can be classified into three
levels:

1. The use of GIS to do simple things that we have
always done.

2. The use of GIS to do complex things that we seldom
or never do.

3. The use of GIS to do new things that revolutionise
thinking and create new hypotheses (Arnold and
Appelbaum, 1996).

The techniques herein (‘level 2’ functionality) can
be applied to the huge, multivariate, and very com-
plex databases that are fast becoming the de-facto
standard in many projects that have a geographical
nature. GIS have often languished as the role of data
mapper (‘level 1’) in many interdisciplinary projects,
and while such use is often valuable and necessary,
there is the potential for GIS to play a far more in-
teresting role that can lead to new possibilities and
the heady heights of ‘level 3’ type contributions. The
techniques are neither perfect nor all encompassing
(e.g. the GWR application did not address spatial au-
tocorrelation, although it could be included) but they
do address some of the important issues and problems
that plague many spatial analysis applications.

As Gardener (1998) states, the identification of
appropriate scales for analysis and prediction is an
interesting and challenging problem. Although the
factors producing scale-dependent patterns may not
be clearly understood, accurate and reliable descrip-
tions of scale-dependent patterns and processes are
required, to design data sampling procedures and test
the accuracy and reliability of methods of prediction.
There is clearly some way to go before scale effects
can be fully understood and accommodated, but this
research has aimed to be a ‘next step’ in that process.

6. Conclusions

Scale effects make any single or multivariate analy-
sis of aggregated spatial data highly suspect, and one
way of assessing the importance of scale effects is to
document the effects by reporting results at different
levels of data manipulation. However, great care must
be taken to ensure that these levels are context specific
and not imposed on the data a priori. Such context
specific reporting can be made easier by the increased
use of techniques such as those presented here.

The existing methodology of optimised regional-
isation has been complemented with a new concept
based on a spatially explicit cost–distance function to
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generate regions that can adapt dynamically. It is able
to represent a wide range of factors and still remain
easy to use and intuitive.

Explicit identification of the role of spatial structure
of socio-economic as well as traditional biophysical
factors was made possible by the novel combination
of a GWR model and an unsupervised neural-network.
There was considerable variation in the parameters
across the country that could be interpreted at re-
gional and national levels. The parameters from the
GWR model exhibited a strong spatial structure that
was subsequently revealed by the SOM algorithm and
associated mapping. The SOM algorithm generated
an intuitive map of seven agricultural regions that
were defined by their predominant farm types. The
groupings in the map were generated with no a priori
decision on the number of groups to be expected or de-
sired. The output groupings were consistent with prior
knowledge of the regions. The outputs of the combined
GWR model and SOM algorithm have the potential to:

• Quantify and visualise the spatial drift within a data
set.

• Produce better representations and hence under-
standing of local phenomena where spatial variation
is found to be significant.

• Help to generate new hypotheses and experiments
based on this understanding.

• Automatically define regions and system bound-
aries for further analysis.

• Guide the refinement of model specifications for
multivariate data analysis.

7. Online references (software, documentation,
technical reports and colour figures)

Colour figures for this paper, project documents and
technical reports

http://www.ciat.cgiar.org

Geographical Analysis Machine (GAM)

http://www.ccg.leeds.ac.uk/smart/intro.html

Geographically Weighted Regression (GWR)

http://www.ncl.ac.uk/∼ngeog/GWR

Zone DEsign System (ZDES)

http://www.geog.leeds.ac.uk/pgrads/s.alvanides/
zdes3.html

Self-organising Map Package (SOM PAK)

http://www.cis.hut.fi/research/som-research
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