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Abstract

BACKGROUND: Because of site-specific effects and outcomes, it is often difficult to know whether a management strategy for
the control of pests has worked or not. Population dynamics of pests are typically spatially and temporally variable. Moreover,
interventions at the scale of individual fields or farms are essentially unreplicated experiments; a decrease in a target population
following management cannot safely be interpreted as success because, for example, it might simply be a poor year for that
species. Here, we argue that if large-scale data are available, population models can be used to measure outcomes against
the prevailing mean and variance. We apply this approach to the problem of rotational management of the weed Alopecurus
myosuroides.

RESULTS: We derived density-structured population models for a set of fields that were not subject to rotational management
(continuous winter wheat) and another group that were (rotated into spring barley to control A. myosuroides). We used these
models to construct means and variances of the outcomes of management for given starting conditions, and to conduct transient
growth analysis. We show that, overall, this management strategy is successful in reducing densities of weeds, albeit with
considerable variance. However, we also show that one variant (rotation to spring barley along with variable sowing) shows
little evidence for additional control.

CONCLUSION: Our results suggest that rotational strategies can be effective in the control of this weed, but also that strategies
require careful evaluation against a background of spatiotemporal variation.
© 2017 The Authors. Pest Management Science published by John Wiley & Sons Ltd on behalf of Society of Chemical Industry.
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1 INTRODUCTION
In agro-ecology a major challenge is to be able to predict the
outcome of management interventions.1–3 Given the growing
requirement for more efficient use of land and resources,4 there
is a pressing need to use these more efficiently as well as to reduce
the environmental impact of food production.5 One of the limita-
tions of optimizing management at all scales is in measuring the
effectiveness of different options.6 In an ideal world, experimen-
tal trials can be used to assess new methods for management and
subsequently deployed in the field. However, given the spatial and
temporal variability of the real world, the impacts of management
in the field may be difficult to assess.7

Arable weeds are a worldwide problem for crop production and
are costly in terms of yield reductions, in addition to the financial
costs of the machinery and chemicals needed to control them.8–10

Moreover, there are indirect costs associated with weeds11; for
example, some rotational or management combinations are not
possible when weeds are an established problem. As an example,
minimum tillage may be limited by the occurrence of sterile
brome (Anisantha sterilis)12 or continuous winter wheat is limited

by build-up of populations of Alopecurus myosuroides (HL Hicks
et al., unpublished). Globally, weed problems are exacerbated by
the widescale evolution of herbicide resistance in many cropping
systems, including within those reliant on genetically modified
herbicide-tolerant crops.13

At the scale of an individual population (e.g. a population of
weeds in a field), the problem of accounting for spatiotemporal
variability becomes especially difficult with many species showing
extreme variation over space or time.14–16 This variability has con-
sequences for interpreting outcomes.17 For example, a manager
might deal with an emerging problem in a given year by using one
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or several different interventions. In the following year, a decrease
in the numbers might be observed, leading to the conclusion that
management was successful. However, this conclusion might be
premature if other factors simultaneously change.18 For example,
if the year happened to be a poor one for all populations, then the
reduction in density would be observed across all fields whether
the management interventions were applied or not and, not know-
ing this wider context, the manager would mistakenly attribute the
reduction to the intervention applied.

Even if an intervention is applied successfully, a second problem
concerns long-term management outcomes.19 Although a reduc-
tion in the densities of a pest might be observed in one season,
the question of whether long-term reduction in densities can be
achieved is not certain. For example, ploughing can reduce popu-
lation sizes of weeds from one season to the next by burial of seed
below a depth from which they can successfully germinate and
emerge.20–22 However, applying the same management in succes-
sive years will be ineffective in reducing densities because this will
simply return seed from deep burial to the surface leading to an
eventual stable equilibrium.20

Population models are predictive tools that can be used to fore-
cast future densities.23 They can be used to simulate how differ-
ent management options will affect population sizes.24 Models
take a range of forms from simple mathematical models25–27 to
complex process-based simulations.28 Models for weed popula-
tions have been developed for many species and deployed for a
suite of purposes.26,29–31 These include models that simulate the
consequences of different types of management,28 the effects of
introducing genetically modified herbicide-tolerant crops,32 and
the effects of climate change on future distributions.33 Such suc-
cesses clearly demonstrate the utility of models in a range of situ-
ations. However, the use of models for management at the field or
farm level has been limited. In large part this is because develop-
ing location-specific local-scale models for population dynamics is
extremely difficult for almost any ecological population, not exclu-
sively arable weeds.

One of the limitations of models is that they are typically data
hungry: data are needed to parameterize or validate, ideally with
information available across spatially and temporally replicated
populations subject to different management regimes.23,24 This is
true of even very simple models. However, such data are rarely
available and hence models have been limited in the extent to
which they can be deployed at large scales.34 Indeed, it has been
argued that models are essentially limited in their utility for weed
ecology because of the likely predominant influence of local and
site-specific factors.34,35

Here, we deploy weed population models in a novel way for
determining the success or not of management interventions. It
has been noted previously that local-scale applications of popu-
lation models is extremely difficult owing to local variations.35,36

Here, we propose that this problem can be overcome when
coarse-grained, but informative data can be obtained across large
numbers of populations. When we have data on large numbers
of populations subject to the same management, spatiotemporal
variation in population dynamics can be measured and the range
of variation in dynamics can be quantified. This variation effec-
tively sets a baseline distribution against which the consequences
of alternative management can be compared, and we propose
that such benchmarking can be enormously informative in under-
standing management outcomes.

In this paper, we use models of fields subject to alternative
management to quantify the range of variation in responses across

different populations. This is the largest scale application of weed
population models to our knowledge. For each population, we
fit a model to characterize population dynamics and from this
derive an overall variance in the expected outcome of different
management. Against this variance of management outcomes,
we compare the population dynamics of alternative interventions
to ask whether there is evidence that this management affects
populations against the background range of variation we would
normally expect to see. We show that combining large amounts
of data, population models and local context data allows us
to effectively measure the impacts of alternative management
options.

2 METHODS
2.1 Study system
We studied the grass weed blackgrass (A. myosuroides) over two
seasons in 2014 and 2015. In 2014, some 70 farms were surveyed
across the lowland arable region of the UK. Sites were chosen to
represent a range of farming management typical of the region.
At each site, two fields of winter wheat were chosen, one field
estimated to contain the highest densities of weeds on the field,
the other chosen to contain the lowest.

To address the problem of generating data at sufficiently large
scales, we have developed density-structured approaches for
monitoring and modelling population dynamics.37–39 This is an
empirically focused method of data modelling that is built upon
rapid density monitoring. Based on relatively large survey units
(e.g. 20× 20 m for arable weeds) and ordinal density state assess-
ment (e.g. low, medium, high, very high), this approach can be
used to survey extensive areas very rapidly. This permits large
amounts of data to be collected in a short period. Importantly,
this allows many fields to be censused during a single field season.
Based on such surveys, repeated in successive years, the dynamics
of populations can be potentially studied under a wide range of
management conditions.

Using this approach, surveys were conducted by a team of three
observers. Prior to surveying, a GPS system was used to create
a system of quadrats of size 20× 20 m across the field. Typically,
fields contained ∼ 100–200 quadrats, comprising an area of up
to 8 ha per field. For fields smaller than 8 ha, we sampled the field
by choosing a single contiguous area within the field at random.
Our intention was to capture within-field spatial pattern as well
as generate measures of incidence, hence we chose to sample
contiguous areas.

Following the methodology described in Queenborough et al.,38

fields were walked to estimate densities of blackgrass in each
of the quadrats. The densities of weeds within each quadrat
were assigned to one of five ordinal density categories (zero,
low, medium, high and very high). As outlined in Queenborough
et al.,38 these categories were chosen based on previous datasets,
and the assignments of states are highly repeatable both by and
between observers. This approach is a rapid survey methodology
designed to provide field-scale data across multiple fields. As such
it its necessarily a compromise between precision and extent.
Simulation results show that models derived from these coarsened
ordinal data are capable of accurately representing the ‘true’
population dynamics.38 There is potentially some reduction in
precision at the tails of the distribution of population sizes: the
impact of this is minimized by using previous survey data to inform
the choice of density states, for example, as in Freckleton et al.37
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The current analysis focuses on two management options at two
scales. The first concerns a rotational change across a suite of farms,
the second is changing within field management on single farm.

2.2 Changing field management
One management recommendation that has been widely adopted
is that farmers switch from growing winter wheat to growing
spring crops, especially spring barley, in order to manage A.
myosuroides. In our sample, we observed 12 fields making a transi-
tion from winter wheat in 2014 to being sown with spring barley in
2015. We therefore focus on this sample of fields to assess the effi-
cacy of this control method, relative to those fields that remained
in winter wheat (22 fields).

2.3 Local within-field management
The second management type of intervention we evaluated was a
change in in-field management in response to escalating problems
with blackgrass. One farm manager responded to high blackgrass
densities by sowing areas of high and very high density with higher
than conventional densities of barley seed (∼ 50% higher). The
objective we wished to address was whether we could use models
to assess whether this management shows evidence of effective-
ness. In principle, we are restricted in our ability to do this because
the management intervention is in effect an unreplicated experi-
ment and flawed from a statistical perspective. However, the reality
of real-world management is that this situation arises continually,
with farmers making interventions in such a manner. Our assertion
was that models could provide a tool to help interpret such data by
reference to other fields and farms.

2.4 Modelling
The model is based on a Markovian transition matrix describing
the change in states of quadrats from one census to the next. The
state variable at time t is a vector of proportions of quadrats in each
state i at time t, si(t), i.e.

N (t) =
{

s0 (t) , sL (t) , sM (t) , sH (t) , sV (t)
}T

(1)

The subscripts O, L, M, H and V denote absent, low, medium,
high and very high, respectively. The state at the next time step
is modelled using a state transition matrix, T, the entries of which
are pji is the probability that a quadrat in state i at time t is in state
j at time t + 1:

T =

⎡⎢⎢⎢⎢⎢⎣

p00 p0L p0M p0H p0V

pL0 pLL pLM pLH pLV

pM0 pML pMM pMH pMV

pH0 pHL pHM pHH pHV

pV0 pVL pVM pVH pVV

⎤⎥⎥⎥⎥⎥⎦
(2)

The model for the state value at the next time step is then:

N (t + 1) = TN (t) (3)

This is a simple linear Markov model for the state changes.37 The
matrix T summarizes all of the process operating within the pop-
ulation to influence population numbers, including competition,
density-dependence and seed bank dynamics.

Because T summarizes state transitions, with the number of
quadrats being conserved from one generation to the next,
the rows of T therefore sum to 1. Consequently, the dominant

eigenvalue of T is always 1. Insights into the impacts of chang-
ing the elements of T on population dynamics may thus be
obtained from analysing the second eigenvalue of T. Specifically
the damping ratio, 𝜌, measures the ratio of the second to the first
eigenvalues. Larger values of this imply that perturbations from
the stable state distribution of the eventual equilibrium persist
longer, hence smaller values imply ‘faster’ dynamics.

In the current context T describes a transition between states
in different environments (i.e. winter wheat and spring barley).
Equation 3 then may more properly be written as:

NS (t + 1) = TSW NW (t) (4a)

NW (t + 1) = TWW NW (t) (4b)

where the subscripts S and W , denote spring barley and wheat,
respectively. Note that in equation (4) the transition matrices are
field-specific. These represent only partial models for the system
because we do not currently have data on the transitions among
states for populations making transitions from spring barley to
winter wheat.

2.5 Model fitting
We fitted equation (4) to our data using Vector Generalized Linear
Models (VGLMs).38,40 VGLMs are a flexible class of Generalized
Linear Models that permit a range of models to be fitted to data. In
the current application, we used VGLMs because they allowed us
to model discrete data using multinomial distributions.

The statistical model fitted for the transition to state j in a given
field (k) from state i in the previous year is:

log

( pji

pVi

)
= aij + bjk (5)

The response variable is a log-odds expressing the log probabil-
ity of making the transition to state j relative to the probability of
making the transition to the maximal state, state V . This normaliza-
tion is because, in general, for S states there are S – 1 free param-
eters that can be estimated. a is an intercept term, i.e. measures
the probability for the average field, whereas b is an additional
parameter to model the field-specific effect in field k. Note that
equation 2 is simpler than the maximal model which would be:

log

( pji

pVi

)
= aij + bijk (6)

Unfortunately, equation 6 can be fitted only when there are suf-
ficient data to estimate all pairwise transitions in equation 2. How-
ever, this is not the case unless sample sizes are very large because
some transitions are not observed or occur in low numbers. VGLMs,
like other linear modelling approaches, model deviations from an
overall average through estimating an effect for each field. Thus,
for transitions with small or absent samples, robust parameter esti-
mates are generated through a field effect. In equation 2 this takes
the form of a field level effect on transitions from each state.

2.6 Statistical methods
The data on which our surveys are based are ordinal categor-
ical density states. To compare field densities between years
and management systems we converted the individual esti-
mates to integers (0–4) and calculated a simple mean density.
Although coarse, this is a pragmatic approach and justified by
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the approximately logarithmic nature of the density scale that
we use.38

To analyse the variance in model outcomes we used a transient
Life Table Response (tLTRE).41 This is based on analysing one-step
ahead dynamics accounting of variation in both population struc-
ture and intrinsic dynamics. We analysed the outputs of the models
by firstly generating models for each field, i.e. 22 matrices for tran-
sitions from winter wheat to winter wheat, and 12 for transitions
from winter wheat to spring barley. We then applied each of the
models to the initial densities of A. myosuroides from each field, i.e.
34 matrices applied to each of the 34 fields, yielding 34× 34= 1156
combinations. Using the change in density of A. myosuroides as a
response variable, we employed a linear mixed effects model to
estimate the variance components associated with the field (i.e.
the location being modelled), the matrix (the source of the matrix
applied) and the rotation (i.e. continuous winter wheat versus rota-
tion between winter wheat and spring barley).

Scripts and datasets for running the analyses reported
in this paper are available from: https://figshare.com/s/
39c6a4868c4558f5dbcc .

3 RESULTS
3.1 Overall effects of management on densities
Fields that were rotated into spring barley had lower densities of A.
myosuroides in 2014 (Fig. 1a), compared with the densities in 2014
of those which were maintained in winter wheat (Fig. 1b; Welch’s
t = 3.00, df= 21.89, P = 0.007). Examples of the distributions of
weeds in field before and after management are shown in Fig. 2.
As shown in Fig. 1a, fields that were rotated into spring barley
showed an approximately increasing distribution of densities, with
fields dominated by medium, high and very high density plots
(Fig. 1a). By contrast, the fields that remained in winter wheat were
dominated by low density plots (Fig. 1b). Overall this probably
reflects farmer behaviour: farmers were choosing to rotate into
spring barley those fields with high densities of A. myosuroides.

By contrast, in 2015 the difference was cancelled with no sig-
nificant difference between densities in those fields rotated into
spring barley and those maintained in winter wheat (Fig. 1; Welch’s
t = 1.32, df= 31.45, P = 0.20). Both sets of fields were dominated
by low densities in 2015. This very likely reflects that farmers were
using crop rotation as part of their strategy to manage populations
of A. myosuroides. We calculated the change in population size
(N(t + 1) – N(t)) and found that this was significantly lower in fields
rotated to spring barley than those maintained in winter wheat
(t = 3.52, df= 22.46, P = 0.002).

3.2 Local effects versus inter-annual trends
One of the problems with evaluating the impacts of management
is that local trends can be confounded by broad-scale inter-annual
variations, as well as difficult to interpret in the face of variation
within fields. Our large-scale data allows us to test this; we calcu-
lated the difference between densities of A. myosuroides in suc-
cessive years and tested whether this differed between rotations
using a linear model. We report two sets of transient growth anal-
yses in which the initial conditions were varied (Figs 3 and 4) and
then summarize the results of the full tLTRE in Fig. 5.

In the first set of simulations (Fig. 3), the initial state was set as
the average state of fields that remained in winter wheat between
years (Fig. 1b). Figure 3 contrasts the outcome of applying matrices
from rotated fields (Fig. 3a) with that of applying the matrices

from unrotated ones (Fig. 3b). The models predict that rotation
from winter wheat to barley led to slightly lowered densities,
particularly by reduction of the higher density states (Fig. 3a). On
the other hand, the models for fields remaining in winter wheat
predict much more variable outcomes: although the modal state is
the ‘low’ one, the proportions of quadrats predicted to be in higher
states increases, as does the apparent variability of the outcome.
As shown in Fig. 5, the effect on the density of A. myosuroides
of rotating to spring barley is statistically significant, although
marginally so, reflecting the pattern evident in Fig. 3(a) that there
is considerable spatial variation.

The initial state in the second set of simulations was the same as
the average (Fig. 4) state of those fields that were rotated to spring
barley, i.e. with a larger proportion of sites in the higher density
states (Fig. 1b). For this initial starting condition, the difference
between the models for the two management options is even
clearer. The rotation from winter wheat to spring barley results
in a clear reduction in the densities of the highest states relative
to the starting condition (Fig. 4a), whereas average densities of
A. myosuroides are predicted to be much higher when fields are
not rotated (Fig. 4b). The combined results in Figs 3 and 4 suggest
that the strategy of rotating from winter wheat to spring barley
is successful in reducing densities, relative to not rotating at
all. Nevertheless, there is considerable variation in the outcome
between fields.

The degree of spatial variation in the outcome of management
is shown in Fig. 5. This summarizes the variance in change in the
density of A. myosuroides resulting from differences in initial condi-
tions (field: field-to-field variation in initial density), the model (i.e.
field-specific transition matrix from which each individual projec-
tion is derived) as well as the rotation (continuous cropping versus
rotating with spring barley). Based on a Linear Mixed Model (LMM)
we estimated variance components of 0.279, 0.263 and 0.053 for
these components, respectively, together with a residual variance
of 0.407. As is clear in Fig. 5, this reflects similar levels of variation in
initial conditions and matrix origin on the outcome, with the rota-
tion contributing a smaller amount to the overall variance. In all,
the variance components from the LMM suggest that the combi-
nation of field specific factors (initial conditions and field-specific
transitions) contribute 54% of the variance in modelled outcome,
with rotation explaining only ∼ 5%. Of course, in reality this is
the only aspect of the system over which the farmer has con-
trol, but there is a wider question about whether this expected
5% effect is sufficient to warrant any costs involved in changing
rotation.

3.2.1 Assessing the effects of within-field management
As described above, a single field was subject to variable crop sow-
ing density in which the areas of the field with high and very high
densities of A. myosuroides were sown with an increased density
of spring barley. In this field there was a significant reduction in
weed density between these two years (paired t = 8.53; df= 195;
P < 10−14) indicating that management was successful in reducing
weed densities.

Against the background of huge variation in population dynam-
ics between fields, we found no clear evidence in our analysis to
indicate that the dynamics within this field were different from
other fields cropped with spring barley. Specifically, the observed
distribution of densities within the field was well within the range
of values for other fields, irrespective of starting density (Figs 3a
and 4a).
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Figure 1. Densities of Alopecurus myosuroides in fields with contrasting rotational management in successive years. Density states within 20× 20 m
quadrats are measured on an ordinal scale (0, absent; L, low; M, medium; H, high; VH, very high; see Methods for details) across whole fields (see Fig. 2
for examples). The proportion of such quadrats in each state in each field is shown. Grey points show the average proportions across all fields. (a) Fields
rotated from winter wheat to spring barley between 2014 and 2015. (b) Fields maintained in winter wheat between 2014 and 2015.

4 DISCUSSION
A challenge for ecology is to keep pace with advances in tech-
nology. In agriculture we are at the point at which it is possible
to routinely collect large-scale data on a suite of aspects of farm
management.42 Tools such as low-cost GPS-enabled machinery,43

together with equipment that permits routine monitoring of
yields, crop quality and soil conditions,44 generate a huge amount
of context data. The approaches we have developed for mod-
elling and monitoring weed populations are designed to gen-
erate correspondingly large datasets on field-scale distributions.
In the future the development of Unmanned Aerial Systems
(UAS) technology is likely to further extend both the scale and
grain at which we can collect data.45,46 Moreover, the results we
obtain showing that outcomes are spatially and temporally enor-
mously variable, indicate that even detailed local-scale studies
such as long-term trials need to be integrated into the wider
context.

4.1 What to do with so much data?
Although data availability is increasing at an enormous rate, the
question of what to do with such data is less obvious. A clear prob-
lem is that much readily-collected data is essentially retrospec-
tive in nature: yields are measured when the crop has ceased to
grow; weeds are typically measured once they are large enough
to be visible. In the case of A. myosuroides, plants are most vis-
ible when the seed heads are ripening, and this is too late to
prevent seed return. Given that weed density data are likely to
be available too late to inform management in the current grow-
ing season, the question is how can this information be used to

inform future management. We argue that the answer to this is to
combine benchmarking of outcomes with prospective population
models.

4.2 Benchmarking outcomes
Because management outcomes are likely to be temporally
and spatially variable in effectiveness (Fig. 1),36 we advocate
benchmarking management outcomes against distributions of
intervention effects based on large amounts of existing data.
Figure 1 illustrates this idea, crudely. Using comparisons of den-
sities of weeds from large numbers of fields, we can do two
things. First, it is possible to evaluate whether, on average, the
management intervention is effective or not. Second, because
the variance in outcome is measured, the effectiveness within any
individual farm or field can be evaluated relative to the overall
distribution.

The value of modelling in benchmarking is twofold. The first
contribution of models is in enabling the observed outcomes
to be measured as a dynamic process. This leads to the second
important use of models in benchmarking, which is to explore
the importance of initial conditions for measuring management
outcomes. We found that fields which were rotated to spring
barley from winter wheat initially had higher densities of weeds
than those which were maintained in winter wheat. This is an
empirical observation and an example of the value large-scale
data in analysing management. Not recognizing this initial bias
in management could affect both observational and modelling
analysis of the effectiveness of future management.

Pest Manag Sci 2018; 74: 2287–2295 © 2017 The Authors. wileyonlinelibrary.com/journal/ps
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Figure 2. Examples of field-scale distributions of weeds in successive years, together with fitted transition matrices (see text for details of the fitting
method). All fields shown were rotated from winter wheat to spring barley between 2014 and 2015. The transition matrices are represented as heat maps
(red, low probability; yellow and white, high probability).

winter wheat -> spring barley(a) (b) winter wheat -> winter wheat
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Figure 3. Modelled responses of populations of Alopecurus myosuroides to rotational management. In these examples, the starting condition was the 2014
distribution of density states of the average field which were maintained in winter wheat (blue dashed line). Each line represents a matrix generated from
a different field under the two forms of management. Thus, these responses measure: (a) what would have been the density of an average non-rotated
field had it been planted with spring barley compared with (b) the predicted response from maintaining winter wheat. The red line in (a) represents the
field that was managed with variable sowing densities.

The modelling analyses presented in Figs 3 and 4 are ‘virtual
experiments’ that explore projected outcomes as if the initial con-
ditions could be varied. Such analyses also allow the effects of
inter-annual variations to be accounted for, for instance the possi-
bility that densities were reduced in all fields because conditions
were poorer in the second year. Modelling analyses go beyond

simple comparisons of densities in permitting us to explore the
impacts of a range of factors.

We were able to analyse the data from a single field to determine
whether there was evidence that additional management in this
field (variable sowing density) was more effective. Our results
indicated that the outcome of management was not obviously
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winter wheat -> spring barley(a) (b) winter wheat -> winter wheat

0 L M VH 0 L MH VH

Density state

F
re

q
u

en
cy

Initial frequency

Modelled frequency

Variable sowing

Mean modelled

0.0

0.2

0.4

0.6

0.8

1.0

0.0

0.2

0.4

0.6

0.8

1.0

H

Figure 4. Modelled responses of populations of Alopecurus myosuroides to rotational management. In these examples, the starting condition was the 2014
distribution of density states of the average field rotated from winter wheat to spring barley (blue dashed line). Each line represents a matrix generated
from a different field under the two forms of management. Thus, these responses measure: (a) what would have been the density of an average non-rotated
field had it been planted with spring barley compared with (b) the predicted response from maintaining winter wheat. The red line in (a) represents the
field that was managed with variable sowing densities.
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Figure 5. Analysis of the sources of variation in modelled outcomes of population dynamics. We generated models for each of 34 fields, 22 of which were
maintained in winter wheat, 12 rotated from winter wheat to spring barley. We applied each model to the initial density state. The response variable was
change in population size and we used a linear mixed model to estimate variance components due to three sources: ‘Field’, the initial state in each field;
‘Matrix origin’ the location from which the transition matrix model was estimated; and ‘Rotation’ the sequence of crops from one year to the next. The
effect range is the estimate of the random effect for each field, location or rotation. We used a parametric bootstrap to estimate confidence intervals. Grey
points have confidence intervals that overlap zero.

different from what we observed in other fields. Consequently,
we do not have compelling evidence that this management was
effective.

We found that in 2015 the densities of weeds were not signif-
icantly different between fields cropped with spring barley and
those containing winter wheat. This emphasizes that a dynamic
context is important in understanding the outcomes of manage-
ment. In this case, the initial weed densities were higher in those
fields sown with spring barley. Looking forward, our models are
currently unable to forecast whether the reductions in weed den-
sity are likely to be maintained because we do not yet have data
on weed density transitions in fields that are rotated from spring
barley to winter wheat or other crops.

Forecasts using such models and data will be essential in decid-
ing on long-term management outcomes. As noted above, some
management options may only yield transient benefits. Plough-
ing, for instance, will provide effective short-term control of A.
myosuroides47; however, the dormancy of seeds of this species48

means that burying seed is not a long-term management strategy

for reducing densities. Combining data and models allows us to
evaluate such outcomes.

4.3 Importance and value of modelling
It is impractical to create bespoke ecological models for local
populations that can be used predictively.24 This is because local
conditions are likely to vary considerably from site-to-site, as are
the influences of historical and landscape factors that also are
likely to have considerable influence on population dynamics of
weeds.49 Our data support this view, with the outcome of either
of the management options considered here (rotating to spring
barley or maintaining winter wheat) being variable at the field
scale (Fig. 1). For example, in the sample of fields that we measured,
at least one field maintained an extensive (∼ 40%) coverage of
very high density weed infestation following a switch to spring
barley (Fig. 1a), contrasting with most other fields which showed
substantial reductions of infestations of this level. In general, the
outcome of management is best regarded as a distribution of
responses and management predictions needed to reflect both
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the mean and the variance in the response, as well as historic
factors.

4.4 Implications for control of A. myosuroides
Growing spring barley as a method to control A. myosuroides
is effective for two reasons. First, the germination profile of A.
myosuroides peaks in the autumn, so that a high proportion of
seed germinates between September and December.50 Subse-
quent flushes of germination occur, which can generate additional
cohorts of weeds, particularly when the soil is disturbed.51 How-
ever, seed-bed preparation prior to the spring sowing of barley
removes most of the early-emerging cohorts, reducing the num-
ber of A. myosuroides plants that can develop through to maturity.

The second reason for spring barley’s effective control of A.
myosuroides is due to its greater competitiveness compared with
other cereals such as wheat. The competitiveness of barley is
driven by rapid accumulation of height and biomass,52 effec-
tive in suppressing establishing A. myosuroides plants. Because A.
myosuroides is typically autumn germinating, the growing season
is also effectively reduced in spring barley crops. This adds to the
effectiveness of control of A. myosuroides in spring crops in general.

It has long been appreciated that increasing crop density can aid
in the control of weeds through competition.53 The relationship
between yield of both crops and weeds and densities is well known
to be characterized by reciprocal linear functions.54,55 The potential
for increasing sowing density to increase crop competitiveness
and hence contribute to weed control is well grounded in theory,
but the implementation requires tuning and understanding of
the relationship between crop competition and weed population
dynamics.

5 CONCLUSION
Population dynamics are variable at almost any scale at which
we study them. This is a challenge for making predictions in
applied ecology. Here, we tackled this problem head-on through
attempting to quantify the variation in population dynamics at an
unprecedented scale. We have shown that, having quantified the
variance in population dynamics, the outcomes of management
can be interpreted through benchmarking relative to the average,
and integrating across the variance. Moreover, using models it is
possible to conduct virtual experiments that allow variations in
initial conditions to be controlled for. In the specific case study, we
have shown that the overall management strategy is successful in
the short term, but that there is limited evidence for success of a
variant. We hope that the simplicity of the empirical and analytical
framework will permit future applications in this and other species.

ACKNOWLEDGEMENTS
This work was funded by the BBSRC (BB/L001489/1) and the
Agriculture and Horticulture Development Board. We thank two
referees for their constructive comments on the previous version
of this paper. The script and data for this paper can be accessed at:
https://figshare.com/s/39c6a4868c4558f5dbcc.

REFERENCES
1 Radosevich SR, Holt JS and Ghersa CM, Ecology of Weeds and Invasive

Plants: Relationship to Agriculture and Natural Resource Management.
Wiley, Hoboken, NJ (2007).

2 Cousens R and Mortimer AM, Dynamics of Weed Populations. Cam-
bridge University Press, Cambridge (1995).

3 Newman EI, Applied Ecology and Environmental Management. Black-
well, Oxford (2008).

4 Garnett T, Appleby MC, Balmford A, Bateman IJ, Benton TG, Bloomer
P et al., Sustainable intensification in agriculture: premises and
promises. Science 341:33–34 (2013).

5 Godfray HCJ, Beddington JR, Crute IR, Haddard L, Lawrence D, Muir
JF et al., Food security: the challenge of feeding 9 billion people.
Science 327:812–818 (2010).

6 Kleijn D and Sutherland WJ, How effective are European
agi-environment schemes in conserving and promoting biodi-
versity? J Appl Ecol 40:947–969 (2003).

7 Concepción ED, Díaz M and Baquero RA, Effects of landscape complex-
ity on the ecological effectiveness of agri-environment schemes.
Landscape Ecol 23:135–148 (2008).

8 Jones RE, Vere DT, Alemseged Y and Medd RW, Estimating the eco-
nomic cost of weeds in Australian annual winter crops. Agric Econ
32:253–265 (2005).

9 Green MR, Energy in pesticide manufacture, distribution and use, in
Energy in World Agriculture, ed. by Helsel ZR. Elsevier, New York, pp.
165–177 (1987).

10 Walker SR, Taylor IN, Milne G, Osten VA, Hoque Z and Farquharson RJ,
A survey of management and economic impact of weeds in dryland
cropping systems of subtropical Australia. Aust J Exp Agric 45:79–91
(2005).

11 Bridges DC, Impact of weeds on human endeavors. Weed Technol
8:392–395 (1994).

12 Froud-Williams RJ, Pollard F and Richardson WG, Barren Brome: A
Threat to Winter Cereals? Eighth Report, Agricultural Research Coun-
cil Weed Research Organisation, 1978–1979. Agricultural Research
Council, Yarnton, UK, pp. 43–51 (1980).

13 Heap IM, The occurrence of herbicide-resistant weeds worldwide.
Pestic Sci 51:235–243 (1997).

14 Colbach N, Forcella F and Johnson GA, Spatial and temporal variability
of weed populations over 5 years. Weed Sci 48:366–377 (2000).

15 Rew LJ and Cousens R, Spatial distribution of weeds in arable crops:
are current sampling and analytical methods appropriate? Weed Res
41:1–18 (2001).

16 Cousens R, Wallinga J and Shaw MW, Are the spatial patterns of weeds
scale-invariant? Oikos 107:251–264 (2004).

17 Morin L, Reid AM, Sims-Chilton NM, Buckley YM, Dhileepan K, Hastwell
GT et al., Review of approaches to evaluate the effectiveness of
weed biological control agents. Biol Control 51:1–15 (2009).

18 Doucet C, Weaver SE, Hamill AS and Zhang J, Separating the effects
of crop rotation from weed management on weed density and
diversity. Weed Sci 47:729–735 (1999).

19 Mertens SK, van den Bosch F and Heesterbeek AP, Weed populations
and crop rotations: exploring the dynamics of a structured periodic
system. Ecol Appl 12:1125–1141 (2002).

20 Cousens R and Moss SR, A model of the effects of cultivation on
the vertical distribution of weed seeds within the soil. Weed Res
30:61–70 (1990).

21 Naylor REL, Aspects of the population dynamics of the weed Alopecu-
rus myosuroides Huds. in winter cereal crops. J Appl Ecol 9:127–139
(1972).

22 Froud–Williams RJ, Chancellor RJ and Drennan DSH, Influence of
cultivation regime upon buried weed seeds in arable cropping
sysytems. J Appl Ecol 20:199–208 (1983).

23 Freckleton RP and Stephens PA, Predictive models of weed population
dynamics. Weed Res 49:225–232 (2009).

24 Holst N, Rasmussen IA and Bastiaans L, Field weed population dynam-
ics: a review of model approaches and applications. Weed Res
47:1–14 (2007).

25 Wallinga J and van Oijen M, Level of threshold weed density does
not affect the long-term frequency of weed control. Crop Protect
16:273–278 (1997).

26 Freckleton RP and Watkinson AR, Predicting the determinants of weed
abundance: a model for the population dynamics of Chenopodium
album in sugar beet. J Appl Ecol 35:904–920 (1998).

27 Freckleton RP and Watkinson AR, How does temporal variability affect
predictions of weed population numbers? J Appl Ecol 35:340–344
(1998).

28 Colbach N, Dürr C, Roger-Estrade J, Chauvel B and Caneli J, ALOMYSUS:
modelling black-gass (Aloecurus myosuroides Huds.) germination
and emergence, in interaction with seed characteristics, tillage and
soil climate: I. Construction. Eur J Agron 24:113–128 (2006).

wileyonlinelibrary.com/journal/ps © 2017 The Authors. Pest Manag Sci 2018; 74: 2287–2295
Pest Management Science published by John Wiley & Sons Ltd on behalf of Society of Chemical Industry.

https://figshare.com/s/39c6a4868c4558f5dbcc


2295

Benchmarking management using models www.soci.org

29 Firbank LG, Mortimer AM and Putwain PD, Bromus sterilis in win-
ter wheat: a test of a predictive population model. Asp Appl Biol
9:59–66 (1985).

30 Firbank LG and Watkinson AR, Modelling the population dynamics
of an arable weed and its effects upon crop yield. J Appl Ecol
23:147–159 (1986).

31 Lintell Smith G. The population dynamics of weeds in winter wheat.
PhD thesis, University of East Anglia, UK (1995).

32 Neve P, Norsworthy JK, Smith KL and Zelaya IA, Modelling glyphosate
resistance management strategies for Palmer Amaranth (Amaran-
thus palmeri) in cotton. Weed Technol 25:335–343 (2011).

33 Stratonovitch P, Storkey J and Semenov MA, A process-based
approach to modelling impacts of climate change on the damage
niche of an agricultural weed. Global Change Biol 18:2071–2080
(2012).

34 Freckleton RP, Sutherland WJ, Watkinson AR and Stephens PA, Mod-
elling the effects of management on population dynamics: some
lessons from annual weeds. J Appl Ecol 45:1050–1058 (2008).

35 Cousens R, Can we determine the intrinsic dynamics of real plant
populations? Funct Ecol 9:15–20 (1995).

36 Moss SR, Weed research: is it delivering what it should? Weed Res
48:389–393 (2008).

37 Freckleton RP, Sutherland WJ, Watkinson AR and Queenborough SA,
Density-structured models for plant population dynamics. Am Nat
177:1–17 (2011).

38 Queenborough SA, Burnet KM, Sutherland WJ, Watkinson AR and
Freckleton RP, From meso- to macroscale population dynamics:
a new density-structured approach. Methods Ecol Evol 2:289–302
(2011).

39 Mieszkowska N, Milligan G, Burrows MT, Freckleton RP and Spencer M,
Dynamic species distribution models from categorical survey data.
J Anim Ecol 82:1215–1226 (2013).

40 Yee TW, Vector Generalized Linear and Additive Models: With an Imple-
mentation in R. Springer, New York (2015).

41 Koons DN, Iles DT, Schaub M and Caswell H, A life-history perspective
on the demographic drivers of structured population dynamics in
changing environments. Ecol Lett 19:1023–1031 (2016).

42 Aqeel ur R, Abbasi AZ, Islam N and Shaikh ZA, A review of wireless
sensors and networks’ applications in agriculture. Comput Stand
Inter 36:263–270 (2014).
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