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Abstract

Protected area designation aims to protect forests from illegal activities such as hunting. However, the effectiveness
of protection and how this changes over time in response to protection measures is difficult to assess, including
the design of monitoring programmes able to detect changes. We present new data on rule-breaking prevalence
in Gola Rainforest National Park, Sierra Leone, and use these data in spatially explicit simulations to assess the
survey effort and design required to detect change and assess the effect of rule-breaker behaviour to these designs.
Despite being a protected area, rule-breaking (in the form of signs of hunting) occurred in almost 70% of 1 km
survey squares but repeating this baseline survey of 53 survey squares would be insufficient to detect change.
A much larger survey effort of 200-400 survey squares would be required to detect a 25% change in rule-breaking.
Simulations highlight the extent to which rule-breaker behaviour, particularly hunter range size, influenced the
likelihood of detecting change and importance of understanding this for survey design. A dedicated monitoring
programme able to detect changes in the level of rule-breaking required an unrealistic level of resources, and
we recommend combining monitoring with ranger patrol activities to reduce overall costs and employing
questionnaire-based methods.
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INTRODUCTION global policy to small scale local action, but the establishment

of protected areas remains a key tool (Di Marco et al. 2014).

On a global scale, tropical forests represent some of the
most biodiverse and threatened habitats in the world. Their
protection can be achieved through a range of approaches from
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Gazettement or designation of protected status is often,
though not always, accompanied by some form of action to
deter and prevent ‘rule-breaking’ behaviour such as hunting
(Bruner et al. 2001, Butchart et al. 2012, Laurance et al. 2012)
and other anthropogenic pressures (Geldmann et al. 2013).
Monitoring of rule-breaking provides protected area managers
with knowledge of the distribution of threats in space and
time, enabling more efficient targeting of resources, improving
understanding of the drivers of threats (Gardner et al. 2010) and
ultimately improving the success of conservation interventions
(Danielsen et al. 2005; Geldmann et al. 2014; Legg and Nagy
2006; Plumptre et al. 2014).
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Bushmeat hunting is a widespread and significant threat to
wildlife in tropical forests (Abernethy et al. 2013; Craigie et al.
2010; Fa and Brown 2009; Milner-Gulland and Bennett 2003).
Despite a wealth of research on hunter behaviour (Kiimpel et al.
2009), from market and household surveys (Coad et al. 2010;
Kiimpel et al. 2010; Fa et al. 2015; Foerster et al. 2012) and
from modelling approaches (Bousquet et al. 2001; Rowcliffe
etal. 2003; Damania et al. 2005; Ling and Milner-Gulland 2008;
Iwamura et al. 2014), bushmeat hunting remains inadequately
understood and quantified in Western Africa (Taylor et al. 2015),
particularly in protected areas where hunting is illegal.

Systematic monitoring of rule-breaking behaviour such
as hunting is challenging and costly, so assessment of the
efficiency of survey design is valuable in ensuring resources are
appropriately allocated (McDonald-Madden et al. 2010). The
use of ranger patrols to monitor and prevent rule-breaking in
protected areas can be a cost-effective approach to enable rapid
responses and targeting of law enforcement efforts (Gray and
Kalpers 2005, Stokes 2010; Plumptre et al. 2014). However,
ranger based patrol data is often confounded by unknown
sampling effort and encounter bias (Critchlow et al. 2015) and
frequently requires validation using more robust and costly
methods (Keane et al. 2011).

While some previous studies compare survey methods that
assess rule-breaking ( Jones et al. 2008, Gavin et al. 2010;
Keane et al. 2011), few consider the statistical power of
different methods and compare their ability to detect changes
in rule-breaking occurrence (Seavy and Reynolds 2007).
Power analyses have been extensively applied to improve
the cost effectiveness of monitoring strategies for wildlife
populations (Gerrodette 1987; Hadfield et al. 1996; Hatch
2003; McDonald-Madden et al. 2010, Meyer et al. 2010;
Guillera-Arroita and Lahoz-Monfort 2012; Ellis et al. 2015),
but are rarely applied to the design of monitoring rule-breaking
activities (although, see Brashares and Sam 2005).

Here we investigate optimal surveying of rule-breaking
occurrence in Gola Rainforest National Park, Sierra Leone,
by collecting field data on the prevalence and variability of
rule-breaking and using this to parameterise a spatially explicit
power analysis. The aims were to (i) quantify the level of threat to
the forest, measured as the frequency of occurrence of rule-breaking
behaviour; (ii) estimate the level of survey effort, in terms of
monitoring visit frequency and sample size, necessary to detect
changes in rule-breaking; (iii) investigate whether monitoring
efficiency could be improved by increasing or decreasing the arca
of each square surveyed; and (iv) understand the degree to which
the ranging behaviour of rule-breakers (hunters) impacts on the
level of survey effort required. Together these results provide a
basis for developing an effective monitoring strategy.

MATERIALS AND METHODS
Field collected data

We surveyed 53 squares 1 km in area within Gola Rainforest
National Park (GRNP) for signs of rule-breaking activity by
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hunters using a stratified random approach. GRNP is located in
Sierra Leone, between 7°18° - 7°51° N and 10°37° - 11°21’W
and comprises 70,000 ha of Upper Guinea rainforest in three
non-contiguous forest blocks surrounded by villages and
a community forest buffer zone. Squares surveyed were
sampled within the park in four distance bands from the park
boundary:0-0.5 km (n=20); 0.5-1.5 km (n=11); 1.5-2.5 km
(n=14); and >2.5 km (n=8). Each square was visited once
between March and August 2012 and searched for signs of
rule-breaking activities by walking a ‘V’ shaped path of least
resistance across the square without retracing any part of the
route. Routes taken in each square were recorded using a GPS
(mean transect length was 2.86 km, range 2.16-3.65 km).
Observed signs of rule-breaking were recorded for four
categories: marked human trails, wire snares or snare lines,
spent shotgun cartridges and overnight camps. As few
observations were made for some categories, all four categories
were then pooled, with rule-breaking considered to have
occurred in a square if any sign was recorded.

Current level of threat: frequency of occurrence and
spatial pattern of rule-breaking

We modelled the occurrence of rule-breaking signs as a binary
response variable using a generalised linear model (GLM) with
quasibinomial errors and logit link function in R (R Development
Core Team 2014). We fitted a global model that included linear
and quadratic terms describing altitude of the square centroid
(derived from a 30 m resolution Digital Elevation Model), and
distance from square centroids to the nearest village and to the
nearby international border with Liberia. We also included an
interaction term between distance to the nearest village and
altitude, and included the log of transect length as an offset
term. A variable describing the distance to the edge of the
national park was omitted because it was strongly correlated
with distance to nearest village (Pearson’s product-moment
correlation = 0.87; t=12.9; df =51; p <0.001).

To identify the most important factors influencing
rule-breaking to use in subsequent simulations we identified
the best ranked model from all possible subsets of the global
model based on quasi Akaike Information Criterion adjusted
for small sample size (QAICc). Model ranking by QAIC was
performed in R using the package MuMIn (Barton 2011).

Simulation models

An overview of all steps used in the simulation process for
the spatially explicit power analysis is shown in Figure 1. We
investigated power to detect one-off changes in rule-breaking
using a simulation approach with the R package rSPACE (Ellis
et al. 2015). This analytical framework treats rule-breaking
as analogous to a wildlife population whereby a population
of individual hunters are each assigned an activity centre
and unique centre-weighted movement distribution (an area
across which hunting takes place, or home-range). This
simple spatial model allowed us to manipulate the number
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of activity centres. We use the term ‘hunter population’ to
refer to the number of hunter activity centres in the landscape.
Hunter activity centres were added or removed to simulate
change in rule-breaking activity between survey periods. The
composite home-range movement distributions of the hunter
population resulted in a map of utilisation probability for each
survey period, with a new utilisation map created for each
new simulation iteration. At each iteration, rSPACE creates
a unique hunter utilisation surface with probability values
for before and after a change in the hunter population. To
simulate monitoring, a 1 km square fishnet grid was overlaid
over the utilisation map and squares randomly sampled, with
the probability of detecting rule-breaking in a square taken as
the probability of use by a hunter. For all simulation models
the response variable was binary (detection or non-detection
of rule-breaking), with imperfect detection accounted for by
repeating visits to squares each survey period. The proportion
of simulation iterations where a change at p<0.05 was
correctly identified provided our estimate of power for each
simulated scenario.

Parameters defined in the spatial simulation

We used the coefficients of spatial variation from the top
ranked model of the field data to predict relative rule-breaking
probability in all 1 km-squares across GRNP, and generated
a raster map containing these values. Cell size was then
disaggregated to 0.25 km so squares were smaller than the
simulated sample units to meet requirements of rSPACE. This
map of rule-breaking probability was used in all scenarios to
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determine the spatial distribution of hunter activity centres
(for the details of how rSPACE distributes activity centres see
Ellis etal. 2015). We set the minimum distance between hunter
activity centres to 0.1 km to ensure hunter ranges substantially,
but not directly, overlapped each other.

For each hunter activity centre we specified a movement
home-range of 4 km radius, except where the effect of hunter
range size was explicitly tested when it was varied to 1.5, 2,
4, 6 and 8 km. We assumed 4 km radius was realistic based
on personal observations and published figures of bushmeat
hunting in west and central Africa (Kiimpel et al. 2009; Gill
et al. 2012; Coad et al. 2013,). Ranging by hunters was set
to 90% within this home-range radius, and 10% beyond
the home-range radius, allowing for the realistic possibility
of some longer movements. Ranges were constrained to
prevent them extending outside the GRNP boundary. The
probability that individual squares in each hunter’s range
were utilised was based on a bivariate normal distribution,
so hunters were more likely to use squares near the centre
of their range (for details of how rSPACE estimates use see
Ellis et al. 2015).

We used a baseline hunter population of 205. This value was
determined by creating hunter utilisation surface landscapes
under a range of hunter population sizes (10-600) with
the home-range radius set at 4 km. For each landscape we
generated 53 simulated datasets, equal to our field data survey
square sample size. We then identified the hunter population
size most likely to return the number of hunting signs we
observed in the field data. Simulated datasets were a random
sample of the 53 survey squares, with each of these 1 km

1. Simulate hunter home-range centres for a given
hunter population. Location of home-range centres is
based on spatial patterns of rule-breaking predicted by
the field data.

Example of rSPACE output

Inavidual activity center locations - Year 1

- ety

2. Simulate a change in hunting by adding or removing

l home-range centres

Simulate hunted landscapes

of given radius, and simulating movement from the
home range centres

3. Create hunter utilisation surfaces for before and after
achange in hunting, by assigning hunters a home-range

4. Overlay a survey grid and calculate probability of
hunting detection for each square

5. Create simulated datasets consisting of detection /
non-detection outcomes for randomly sampled

across a range of sample sizes.

squares, for a given number of visits per square. Repeat

dd

6. Analyze each si to determine if

change in hunting is detected.

Simulate surveysand analysis

7. Power is calculated as the proportion of iterations
for which a survey strategy correctly detected hunting
change.

Power
estimate

Step 1: location of hunter home-range centres
(black dots) based on spatial patterns of
hunting (shading)

Probabilty of at keast one Inavdual present by cel - Year 1

Step 4: survey grid with probability of hunting
detection assigned to each square.

Figure 1
Overview of the simulation process used for spatially explicit power analysis



squares having an outcome of 1 (detection) or 0 (non-detection)
based on the hunter utilisation probability for the respective
square. This was repeated for 100 landscapes at each value
of hunter population size, with the mean number of squares
with hunting presence calculated for each landscape. To
identify which value of hunter population size most closely
matched the observed frequency of finding snares from our
field data, we fitted a GLM including a quadratic term for
hunter population to the simulated results, with the number of
squares with signs of hunting modelled as a function of hunter
population. We calibrated our simulations to snares rather than
all signs combined in order to assess a monitoring strategy
that measured hunting within a defined period of time (snares
could be most reliably aged in the field) and targets types of
rule-breaking separately.

Calculating the power to detect changes in rule-breaking

We applied the single-season occupancy modelling framework
of Mackenzie et al. (2002) for the analysis of simulated data.
This framework enables assessment of use or occupancy of
a sampling unit (in our case evidence of rule-breaking in a
surveyed square) while addressing the problem of imperfect
detection. This is achieved by estimating the detection
probability and adjusting the estimate of occupancy to take into
account the likely proportion of squares where rule-breaking
was present but not detected. Estimation of detection
probability requires repeated visits to squares within a survey
season, with the assumption that the real state of rule-breaking
does not vary between visits. Observed differences between
visits are due to imperfect detection, which is estimated
and incorporated into the overall estimate of rule-breaking
occurrence.

For each scenario a fishnet grid was overlaid over the
utilisation probability map in which each cell was assigned
a probability of hunter utilization. Cell size was 1 km except
where survey square area was explicitly being tested when it
was set to 0.25, 0.5, 1 or 2 km. We generated binary detection
data for a given number of visits at each square from a
Bernoulli process, with probability of detection equal to the
utilisation probability within that square. This was repeated
six times for each square, both before and after the population
had been increased or decreased, to simulate a maximum of
Six visits per square per survey season. Detection histories
were generated for every square in the sample grid for two
survey seasons (before and after population change) which
were then randomly sub-sampled for a given sample size and
number of visits.

Detection histories were analysed with a single-season
occupancy model using the R package ‘unmarked’ (Fiske
and Chandler 2011). A model was fitted to each dataset, with
survey season as a covariate to identify responses before and
after a change in hunter population. A model successfully
identified a change in rule-breaking occurrence (the measure
and consequence of change in the hunter population) if the
survey season coefficient was significantly different from zero
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at p<0.05. No covariates were included in estimation of the
detection probability.

For each simulated scenario, the power to detect a change
in rule-breaking between two surveys was the proportion
of iterations for which models indicated a statistically
significant difference. 1000 iterations were performed under
each scenario, and runs in which models failed to converge
were discarded. The number of iterations, excluding
models with computational problems, are shown in the
Supplementary Information, Table S1. For all scenarios,
power was calculated for six areas that encompassed 5, 15,
25, 35, 45 or 55% of the study area, equivalent to 34-380 1
km-squares, for simulation scenarios of three and six survey
visits per square.

Detecting a change in hunter population

To investigate the power to detect an increase or decrease in
rule-breaking we next varied the number of hunter activity
centres to simulate decreases in the hunter population of 25
and 50% and increases of 50, 75 and 100%. For all these
simulations hunter home-range radius was 4 km, and survey
square area 1 km?.

We explored two aspects of survey design likely to influence
the power to detect change, the number of visits per square
and the size of survey squares. Standard errors associated with
estimates of detection probability can be reduced by increasing
the number of repeated visits to each square (Mackenzie and
Royle 2005), therefore we evaluated power with three and six
visits for all scenarios. Three can be considered the minimum
number of visits required to estimate detection probabilities,
while six represents the maximum possible at GRNP given
logistical constraints.

Survey square area defines the sample unit in which hunters
are recorded. Larger squares are closer in area to hunter’s
ranges, and therefore provide a more sensitive measure of
change in the number of hunters. However, more effort is
required to survey larger squares. Survey effort can therefore
be allocated either to fewer larger squares, or more smaller
squares, to give the same overall coverage. We investigated
changes in the survey design by varying square size to 0.5
and 2 km? from our baseline of 1 km? and compared survey
effort that gave the same overall percentage coverage of the
study area. For survey square areas of 0.5 and 2 km?, we tested
power at sample sizes that gave coverage of 5, 15, 25, 35, 45
and 55% of the study area, for scenarios of a 50% decrease
and a 100% increase in hunter population.

The area over which hunters are active (home-range) is
a key parameter likely to affect monitoring power, but is
usually unknown. To investigate the effects of hunter range
size finally we considered five different home-range size
radii: 1.5, 2, 4, 6 and 8 km in simulations of a 50% decrease
and 100% increase in the hunter population with a 1 km?
survey square area. An 8 km radius is within the upper range
recorded from central Africa (Noss 1998; Wilkie et al. 1998;
Gill et al. 2012; Coad et al. 2013).
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RESULTS

Frequency of occurrence and spatial pattern of rule-
breaking

Rule-breaking signs were found in 35 of the 53 surveyed
squares. Snares and shotgun cartridges were each found in 13
squares, with 8 squares containing both, and marked trails in
17 squares. The highest ranked model predicting rule-breaking
occurrence only included distance to the nearest settlement
as a predictor, which showed a negative relationship with the
presence of rule-breaking signs (n=53; coefficient = -0.001;
standard error = 0.0002; z= -2.72; p<0.01, Table 1).

Power to detect change

Detecting changes in the rule-breaking occurrence required a
relatively large number of squares to be surveyed and for the
smallest change simulated, a 25% decrease, power was low
even with large sample sizes (200-400 squares, approximately
30-50% of the study area, Figure 2).

There was considerable improvement in power if squares
were surveyed six times compared to three. For example,
detecting a 75% increase in hunter population required
surveying approximately 200 squares six times, compared to
>300 squares surveyed three times. Power was also improved
by optimising the size of survey squares (Figure 3). For
simulations with six survey visits per square the best strategy
was to survey many squares of a smaller size. A survey of
0.5 km? squares with six visits required a sample size covering
15% of the study area (n=210 squares) to detect a doubling in
the population at a power of >0.8. By contrast 35% coverage
was needed to achieve the same power with squares of 1 or
2 km? (n=241 and 139 squares, respectively). For scenarios
with three visits per square, there was an inconsistent pattern.
At large sample sizes (>20% coverage of the study area), the
best strategy was to survey squares of 2 km?, with 1 km?being
the least efficient strategy. However, at smaller sample sizes
the best approach was to sample a greater number of small
(0.5 km?) squares.

Hunter home-range size had a large effect on the estimated
power required to detect a doubling or halving of the hunter
population (Figure 4). When hunter home-ranges were large
(>4 km), power to detect changes in the hunter population was
small (<0.8), even when 55% of'the study area (or 380 squares)
was surveyed. By contrast, when hunter home-ranges were
small (<4 km) power to detect change was much higher, with
a sample coverage of 15% (100 squares) sufficient to detect a
doubling or halving of the hunter population with six survey
visits per square.

In all scenarios of hunter ranging, power was lower for
surveys with only three visits per square compared to six
visits. However, when hunter ranges were small, there was
only a slight advantage to be gained by monitoring six times
rather than three. Detection of a 100% increase in hunting with
power >0.8 could be achieved with similar sample sizes for
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Table 1
Ranked models predicting factors influencing rule-breaking
occurrence according to AICc values and AICc differences

Model

rank Model parameters K | AICe | 4A4ICc
1 Village 2 63.19 0.00
2 Village+villageN 3 64.58 1.39
3 VillageN 2 64.87 1.68
4 AltitudeN+village 3 65.13 1.94
5 Altitude+village 3 65.20 2.01
6 Liberia+village 3 65.26 2.07
7 Liberia+village+villageN 4 66.69 3.50
8 AltitudeN+villageN 3 66.69 3.50
9 Altitude+village+altitude*village | 4 66.79 3.59
10 Altitude+villageN 3 66.80 3.61

K indicates the number of parameters, AICc the Akaike’s Information
Criterion for small samples and AAICc the scaled AICc relative to the

top ranked model. Model terms included linear and quadratic (N) altitude
and distance to the nearest village terms, a linear term for distance to the
international border with Liberia, and an interaction term altitude*village
and included the log of transect length as an offset term. Models were GLMs
with quasibinomial errors and used a logit link function

three visits as for six visits, where hunter range size was small
(1.5 or 2 km). Therefore, the required sample effort both in
terms of number of squares, and number of visits per square,
was considerably lower when hunters have restricted ranges.

DISCUSSION

The power analyses presented here, and the field data upon
which they are based, were designed to help develop a
programme for monitoring rule-breaking activities, such as
hunting, in a protected forest national park in Sierra Leone.
We present baseline field data of prevalence of rule-breaking
behaviour, and used simulation-based models to explore the
way in which basic elements of monitoring design, such
as size of sampling units and number of survey visits, and
behaviour of hunters, such as ranging, may influence the
likelihood of detecting changes. We show hunting to be
relatively widespread in GRNP despite its protected status
and demonstrate that repeating the baseline survey of 53
survey squares in a 690 km? area would be insufficient to
detect any changes in hunting activity. Monitoring could be
improved by increasing the number of visits to squares and
by optimising the survey square area, with the highest power
achieved for survey strategies of many, small squares, visited
at least six times each. Finally, the simulations show that the
spatial aspects of rule-breaking behaviour in terms of how far
individual hunters range can have substantial consequences
for monitoring efficiency. We conclude that repeating the
methods applied in our baseline survey would be impractical
and ineffective as a monitoring strategy, due to the large survey
effort required and the risk of uninformative results if hunters
operate over large ranges.

The new field data presented here suggest that rule-breaking
activity in GRNP is mainly associated with bushmeat hunting,
and is widespread with signs found in 66% of 1 km-squares
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Power to detect change in rule-breaking based on an occupancy model
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Figure 3
Power to detect a 50% decrease and 100% increase in rule-breaking under different scenarios of survey square area
Note: Three alternative scenarios of survey square area, 0.5, 1 and 2 km, under a sampling strategy of three and six visits per square

at encounter rates of one sign per 0.5 + 0.7 km. Comparing
this threat level with other protected forests in western Africa

is difficult due to differences in survey methods, but they
are broadly comparable with those recorded for forests in
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Power to detect a 50% decrease and 100% increase in rule-breaking under different scenarios of hunter range size
Note: Alternative scenarios of hunter ranging behaviour with a hunter range radius of 1.5, 2, 4, 6 and 8 km under a sampling strategy of three and six
Visits per square

adjacent Liberia, 0.5 + 1.3 per km (Tweh et al. 2014) and
0.11-0.81 per km (Vogt 2011). The spatial distribution of
rule-breaking signs was positively related to proximity to
human settlements, but this relationship was relatively weak.
For instance, we found hunting signs in 74% of squares within
1.5 km of the boundary and 50% of squares more than 2.5 km
from the boundary. Accessibility is a known correlate of
hunting pressure in protected areas (Wato et al. 2006, Watson
et al. 2013) but at GRNP, access appears to be only a minor
deterrent to hunting. This may be due in part to the shape of
the park itself, which is formed of three non-contiguous forest
blocks (the maximum distance to the nearest settlement from
anywhere in the park is 8.3 km).

There is growing recognition that bushmeat hunting is a
critical and widespread threat for tropical forest wildlife,
particularly in Africa (Abernethy et al. 2013), yet hunting
remains poorly understood and quantified. Our baseline survey
describes hunting pressure across a relatively long time-frame,
in a protected area that has been actively protected for several
years. We measured signs that may have accumulated over
many years, but were difficult to age in the field, such as
spent shotgun cartridges (observed in 24% of squares). Law
enforcement resources at GRNP are high relative to many
protected forests and in the three years since the baseline survey
was conducted, ranger patrols have increased in frequency,
with effort now targeted using the spatial monitoring and
reporting tool SMART (SMART Conservation Software 2013)
to analyse patrol data on a monthly basis. Forest monitoring

is undertaken within the context of significant livelihood
interventions amongst forest-edge communities from which
both subsistence and commercial hunters have been known to
operate (Davies and Richards 1992). That hunting is illegal is
widely known but the results of this work; showing widespread
low levels of hunting, suggest more proactive approaches may
be required to reduce these levels.

Our simulations demonstrate that at GRNP simply replicating
the baseline survey of 53 survey squares (representing 8% of
the study area) would be insufficient to detect change under
any scenario. Detecting even large changes in rule-breaking
occurrence would require a considerable increase in survey
effort in terms of the number of squares surveyed and the
number of visits per square. For example, the total survey
effort required to detect a 75% increase or a 50% decrease in
hunting was approximately 20 times the effort of our baseline,
under our parameters for hunter behaviour. Detecting smaller,
arguably more realistic changes, such as a 25% decline in
hunting, would require a sample almost 50 times the baseline,
visiting at least 400 squares six times each.

There were limited opportunities to improve efficiency of
the survey design. We manipulated two aspects of survey
strategy, the number of visits and the survey square area.
Power was greatly improved through increasing the number
of survey visits from three to six per square. This was
expected because increasing the number of visits reduces
uncertainty in detection probability, and therefore reduces
the standard errors of hunting estimates. In practice however,



carrying out six visits to squares may be as costly as surveying
additional squares, and the optimal strategy will depend on
relative costs.

Survey square area also had an effect on power to detect
change. When we compared alternative survey designs that
gave the same overall spatial coverage (i.e. fewer, larger
squares versus many, smaller squares), we found that reducing
the square size in favour of surveying more squares improved
power in scenarios with six visits per square. By contrast, with
only three visits per square, the most effective approach was
to survey larger squares provided the sample size was above
a minimum threshold. Larger squares gave higher overall
detection probability and provided a more sensitive measure
of the number of hunter’s ranges (which themselves are large
in size). Therefore, if we ignore the extra effort required to
survey a larger area, then larger square sizes give the better
power to detect change than the same number of small squares.
However, when sample effort was measured in terms of total area
surveyed, this advantage was generally outweighed by the higher
sample size obtained from monitoring many small squares. The
exception to this was for scenarios with only three visits per
square, when the uncertainty in the detection estimate meant
the advantage of larger squares reliably detecting hunter ranges
outweighed the benefits of increased sample size. In practise,
basic information about the spatial and temporal variability
in hunting signs would allow managers to identify the most
appropriate square size, given the specific aims of monitoring.

Importantly, the simulations demonstrate that hunter
behaviour is a key consideration in the design of monitoring
strategies. As home-range size of hunters increases, the ability
to detect changes in their number declines. This result is
not unexpected, occupancy will tend to provide a relatively
insensitive measure of rule-breaking in scenarios where
hunters have large, overlapping ranges because the addition
of new hunters does not greatly alter the overall spatial extent
of hunting. We found that a relatively small change in hunter
behaviour produced substantial differences in the level of survey
effort required. For example, if hunter home-range size was
>6 km? rule-breaking changes could not be detected at even
the largest sample sizes of >300 squares (55% of the study
area), but at range sizes of <2 km? there was an 80% chance of
detecting a doubling or halving of the hunter population if only
100 squares (15% of the area) were surveyed. This suggests
that under plausible scenarios of hunter behaviour, monitoring
based on presence of hunting in 1 km-squares may be relatively
uninformative. There is little empirical data describing hunter
ranging patterns. Informal interviews with hunters operating
within the (unprotected) Liberian part of the Gola forest, suggest
that a 6-8 km range radius will likely be at the upper limits of
most hunter’s ranges, with travel times of 3-4 hours generally
considered the maximum distance a hunter will walk from
a camp. This is supported by published studies from central
Africa, which document mean trapping distances from camps
of 2-3 km (Kiimpel 2006, Rist et al. 2008) although larger
distances are recorded for trappers operating from villages of
6.5-15 km (Abernethy et al. 2013, Coad et al. 2013).
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The influence of movement parameters on monitoring
sensitivity may make some forms of rule-breaking easier to
monitor. For example, subsistence hunting could be more
spatially structured compared to commercial hunting, making
changes easier to detect (Jachmann 2008). Differences in
ranging behaviour linked to types of hunting have been
described elsewhere, although data are lacking for western
Africa. Kumpel et al. (2010) distinguish between three
typical hunter profiles in Sendje, Equatorial Guinea, showing
that low-impact hunters operate closer to the village than
high-impact hunters (average distances of 5.5 km and 32.4 km
respectively). In addition, changes in hunter behaviour through
time could have significant consequences for monitoring
efficiency. For example, Coad et al. (2013) document changes
in spatial behaviour of hunters across a six year interval, linked
to hunter demography and local economic opportunities.
A number of studies find evidence that hunters increase
distances travelled in response to local prey depletion (Gill
etal. 2012; Coad et al. 2013). Our results indicate that where
possible, managers should consider behavioural attributes of
rule-breakers in the design of monitoring strategies to avoid
wasting resources. Greater efficiency may be achieved by
tailoring survey design for specific types of rule-breaking,
while adaptive monitoring strategies can be used to account
for shifts in behaviour through time.

Our simulations provide only approximate and relative
estimates of required sample effort and are subject to various
caveats. First, we greatly simplify hunter movement patterns,
whereas true hunter behaviour is likely to vary between
individuals and may be influenced by many factors including
prey distribution (Critchlow et al. 2015), local features such
as watercourses (Kiimpel 2006), or law enforcement efforts
(N’Goran et al. 2012). Second, we assume hunter effort is
constant, regardless of range size, and so an increase in range
results in the detection probability in any one square within the
range decreasing. Although this seems a reasonable assumption,
if violated (e.g. if hunters increase effort per km when operating
across larger areas), monitoring efficiency would not show such
a dramatic decline with increasing range size of hunters. Third,
we assumed that hunter home-ranges can overlap extensively.
If they do not then monitoring power would be higher than
our estimated values under all scenarios tested. Unfortunately,
no information is available to assess the likelihood of this
assumption. However, informal interviews with hunters in
Liberia suggest hunters have loosely defined territories based on
semi-permanent camps, but that these frequently overlap to some
degree depending on the number of hunters. Finally, our sample
effort estimates are taken from the extreme case of detecting a
change between just two surveys, rather than considering regular,
repeated surveys through time. In practice, long-term monitoring
efforts will be more sensitive to detecting trends in hunting and
in this regard our estimates are conservative.

Taken together, the power simulations indicate the
methodology used in our baseline survey will be unsuitable
as a monitoring strategy to detect changes in prevalence of
rule breaking and that this will require alternative monitoring
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approaches. These could include assessing density of signs
using distance monitoring approaches rather than spatial
prevalence (Thomas et al. 2010), combining monitoring with
ongoing research or ranger patrol activities to reduce overall
costs and employing questionnaire-based methods (Jones
et al. 2008). Recent developments in the latter that effectively
anonymise incriminating responses to sensitive questions have
been shown to be a valuable tool for assessing rule-breaking
behaviour and provide better insight into socio-economic
drivers of change that cannot be gained from direct questioning
(St. John et al 2010, Nuno and St. John 2015). Some of the
poorly understood parameters relating to hunting behaviour
could be uncovered using such methods.

ACKNOWLEDGEMENTS

This work was funded by RSPB and the Cambridge Conservation
Initiative. We are extremely grateful to all the GRNP staff for their
help and support, particularly the Gola forest rangers who collected
field data. We also thank Marta Ellis for advice in using rSPACE,
Fiona Sanderson for statistical advice, and Annika Hillers and
Nicolas Tubbs.

REFERENCES

Abernethy, K. A., Coad, L., Taylor, G., Lee, M. E., and Maisels, F. 2013. Extent
and ecological consequences of hunting in central African rainforests in
the twenty-first century. Philosophical Transactions of the Royal Society
B: Biological Sciences 368: 20120303.

Barton, K. 2011. Mumin: multi-model inference. R package version 1.15.0.
Https://CRAN.R-project.org/package=MuMin. Accessed on 9 August,
2015.

Bousquet, F., LePage, C., Bakam, I, and Takforyan, A. 2001. A spatially-explicit
individual-based model of blue Duikers population dynamics:
multi-agent simulations of bushmeat hunting in an eastern Cameroonian
village. Ecological Modelling 138: 331-346.

Brashares, J. S. and Sam, M. K. 2005. How much is enough? Estimating the
minimum sampling required for effective monitoring of African reserves.
Biodiversity and Conservation 14: 2709-2722.

Bruner, A. G., Gullison, R. E., Rice, R. E. and Da Fonseca, G. A. 2001.
Effectiveness of parks in protecting tropical biodiversity. Science 291:
125-128.

Butchart, S. H., Scharlemann, J. P., Evans, M. 1., Quader, S., Arico, S.,
Arinaitwe, J., Balman, M., et al. 2012. Protecting important sites for
biodiversity contributes to meeting global conservation targets. PLoS
ONE €32529.

Coad, L., Abernethy, K., Balmford, A., Manica, A., Airey, L., and
Milner-Gulland, E. J. 2010. Distribution and use of income from
bushmeat in a rural village, central Gabon. Conservation Biology 24:
1510-1518.

Coad, L., Schleicher, J., Milner-Gulland, E. J., Marthews, T. R., Starkey, M.,
Manica, A., Balmford, A., et al. 2013. Social and ecological change
over a decade in a village hunting system, central Gabon. Conservation
Biology 27: 270-280.

Craigie, I. D., Baillie, J. E. M., Balmford, A., Carbone, C., Collen, B.,
Green, R. E., and Hutton, J. M. 2010. Large mammal population declines
in Africa’s protected areas. Biological Conservation 143: 2221-2228.

Critchlow, R., Plumptre, A. J., Driciru, M., Rwetsiba, A., Stokes, E. J.,
Tumwesigye, C., Wanyama, F., et al. 2015. Spatiotemporal trends of

illegal activities from ranger-collected data in a Ugandan national park.
Conservation Biology 29: 1458-1470.

[Downloaded free from http://www.conservationandsociety.org on Thursday, October 19, 2017, IP: 82.2.127.99]

Damania, R., Milner-Gulland, E. J. and Crookes, D. J. 2005. A bioeconomic
analysis of bushmeat hunting. Proceedings of the Royal Society B:
Biological Sciences 272: 259-266.

Danielsen, F., Jensen, E. A., Alviola, A. P., Balete, S. D., Mendoza, M.,
Tagtag, A., Custodio, C., et al. 2005. Does monitoring matter? A
quantitative assessment of management decisions from locally-based
monitoring of protected areas. Biodiversity & Conservation 14:
2633-2652.

Davies, A.G., and Richards, P. 1992. Rain forest in Mende life: resources
and subsistence strategies in rural communities around the Gola North
forest reserve (Sierra Leone). London.: Department of Anthropology,
University College London.

Di Marco, M., Buchanan, G. M., Szantoi, Z., Holmgren, M.,
Grottolo Marasini, G., Gross, D., Tranquilli, S., et al. 2014. Drivers
of extinction risk in African mammals: The interplay of distribution
state, human pressure, conservation response and species biology.
Philosophical Transactions of the Royal Society B: Biological Sciences
369:20130198.

Ellis, M. M., Ivan, J. S., Tucker, J. M., Schwartz, M. K. and Poisot, T. 2015.
Rspace: Spatially based power analysis for conservation and ecology.
Methods in Ecology and Evolution 6: 621-625.

Fa, J. E. and Brown, D. 2009. Impacts of hunting on mammals in African
tropical moist forests: A review and synthesis. Mammal Review 39:
231-264.

Fa, J. E., Olivero, J., Farfan, M. A., Marquez, A. L., Duarte, J., Nackoney, J.,
Hall, A., et al. 2015. Correlates of bushmeat in markets and depletion
of wildlife. Conservation Biology 29: 805-815.

Fiske, I. and Chandler, R. 2011. Unmarked: An r package for fitting hierarchical

models of wildlife occurrence and abundance. Journal of Statistical
Software 43: 1-23.

Foerster, S., Wilkie, D. S., Morelli, G. A., Demmer, J., Starkey, M., Telfer, P.,
Steil, M., et al. 2012. Correlates of bushmeat hunting among remote rural
households in gabon, central Africa. Conservation Biology 26: 335-344.

Gardner, T. A., Barlow, J., Sodhi, N. S., and Peres, C. A. 2010. A multi-region

assessment of tropical forest biodiversity in a human-modified world.
Biological Conservation 143: 2293-2300.

Gavin, M. C., Solomon, J. N., and Blank, S. G. 2010. Measuring and monitoring
illegal use of natural resources. Conservation Biology 24: 89-100.

Geldmann, J., Barnes, M., Coad, L., Craigie, I. D., Hockings, M., and
Burgess, N. 2013. Effectiveness of terrestrial protected areas in
reducing biodiversity and habitat loss. CEE 10-007. Collaboration
for Environmental Evidence: http://www.environmentalevidence.org/
SR10007.html. Accessed on 1 August, 2015.

Geldmann, J., Joppa, L. N., and Burgess, N. D. 2014. Mapping change

in human pressure globally on land and within protected areas.
Conservation Biology 28: 1604-1616.

Gerrodette, T. 1987. A power analysis for detecting trends. Ecology 68:
1364-1372.

Gill, D. J. C, Fa, J. E., Rowcliffe, J. M., and Kiimpel, N. F. 2012. Drivers of
change in hunter offtake and hunting strategies in Sendje, Equatorial
Guinea. Conservation Biology 26: 1052-1060.

Gray, M. and Kalpers, J. 2005. Ranger based monitoring in the Virunga—Bwindi
region of east-central Africa: a simple data collection tool for park
management. Biodiversity & Conservation 14: 2723-2741.

Guillera-Arroita, G. and Lahoz-Monfort, J. J. 2012. Designing studies to
detect differences in species occupancy: power analysis under imperfect
detection. Methods in Ecology and Evolution 3: 860-869.

Hadfield, J., Gould IV, W., Hoover, B., Fuller, M., and Lindquist, E. 1996.
Detecting trends in raptor counts: detecting power and type i error rates
of various statistical tests. Wildlife Society Bulletin 24: 505-515.

Hatch, S. A. 2003. Statistical power for detecting trends with applications to
seabird monitoring. Biological Conservation 111: 317-329.

Iwamura, T., Lambin, E. F., Silvius, K. M., Luzar, J. B., and Fragoso, J. M. V.
2014. Agent-based modeling of hunting and subsistence agriculture



on indigenous lands: understanding interactions between social and
ecological systems. Environmental Modelling & Sofiware 58: 109-127.

Jachmann, H. 2008. Illegal wildlife use and protected area management in
Ghana. Biological Conservation 141: 1906-1918.

Jones, J. P. G., Andriamarovololona, M. M., Hockley, N., Gibbons, J. M., and
Milner-Gulland, E. J. 2008. Testing the use of interviews as a tool for
monitoring trends in the harvesting of wild species. Journal of Applied
Ecology 45: 1205-1212.

Keane, A., Jones, J. P. G. and Milner-Gulland, E. J. 2011. Encounter data in
resource management and ecology: Pitfalls and possibilities. Journal of
Applied Ecology 48: 1164-1173.

Kimpel, N. F. 2006. Incentives for sustainable hunting of bushmeat in rio
muni, equatorial guinea. Vol. PhD. London: Imperial College London.

Kiimpel, N. F., Milner-Gulland, E. J., Cowlishaw, G. U. Y., and Rowcliffe, J. M.
2010. Assessing sustainability at multiple scales in a rotational bushmeat
hunting system. Conservation Biology 24: 861-871.

Kiimpel, N. F., Rowcliffe, J. M., Cowlishaw, G., and Milner-Gulland, E. J.
2009. Trapper profiles and strategies: insights into sustainability from
hunter behaviour. Animal Conservation 12: 531-539.

Laurance, W. F., Useche, D. C., Rendeiro, J., Kalka, M., Bradshaw, C. J. A.,
Sloan, S. P., Laurance, S. G., et al. 2012. Averting biodiversity collapse
in tropical forest protected areas. Nature 489: 290-294.

Legg, C. J. and Nagy, L. 2006. Why most conservation monitoring is, but
need not be, a waste of time. Journal of Environmental Management
78: 194-199.

Ling, S. and Milner-Gulland, E. J. 2008. When does spatial structure matter
in models of wildlife harvesting? Journal of Applied Ecology 45: 63-71.

Mackenzie, D. I. and Royle, J. A. 2005. Designing occupancy studies: general
advice and allocating survey effort. Journal of Applied Ecology 42:
1105-1114.

McDonald-Madden, E., Baxter, P. W. J., Fuller, R. A., Martin, T. G.,
Game, E. T., Montambault, J., and Possingham, H. P. 2010. Monitoring
does not always count. Trends in Ecology & Evolution 25: 547-550.

Meyer, C. F.J., Aguiar, L. M. S., Aguirre, L. F., Baumgarten, J., Clarke, F. M.,
Cosson, J.-F., Villegas, S. E., et al. 2010. Long-term monitoring of
tropical bats for anthropogenic impact assessment: gauging the
statistical power to detect population change. Biological Conservation
143:2797-2807.

Milner-Gulland, E. J. and Bennett, E. L. 2003. Wild meat: the bigger picture.
Trends in Ecology & Evolution 18: 351-357.

N’Goran, P. K., Boesch, C., Mundry, R., N’Goran, E. K., Herbinger, I.,
Yapi, F. A., and Kuhi, H. S. 2012. Hunting, law enforcement, and African
primate conservation. Conservation Biology 26: 565-571.

Noss, A. J. 1998. The impacts of baaka net hunting on rainforest wildlife.
Biological Conservation 86: 161-167.

Nuno, A. and St. John, F. A. V. 2015. How to ask sensitive questions in

conservation: a review of specialized questioning techniques. Biological
Conservation 189: 5-15.

[Downloaded free from http://www.conservationandsociety.org on Thursday, October 19, 2017, IP: 82.2.127.99]

Optimal monitoring strategy power analysis / 343

Plumptre, A. J., Fuller, R. A., Rwetsiba, A., Wanyama, F., Kujirakwinja, D.,
Driciru, M., Nangendo, G., et al. 2014. Efficiently targeting resources
to deter illegal activities in protected areas. Journal of Applied Ecology
51:714-725.

R Development Core Team. 2016. R: a language and environment for statistical
computing. R Foundation for Statistical Computing, Vienna, Austria.

Rist, J., Rowcliffe, M., Cowlishaw, G., and Milner-Gulland, E. J. 2008.
Evaluating measures of hunting effort in a bushmeat system. Biological
Conservation 141: 2086-2099.

Rowcliffe, J. M., Cowlishaw, G., and Long, J. 2003. A model of hunting
impacts in multi-prey communities. Journal of Applied Ecology 40:
872-889.

Seavy, N. E. and Reynolds, M. H. 2007. Is statistical power to detect trends
a good assessment of population monitoring? Biological Conservation
140: 187-191.

SMART Conservation Software. 2013. Smart conservation software. Frankfurt
Zoological Society, North Carolina Zoo, Wildlife Conservation Society,
WWF and Zoological Society of London.

St. John, F.A.V., Edwards-Jones, G., Gibbons,J. M., and Jones, J.P.G. 2010.
Testing novel methods for assessing rule breaking in conservation.
Biological Conservation 143:1025-1030.

Stokes, E. J. 2010. Improving effectiveness of protection efforts in tiger source
sites: developing a framework for law enforcement monitoring using
mist. Integrative Zoology 5: 363-377.

Taylor, G., Scharlemann, J. P. W., Rowcliffe, M., Kiimpel, N., Harfoot, M. B. J.,
Fa, J. E., Melisch, R., et al. 2015. Synthesising bushmeat research
effort in west and central Africa: a new regional database. Biological
Conservation 181: 199-205.

Thomas, L., Buckland, S. T., Rexstad, E. A., Laake, J. L., Strindberg, S.,
Hedley, S. L., Bishop, J. R., et al. 2010. Distance software: design and
analysis of distance sampling surveys for estimating population size.
Journal of Applied Ecology 47: 5-14.

Tweh, C. G., Lormie, M. M., Kouakou, C. Y., Hillers, A., Kuhl, H. S. and
Junker, J. 2014. Conservation status of chimpanzees pan troglodytes
verus and other large mammals in Liberia: a nationwide survey. Oryx
49:710-718.

Vogt, M. 2011. Bio-monitoring and research programme, Sapo national park:
results of Sapo national park bio-monitoring programme 2007-2009.
Cambridge, UK: Fauna & Flora International.

Wato, Y. A., Wahungu, G. M. and Okello, M. M. 2006. Correlates of wildlife

snaring patterns in Tsavo west national park, Kenya. Biological
Conservation 132: 500-509.

Watson, F., Becker, M. S., McRobb, R., and Kanyembo, B. 2013. Spatial
patterns of wire-snare poaching: implications for community
conservation in buffer zones around national parks. Biological
Conservation 168: 1-9.

Wilkie, D. S., Curran, B., Tshombe, R. and Morelli, G. A. 1998. Modelling
the sustainability of subsistence farming and hunting in the Ituri forest
of Zaire. Conservation Biology 12: 137-147.

Received: April 2016; Accepted: June 2017



