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Epidemiological modelling plays an important role in global
food security by informing strategies for the control and
management of invasion and spread of crop diseases.
However, the underlying data on spatial locations of
host crops that are susceptible to a pathogen are often
incomplete and inaccurate, thus reducing the accuracy of
model predictions. Obtaining and refining datasets that fully
represent a host landscape across territories can be a major
challenge when predicting disease outbreaks. Therefore, it
would be an advantage to prioritize areas in which data
refinement efforts should be directed to improve the accuracy
of epidemic prediction. In this paper, we present an analytical
method to identify areas where potential errors in mapped
host data would have the largest impact on modelled
pathogen invasion and short-term spread. The method is
based on an analytical approximation for the rate at which
susceptible host crops become infected at the start of an
epidemic. We show how implementing spatial prioritization
for data refinement in a cassava-growing region in sub-
Saharan Africa could be an effective means for improving
accuracy when modelling the dispersal and spread of the crop
pathogen cassava brown streak virus.

1. Introduction
A major challenge when modelling epidemics of crop disease
is the lack of complete and accurate maps of the distribu-
tion of susceptible crops across a landscape [1]. The challenge
is especially relevant when addressing epidemic threats to
food production in climate-vulnerable regions. For example,
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in Ethiopia, the absence of high-quality crop type maps is a challenge for modelling the unfolding
wheat rust epidemic [2,3] (but see the recently provided Ethiopian Crop Type 2020 dataset [4] for
a single 2020/21 cropping season). In sub-Saharan Africa, the modelling of the expanding epidemic
of cassava brown streak disease [5] may be sensitive to local spatial uncertainty in crop distribution
[6], and therefore the quality of model predictions relies on the quality of the available data on the
spatial distribution of cassava [7]. The problem of using incomplete or inaccurate crop maps is that
they can amplify uncertainties in modelling the extent and rate of disease spread by (i) either under-
or over-estimating the crop area as well as (ii) failing to account for the spatial structure of crops
(e.g. clustering of crops often at multiple scales with concomitant crop-free gaps). In cases when it
is impossible to rectify incomplete and inaccurate data, models and methods that use partial data
have been proposed (e.g. in modelling the spread of livestock diseases when exact spatial locations
and clustering of livestock holdings are unknown; see [8–12]). However, additional data collection is
sometimes possible (e.g. by ground-based methods or via remote sensing [13–15]), and this could be
used to refine incompletely mapped data with the purpose of improving the accuracy of epidemic
modelling. The challenge then becomes how to use additional resources for data refinement most
efficiently.

In this paper, we address the problem of finding geographic regions where new data on host crop
distribution would lead to the strongest improvement of the accuracy in modelling the spread of crop
diseases. We aim to develop a rapid analytical assessment method to estimate the impact of potential
inaccuracies in crop datasets on the resulting predictions—derived from computer simulations of an
individual-based model (IBM)—on epidemic spread. Analytical approximations have been used to
address the problems of incomplete host maps in studies of humans and livestock by mapping local
changes in the basic reproduction number R0 to assess regions at risk [16] and to design and implement
vaccination strategies [17]. Sellman et al. [12] also used local estimates of R0 to assess the effects of
clustered disaggregation of county-scale livestock premises on epidemic predictions. Suprunenko et al.
[18] developed an alternative approach based upon the infection rate, r, to predict the impact of the
spatial structure of a crop landscape on epidemic dynamics of crop disease. The method involved the
calculation of the infection rate r, which has the advantage of encompassing susceptible–infected (SI)
epidemics for which R0 is undefined, while also applying to SIR epidemics, where R0 = r/μ and μ is the
removal (or recovery) rate of infected fields.

We now use the approach of Suprunenko et al. [18] to develop a method of spatial prioritization of
areas for new data. Our focus is on crop disease, but the approach has wider applicability. For example,
whereas the total number of livestock premises was known in the analyses of Sellman et al. [12], our
method allows for uncertainty in the numbers of susceptible crops (analogous to livestock premises)
across a landscape through which a pathogen is spreading.

We illustrate the application of the method to the analysis of the spread of cassava brown streak
virus (CBSV) in an arbitrarily selected cassava production region in sub-Saharan Africa. Cassava is one
of the most important staple food crops. An estimated 800 million people in Africa rely on cassava
for their primary calorific intake [19]. Cassava production in sub-Saharan Africa has come under
increasing pressure due to the rapidly expanding range of CBSV [20–23]. Recent work has provided
improved maps of cassava production in sub-Saharan Africa [7] that were then used in combination
with a parametrized epidemic model to predict spread and arrival times of CBSV throughout the
region [5]. In this paper, we show how to identify local areas within the host crop (cassava) landscape
where potential errors in maps of cassava production would impact most strongly on predictions
of CBSV spread. The analyses show that surveying and refining data in certain areas substantially
improve accuracy in predictions of the epidemic spread model. Hence, correcting for insufficient or
inaccurate datasets could provide significant improvement to the preparedness of regions for the
ongoing expansion of CBSV.

2. Material and methods
2.1. Cassava data
The map with currently the highest spatial resolution for cassava production in sub-Saharan Africa
is known as CassavaMap, derived by Szyniszewska [7]. We used the cassava production layer from
CassavaMap [7] and converted it to discrete fields of cassava as detailed in [5] (i.e. one raster 1 km-by-1
km cell can have a maximum of 1000 identical cassava fields) to create a rasterized map that describes
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the spatial distribution of cassava fields in sub-Saharan Africa. For brevity, hereafter we refer to this
map as cassava (or, equivalently, as host or crop) data. A 336 × 336 km2 area was arbitrarily selected
on the border between Cameroon and the Central African Republic. The data describing this area
were denoted as a host landscape H [24] (figure 1). As shown in figure 1, the cassava landscape is
heterogeneous, with the spatial distribution of cassava fields driven by the spatial distribution of the
human population.

2.2. Potential inaccuracies in cassava data
Here, we briefly summarize likely inaccuracies in CassavaMap that stem from inaccuracies in the
underlying data, as reported by Szyniszewska [7]. The map was derived using administrative unit-
level data on cassava production and harvested area from 32 countries [7], and disaggregating the
data according to a rasterized human population density model, LandScan 2014 [25]. CassavaMap is
available at a resolution of approximately 1 km by 1 km. According to Szyniszewska [7], errors in

Figure 1. Host landscape. Data (as raster with spatial resolution 1 km by 1 km) on spatial distribution of cassava production extracted
from CassavaMap [7] and converted to fields [5] (see §2); here, we show the entire 336 km-by-336 km landscape H (available from
Figshare [24]). Raster cells with zero values and those with no data are both displayed in white: grey values (from the raster) indicate
low values. We resolved the 336 km-by-336 km landscape into a square lattice with a mesh size of 24 km. For convenience, the 24
km-by-24 km area outlined by the blue boundary is used in figure 2 to illustrate the analyses that were conducted on the entire 336
km-by-336 km landscape.

Figure 2. Host data and potential errors. (a) The landscape H represents the available data extracted from CassavaMap (figure 1). The
small sample area shown here is the same area outlined by the blue boundary in figure 1. A black arrow in H denotes the location of
a single initially infected cassava field (the same for all landscapes). (b–d) Different scenarios from H to account for potential errors
in the mapped cassava landscape, illustrated on a 2 km-by-2 km area shown above each landscape (see also §2). Each tile represents
a fixed number of fields, and the red tiles in (d) represent +20% in addition to two tiles underneath. In all panels, zero values are
displayed in white.
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the spatial distribution in [25] or in production statistics would result in errors in CassavaMap [7].
Moreover, the size of the human population, as well as cassava production in the current year, may
be very different from the size in 2014 [25], thus affecting the estimate of the area and the number of
cassava fields. Lastly, due to the coarse administrative granularity of input data on cassava production
(e.g. the data from some countries were available only on a national scale [7]), some areas in Cassava-
Map are likely to have cassava production distributed in a flatter manner than in reality because the
spatial variation of cassava production per capita within administrative regions is absent in the input
data. Recent work by Hassall et al. [6] has raised some additional challenges in mapping cassava at
landscape and regional scales: for example, Hassall et al. [6] showed that estimated data (CassavaMap)
were ‘able to capture large-scale regional trends in cassava production but fail to capture the local
variation’ [6]. Here, in the absence of further improvements or detailed mapping of extensive regions,
we treat CassavaMap as the best available starting point to illustrate the application of our method
below.

For the purpose of this paper, we examine two out of several possible scenarios related to the
accuracy of crop maps. First, where the actual spatial distribution of cassava fields is more clustered
than presented in CassavaMap. To illustrate inaccuracies of this type, we used a previously established
method [18] as one of the simplest examples of aggregating hosts locally: we considered the cassava
landscape on a square lattice with a mesh size of 2 km and assumed that cassava fields can be
aggregated within each 2 km-by-2 km cell.

The second scenario represents inaccuracy where the distribution of cassava fields was underes-
timated in CassavaMap due to changing human populations over time. We compared the human
population distribution model [25], used in CassavaMap and its most recent version, LandScan
2022 [26]. The comparison showed [27] that the total human population in the entire territory of
sub-Saharan Africa used in CassavaMap [7] increased by approximately 35% from 2014 to 2022;
while the human population in a smaller territory located, for example, between 13 and 15 degrees
of longitude and between 4 and 6 degrees of latitude (roughly the area considered in this paper),
increased by approximately 17% from 2014 to 2022. Hence, rounding up and considering a linear
relationship between human population and the area of cassava fields, we assumed that the real area of
cassava fields is +20% higher than recorded in CassavaMap.

To illustrate what the actual host landscape might be, we introduced additional scenarios into the
original landscape H (figure 2a) and created the following three alternative landscapes as surrogates
for the actual landscape:

(1) Hclustered 50%—To obtain the landscape denoted as ‘Hclustered 50%’, we considered the original
landscape H on a 2 km lattice, and in each 2 km-by-2 km cell, 50% of all cassava fields were
first removed and then placed onto a northwestern 1 km-by-1 km original raster cell. For an
illustration of this first step, see the 2 km-by-2 km area shown above a landscape in figure
2a, where tiles denote the amount of cassava fields; in particular, removing 50% of cassava
fields from the 2 km-by-2 km area (figure 2a) and then placing the removed fields onto a
northwestern 1 km-by-1 km original raster cell produces a 2 km-by-2 km area shown above the
landscape in figure 2b. If the maximal capacity of a northwestern 1 km-by-1 km original raster
cell was reached, then the excess fields were placed onto a northeastern cell until its capacity
was reached, followed by southwestern and finally southeastern cells (see figure 2b). All fully
occupied cells in the original unmodified landscape H were assumed to remain fully occupied.

(2) Hclustered 100%—To obtain the landscape denoted as ‘Hclustered 100%’, we followed the same
procedure as for Hclustered 50% but using all cassava fields (i.e. 100% instead of 50%) in each 2
km-by-2 km cell (see figure 2c).

(3) H+20%—We obtained the landscape denoted as ‘H+20%’ by adding 20% to the number of cassava
fields present in each original 1 km-by-1 km raster cell. If the maximum number of fields in any
single 1 km-by-1 km cell was reached because of adding new fields, then the excess of fields was
distributed among eight nearest neighbouring cells by populating first the most occupied cell up
to the maximum level, then the remaining most occupied cell, and so on (see figure 2d).

2.3. The model of pathogen invasion and spread
The raster-based compartmental epidemiological SI model of CBSV invasion and spread in sub-
Saharan Africa was formulated in [5] and fitted to the data for CBSV spread in Uganda [5]. The model
[5] used a raster-based power-law dispersal kernel that incorporated pathogen short-distance dispersal
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by an insect vector and long-distance dispersal by movement of virus-infected materials used for
planting [5]. The power-law dispersal kernel was characterized [5] by the exponent α, the proportionp of dispersed inoculum that remains within the source (1 km-by-1 km) cell, and the infection rate
per contact density β. The contact density refers to the spatial density of susceptible cassava fields
that are contacted by an initial infected field via dispersal kernel b x . Here, using the approach of
[18,28], we reformulated the raster-based model from Godding et al. [5] as an IBM with a staircase-like
radially symmetric dispersal kernel (i.e. a radially symmetric version of the raster-based b x  from
Godding et al. [5]). The IBM describes the spread of infection among discrete fields of cassava (treated
as individual hosts located at the centroid of corresponding raster cells, as in [18,28]). An infected field
infects susceptible fields at a distance x with a rate given by the product of the parameter β and a
rotationally symmetric dispersal kernel, b x . We applied the power-law dispersal kernel and selected
the following parameter values from the posterior distribution from Godding et al. [5]: α = 3.75, p = 0.12
and β = 10−3 × exp 6  (see figure 3a); note that the parameter β in this paper is 1000 times smaller than β
in [5] because here it is measured in units (number of fields per area)−1 × time−1 instead of units (number
of raster cells per area)−1 ×  time−1 used in [5]. We considered CBSV invasion and spread over the four
landscapes described above, i.e. H, Hclustered 50%, Hclustered 100% and H+20%. Epidemics were simulated
using the ModelSimulator software presented by Cornell et al. [29].

2.4. Estimating the impact of potential inaccuracies in crop data on the invasion of a pathogen
To determine the impact of potential inaccuracies in the cassava landscape on pathogen invasion using
computer simulations, we considered the difference between the mean number of infected fields, I t ,
at t = 6 months after the start of an epidemic in the alternative landscape, HAlt, and the (360 km-by-360
km) landscape H derived from CassavaMap, i.e. IHAlt 6 − IH 6 , where the alternative landscape is one
of the following: Hclustered 50%, Hclustered 100% or H+20% (figure 3b,c). For simplicity, in all cases, the
same initial location of primary infection is used (figure 2a).

To determine the impact of potential inaccuracies on CBSV invasion analytically, we used an
approximation [18] for the infection rate at which susceptible fields (i.e. individual hosts in an IBM)
become infected at the start of an epidemic:

Figure 3. Impact of potential errors in host data on results of epidemic modelling. (a) Dispersal kernel b x  of a pathogen (CBSV),
sampled from results of parameter estimation by Godding et al. [5] (see §2). (b) Mean number I t  of infected fields of cassava att = 6 months after the start of an epidemic obtained from 1000 computer simulations for each landscape. (c) Mean, median and
percentiles of results of computer simulations shown together with estimates of infection rate r from equation (2.1) multiplied by the
total number N  of cassava fields estimated for corresponding 24 km-by-24 km areas from figure 1.
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(2.1)r = βnS × 1 + 1n2
0

A/2

2πxb x g x dx .

Here, nS (or n) represents the spatial density of susceptible (or susceptible and infected) fields; β is the
infection rate per contact density and b x  is a pathogen dispersal kernel; g x  is the spatial autoco-
variance of fields containing the host crop across the landscape of interest, A, and takes values on
the interval x ∈ 0, A/2 ; g x  is also known as a second-order spatial cumulant (e.g. [29]). Equation
(2.1) provides a spatially local estimate of the infection rate, r, on the local square area A. Denoting
the total number of fields within the area A as N, we have n = N /A. We assumed that a pathogen
was introduced by a single infected field randomly selected from all susceptible fields within area A;
therefore, nS = N − 1 /A. Note that equation (2.1) can be used for estimates of the basic reproduction
number R0 in the corresponding SIR compartmental epidemiological model (e.g. [18,30]): R0 can be

Figure 4. Finding areas where spatial host data should be refined to improve accuracy in crop disease modelling. (a) Presume that the
alternative landscape, H+20%, is a realistic surrogate for the actual landscape (cf. figure 1d), i.e. H+20% has +20% more cassava fields
than landscape H extracted from available data (see §2 for details). (b) Spatial prioritization for data refinement: in each 24 km-by-24
km cell within the entire landscape, we identified five 2 km-by-2 km cells with the highest impact on epidemic spread and denoted
them as ‘top priority areas’, outlined by the red boundary. A small sample area shown here is the same area outlined by the blue
boundary in figure 1. (c) The four landscapes in which no fields are added (H); fields are added inside (H+20% in) or outside top priority
areas (H+20% out) or across the domain (H+20%), subject to a maximum increase of 20% over the default map. (d) Mean number of
infected fields obtained from 1000 computer simulations. (e) Numerical values for mean, median and percentiles of infected fields,
together with estimates of quantities rN  for each landscape. (f) The effect of spatial prioritization and subsequent data refinement
within identified top priority areas on the accuracy of epidemic model predictions (see §3 for details). The computer code and data,
including entire landscapes and the map of top priority areas used in this work, are available from Figshare [24,27].
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approximated as the ratio of r and μ, i.e. R0 = r/μ, where μ is the removal or recovery rate of infected
fields.

We compared the impact of alternative landscapes on epidemic invasion using the difference
between rN in an alternative landscape ( rN HAlt  and in landscape H ( rN H). Positive (negative)
values of this difference, rN HAlt − rN H, mean that an epidemic on the alternative (i.e. presumed
real) landscape on average is larger (smaller) than an epidemic modelled on the landscape H.

As the quantity rN is measured locally, to select the size of the local area to estimate rN, we used
the results of Suprunenko et al. [18] where for the dispersal kernel b x  (cf. figure 3a), it was shown that
the calculation of r on an area A = 8 × 8 km2 (an area determined by the spatial scale of the pathogen
dispersal kernel; see [18]) provides a better agreement with estimates from computer simulations than
on a larger area, A = 24 × 24 km2 (an arbitrarily selected larger area considered in [18]). Therefore, we
considered a host landscape on a square lattice with a mesh size of 8 km for which we estimated values
of nS, n, g x , r and N in each 8 km-by-8 km cell.

2.5. Finding areas where inaccuracies in host data have the strongest impact on the modelled
epidemic invasion

Here, we aim to construct a spatially resolved map of the degree of impact of potential errors in the
host data on modelled epidemics. To achieve the aim using computer simulations would involve
time-consuming efforts requiring a large number of computer simulations using different initial
conditions and different implementations of potential errors. Instead, we adapt the analytical approach
(based on equation (2.1)) to identify spatial reconfigurations of a host landscape that provide the
strongest deceleration of an invading pathogen [18]. First, we assumed that H+20% (figure 4a) is a more
realistic surrogate of the actual landscape than H (i.e. it is a more accurate landscape than H due to
the increase in human population since 2014, when the data for CassavaMap were collated [7]), and
that the effect of changing the host landscape could be shown on a square lattice with a mesh size of
2 km. We divided each 8 km-by-8 km cell (on the lattice used to calculate local r) into 2 km-by-2 km
cells. Calculating the product of the local infection rate r (calculated on 8 km-by-8 km cells as described
above) and the number N2km of hosts in each 2 km-by-2 km cell on the H+20% and H landscapes, we
obtained the rasterized map of values rN2km H+20% − rN2km H. The areas with the largest values of the
difference rN2km H+20% − rN2km H are areas where the selected inaccuracy has the strongest impact on
an epidemic invasion.

2.6. Comparing the analytical solution with computer simulations
We used computer simulations to check the effect on epidemic dynamics from a change in the
landscape due to spatial prioritization provided by the analytical solution. We considered the situation
when the landscape was divided into relatively small regions (analogous to local administrative
regions) where spatial prioritization was based on the data within that region independently from
other local regions. Therefore, we considered the entire landscape on a square lattice with a mesh size
of 24 km, within the overall domain of 336 km by 336 km, and within each 24 km-by-24 km cell, we
used the algorithm presented above to select the top five 2 km-by-2 km cells with the largest values
of the difference rN2km H+20% − rN2km H. We refer to selected cells as ‘top priority areas’ for data
refinement (figure 4b shows top priority areas within a single 24 km-by-24 km cell as an example; top
priority areas identified simultaneously in all 24 km-by-24 km cells within the entire landscape are
available from Figshare [24]). Next, we constructed two new landscapes in addition to landscapes H
and H+20%: (i) the landscape denoted ‘H+20%, in’ was obtained from H by introducing +20% of hosts
only inside the selected five 2 km-by-2 km cells in each 24 km-by-24 km area; (ii) the landscape denoted
‘H+20%, out’ was obtained from H by introducing +20% of hosts in all cells only outside the selected five
cells in each 24 km-by-24 km area; the difference between the four landscapes on a sample 24 km-by-24
km area is illustrated in figure 4c. If the area with the highest impact is identified correctly, then it
is expected that the epidemic on landscape H+20%, in should be closer (in terms of the mean number
of infected fields) to the epidemic on landscape H+20% than on landscape H; similarly, the epidemic
on H+20%, out should be closer to the epidemic on H than on H+20%. Using computer simulations of
the IBM together with analytical estimates described above, we compared the characteristics of an
epidemic invasion on the four landscapes described in this section (figure 4d,e).
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3. Results
Computer simulations of the IBM of a potential CBSV epidemic using the selected dispersal kernel
(figure 3a) demonstrated that potential inaccuracies in the host data (figure 2) can influence epidemic
invasion strongly. In particular, we found that the mean number of infected cassava fields could be 24%
fewer on a more clustered landscape compared with the H landscape calculated from CassavaMap
(i.e. −24% in Hclustered 100% relative to H; figure 3b,c). By contrast, up to 81% more fields were
infected compared with H when allowance was made for up to 20% missing fields on CassavaMap
(i.e. +81% in H+20% relative to H; figure 3b,c). Recall that the alternative landscapes are designed to
allow for inaccuracies in H: Hclustered 100% allows for failure to account for clustering if fields were
over-dispersed among CassavaMap cells from coarse production data; the H+20% landscape allows for
growth in human population density in the decade since the raw data for CassavaMap were collated.

We used the product, rN, of the local infection rate multiplied by the local number of hosts as
an analytical approximation to map the impact from inaccuracies in the host data on the modelled
epidemic dynamics. Geographic areas with the largest impact were indicated as priorities for data
refinement efforts (i.e. where additional data on the spatial distribution of fields of susceptible crops
would be valuable).

To verify the analytical method of spatial prioritization, we tested the effect of data refinement in
top-priority areas. To compare the impact of inaccuracies in the identified top priority areas and in
the rest of the landscape, we constructed two additional landscapes where potential inaccuracies were
adjusted for by changing the number of host fields either only inside or only outside those top priority
areas (figure 4c). Calculated values of rN and computer simulations of CBSV spread confirmed that the
impact of inaccuracies in the selected top priority area was indeed stronger than the impact from the
rest of the landscape (figure 4d,e).

Finally, we estimated how the accuracy of epidemic model predictions would change because of
spatial prioritization and subsequent data refinement within the top priority areas. Using the example
studied in figure 4a–e, we focused on the following three cases (figure 4f):

(i) In the first case, we assumed no additional data were collected. Since we lacked information
about the actual landscape and had no additional data in this case, we assumed the maximum
deviation. Consequently, we assumed that the actual landscape had +20% more cassava fields
than landscape H. Thus, H+20% was considered the most realistic surrogate for the actual land-
scape. In this case, the potential inaccuracy of the model predictions was +81% in the alternative
landscape H+20% as compared with the landscape H extracted from the data (CassavaMap), i.e.
100% × IH+20% t − IH t /IH t ≈ 81% at t = 6 months, where I t  is the mean number of infected fields as
inferred from computer simulations of the IBM.

(ii) In the second case, we assumed that the top priority areas were identified, and the subsequent
survey of the top priority areas showed no errors in the landscape H in those areas. Assuming the
maximum deviation, given the unknown actual landscape outside the surveyed areas, H+20% out was
considered the most realistic surrogate for the actual landscape, i.e. inaccuracies could be present only
outside the identified areas. In that case, the mean number of infected fields, I 6 , was +22% larger
than model predictions based on the landscape H.

(iii) In the third case, we assumed that the survey of the identified top priority areas confirmed the
presumed inaccuracies, i.e. the number of hosts in those areas was larger by the presumed +20% than
in the landscape H. In that case, the refined data described the landscape H+20% in (i.e. inaccuracies
were present only in the identified areas), and H+20% was considered the most realistic surrogate for
the actual landscape. As a result, an epidemic on H+20% was larger by +21% than predictions based on
the refined data (H+20% in).

Note that in both cases (ii) and (iii), the identification and subsequent survey of the top priority
areas reduced the potential deviation in model predictions for the variable I 6  by approximately
four times (from 81% down to 22% or 21%; figure 3f). A qualitatively similar reduction was also
observed in the analytical estimate of rN: there was approximately fourfold reduction of deviations
(from 33% down to 9%) when no errors were found in the data and approximately fivefold reduction
of deviations (from 33% down to 7%) when the presumed errors in the data were confirmed. Thus,
these findings suggest that the method based on the estimate of the quantity rN could be used to
identify top priority areas for additional survey that would improve accuracy in epidemic modelling.
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4. Discussion
We have presented a solution to the problem of identifying local geographic priorities for host data
refinement efforts that would improve the accuracy of the number of infected fields of crops predicted
by an epidemic spread model during the early stage of an epidemic (figure 4). As an example of an
epidemic of a crop disease, we considered the spread of CBSV through an arbitrarily selected 336
km-by-336 km cassava landscape (derived from CassavaMap [7]) in sub-Saharan Africa where the
potential errors in host data (figure 2) can have a substantial effect on predictions of the number of
infected fields (figure 3).

The use of an analytical approach enabled the identification of priority areas for host refinement
in relation to potential impacts on epidemic spread. It would be practically unfeasible to derive an
equivalent solution by computer simulation due to the large number of alternative configurations that
would have to be considered; for example, in addition to multiple simulations for each initial condition
in each landscape, one would need to consider many alternative landscapes where the selected type
of inaccuracy is placed in all possible locations. Within the analytical approach, we used the quantityrN because it has a number of characteristics that are important for the solution derived in this paper.
The variable rN is measured locally, i.e. within a selected local area; rN captures changes in both r (that
is influenced by the pathogen dispersal kernel and the local spatial structure of the host landscape)
and N, the number of hosts in the local area; rN is an additive characteristic in the sense that rN
characterizing a larger area is simply a sum of rN estimated from smaller areas within the larger one;
therefore, rN allows a direct comparison of contributions from different local areas. An additional
advantage of the analytical approach over computer simulations is that it can be used to derive general
insights into the dependence of the spatial prioritization for data refinement on the interplay of several
factors. These include different types of potential inaccuracies in host data as well as the spatial
pattern, especially intercrop clustering, relative to the dispersal kernel of an invading pathogen.

For practical applications, it is important to stress that we assumed that all host crops within a
landscape have the same probability of becoming infected at the start of the epidemic. Based on
this assumption, areas with the strongest impact from the selected inaccuracy were identified as the
top priority areas for data refinement. However, where there are local differences in the probability
of crops becoming infected in certain areas, spatial prioritization for data refinement would need
to account for that heterogeneity. Differences could arise due to local use of pesticides, cultivation
of partially resistant varieties or where environmental conditions differ. Extension of the analytical
method to deal with these types of heterogeneities could be considered in future work.

In addition to the analytical approximation equation (2.1) used in this paper, there are other
equivalent approximations for the infection rate as well as the closely related quantity, the basic
reproduction number R0. Other approximations that are applicable to non-random host distribution
(and therefore relevant to this work) have been derived, for example, by Bolker [31], North & Godfray
[32] and more recently by van den Bosch et al. [33]. As shown in [18], the estimation of the infection
rate according to equation (2.1) differs from earlier estimates [31–33] only when calculated in a local
area of a host landscape with a low density of hosts, i.e. when the difference between the density of
susceptible hosts, nS, and the total density, n, matters. In the case of cassava in sub-Saharan Africa,
rural areas are often characterized (in CassavaMap) by a low number of cassava fields per unit area;
therefore, the selected approximation equation (2.1) has a slightly higher accuracy as compared with
alternative approximations [31–33]. Other approximations for infection rate and the basic reproduction
number, R0, would be useful in some specific cases of spatial distribution of hosts. For example, van
den Bosch et al. [33] derived analytical expressions for R0 in regular host distributions generated by
a Strauss process and in spatially clustered distributions generated by a Neyman–Scott process. For
random spatial host distributions, Suprunenko et al. [30] derived a spatially local approximation for r,
and Wadkin et al. [34] improved the accuracy of the approximation for r and R0 by accounting for host
depletion. Mikaberidze et al. [35] considered a single rectangular crop field for which they derived R0

from a system of integro-differential equations. In addition, R0 can be calculated by using all pairwise
probabilities of a host infecting any other hosts (e.g. [16] and references therein). Further work is
needed to review the merits of the different approaches, ideally for real systems.

The challenge associated with spatial prioritization for data collection or control and management
efforts has attracted attention in recent studies of disease spread in agricultural systems. For example,
when studying livestock disease with limited host data, Dawson et al. [10] modelled disease spread on
the UK cattle trade network and showed that nodes with the highest number of livestock movements
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should be prioritized for data collection to get more accurate model predictions of an epidemic.
Spatial prioritization for data collection aiming to improve the accuracy of spatial modelling of crop
diseases is a relatively new topic that supplements a larger field of research on spatial prioritization
for surveillance for plant pests and pathogens [36–38] as well as spatial prioritization of management
efforts for greater crop yield [39].

Future work could develop the analytical approach presented here to address some open problems.
While our analyses have assumed rotationally symmetrical dispersal kernels, crop pathogens often
disperse anisotropically. Wheat stem rust [3], for example, is dispersed anisotropically by wind;
therefore, incorporating anisotropic dispersal of pathogens into methods of this paper could poten-
tially help in refining wheat field data at various scales [4] to improve accuracy in epidemic modelling.
As another example, the lack of spatial information within raster cells in rasterized host data with
coarse spatial resolution can potentially be a source of large inaccuracy in raster-based epidemic
models. Tildesley et al. [8] addressed this problem in optimal control of foot and mouth disease of
cattle and showed that data on exact farm locations were not required and that using randomized
aggregate county-scale data was sufficient when the model parameters could be re-fitted to the
outbreak data on randomized locations. In addition, it was shown that missing spatial information
within raster cells in rasterized host data can also be imputed by using land-cover maps [9] or can
be predicted by using computational methods such as the Farm Location and Agricultural Production
Simulator [11]. However, the investigation of the problem of the coarse spatial resolution in rasterized
host data in a broader range of applied research questions would be valuable.
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