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Abstract 

      

Effective sampling is essential to monitoring and controlling sea lice infestations on salmon 

farms. However, official sampling regimes are often inadequate, typically adopting a one-size-

fits-all approach. Over the past decade, the thresholds at which mandatory treatment is required 

has also been reduced in many regions and, as such, the total infestation loads reported from 

salmon farms tend to be lower. Therefore, the use of prevalence, as opposed to the more 

conventionally used abundance, becomes a metric of interest and, from an analytical perspective, 

offers some beneficial characteristics. This paper explores a range of sampling scenarios and 

their impacts on the accuracy of sea lice estimation, particularly when prevalence is the adopted 

metric.  

      

Empirical sea lice count data demonstrated a good fit to the negative binomial distribution and 

provided a probable range of values that could be used to describe typical levels of over-

dispersion. It was demonstrated that, when prevalence is low, it can be reliably used to predict 

abundance. Monte Carlo simulations of a hypothetical salmon farm were then used to test results 

for a variety of sample sizes and sea lice infestation scenarios. Different sea lice infestation 

levels between pens in a farm (i.e. a spatial clustering effect) and aggregations of sea lice on their 

hosts (i.e. the effect of over-dispersion) were simulated to explore a variety of conditions. The 

extent to which higher levels of clustering and/or over-dispersion necessitate the need for larger 

sample sizes to achieve similar levels of accuracy was explored. The level of accuracy that can 

be achieved in practice depends on many factors and what is considered to be an acceptable level 

of accuracy will, by definition, be subjective and vary according to the purpose for which the 

estimation is being carried out. This study includes a variety of possible situations to guide farm 

operators in choosing sample sizes according to their particular requirements. Furthermore, 

appropriate sample size determination can be expected to reduce overall sampling effort, achieve 

better overall control, help avoid unnecessary treatments, and reduce both associated costs and 

fish welfare impacts.  

 

 

Keywords: clustering; negative binomial distribution; prevalence; salmon aquaculture; sample 

size; sea lice  
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1. Introduction 

   

Sea louse (Lepeophtheirus salmonis and Caligus spp.) infestation has resulted in substantial 

economic losses and is a serious concern for salmon aquaculture (Johnson et al., 2004). Costs 

associated with sea lice infestation were, for example, estimated to account for 9% of total farm 

revenue for a typical spring-release cycle in central Norway (Abolofia et al., 2017). Sea lice 

spread from salmon farms is also of broader ecological concern, with putative links to wild 

salmonid declines (Krkosek et al., 2005; Costello, 2009a). In addition, welfare of salmon can be 

seriously impacted by sea lice infestation (Overton et al., 2018). These economic, conservation 

and welfare issues are key drivers for an increased interest in controlling sea louse infestation on 

salmon farms.  

      

The control of sea lice relies on effective monitoring programs based on on-going salmon 

sampling, which allows farm operators to estimate sea lice infestation levels on their farms 

(Revie et al., 2005). The accurate estimation of sea lice burdens on salmon farms is required to 

ensure that treatments are administered appropriately and that any relevant regulatory thresholds 

are being adhered to. In addition, subsequent to a treatment, the success or otherwise of that 

intervention can only be confirmed if the sampling protocol is adequate (Gautam et al., 2017). 

Therefore, reliable surveillance is a prerequisite to better controlling sea lice populations, and 

ultimately to creating more sustainable salmon aquaculture (Groner et al., 2016). However, 

guidelines as to the appropriate sampling approaches needed to achieve accurate sea lice load 

estimates remain largely under-developed, in part due to the lack of comprehensive data on sea 

lice infestation distributions on farmed salmon under varying real-world settings.  

           

Critical to determining adequate sample size is an understanding of the potential impacts of host 

population clustering on parasite distribution (McDermott and Schukken, 1994). A given salmon 

farm consists of multiple pens, and what salmon farm operators often wish to assess through 

sampling is the overall sea lice load at the farm level, rather than at the pen level. For a given 

total sample size, sampling from fewer pens is less logistically challenging and consequently 

requires less effort. As a result, salmon farms have historically estimated sea lice load over the 

whole site by sampling from a limited number of pens. However, it has been demonstrated that 

sea lice abundance on salmon farms can vary significantly among pens (Revie et al., 2005; Revie 

et al., 2007), and Revie et al. (2005) emphasized that sampling a smaller number of fish from a 

larger number of pens resulted in a more accurate estimate of abundance. Such clustering of sea 

lice should therefore not be disregarded when determining the sample size needed to estimate sea 

lice infestation. Indeed, sampling protocols in a number of regions now reflect this 

understanding, requiring that the majority of pens within a site be regularly sampled (Norwegian 

Ministry of Industry and Fisheries, 2017). 

 

Three metrics can be used to quantify sea lice infestation levels: prevalence, abundance, and 

intensity. Abundance is defined as the average number of sea lice per fish, prevalence as the 
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proportion of fish with one or more sea lice, and intensity as the average number of sea lice per 

infested fish (Bush et al., 1997). Of these three metrics, abundance has been the most widely 

used in aquaculture (Baillie et al., 2009), and the levels at which sea lice treatment is triggered in 

various salmon-producing countries tend to depend on this measure of infestation (Johnson et al., 

2004). However, it has been argued that abundance can be fairly accurately predicted given a 

measurement of prevalence (Baillie et al., 2009; Heuch et al., 2011). In the cases of sea lice 

counts on Scottish salmon farms (Baillie et al., 2009) and wild pink juvenile salmon in BC, 

Canada (Jones and Hargreaves, 2009), a linear relationship was shown to exist between 

abundance and prevalence when prevalence was relatively low (approximately ≤ 50%) (Heuch et 

al., 2011). A similar result was demonstrated for a much larger number of wild juvenile samples 

in BC, Canada (Patanasatienkul et al., 2013), where a linear relationship was seen to hold for 

values of up to approximately 60% prevalence.  

      

Baillie et al. (2009) emphasized that sampling effort could be significantly reduced by recording 

the presence or absence of sea lice (prevalence), rather than counting the number of parasites 

(abundance). They also noted that newer forms of observation technology, such as image 

analyses, may enable presence or absence to be detected more effectively than would be possible 

if the aim was to determine actual sea lice numbers (Baillie et al., 2009). From a fish welfare 

perspective, estimating prevalence rather than abundance is also expected to reduce the amount 

of time that fish are required to be out of the water. It is therefore important to better understand 

the relationship between sea lice abundance and prevalence on salmon to assess the potential, as 

well as any limitations, of using prevalence as the primary infestation metric. 

      

If sea lice randomly choose their host, the statistical distribution of parasite counts per host 

should follow a Poisson distribution, where the variance would be approximately equal to the 

mean. However, it has often been observed that parasites aggregate on some portion of available 

hosts, leading to an over-dispersed parasite count distribution (i.e. where variance is significantly 

greater than the mean) (Anderson and May, 1992). Over-dispersion in ecological count data can 

be modelled well using the negative binomial distribution (Lindén and Mäntyniemi, 2011), and 

has been applied elsewhere in the context of sea lice on salmon hosts (Treasurer, 2000; Penston 

et al., 2008; Aldrin et al., 2013). The negative binomial distribution can be applied to sea lice 

abundance such that NB(κ, A), is a function of A, the number of sea lice per salmon (mean 

abundance), and κ, a parameter to represent the level of dispersion, which explains the shape of 

the statistical distribution. Since fish will either be infested with sea lice or not, sea lice 

prevalence can be described by a binomial distribution, B(n, p), where n is the total number of 

salmon and p is the probability of infestation with at least one sea louse; n*p then becomes 

prevalence. Estimating prevalence based on knowledge of the modelled abundance is 

straightforward, whereas estimating abundance based on prevalence is more complicated due to 

the lack of any explicit definition of κ in the binomial distribution. Depending on κ, a variety of 

abundance distributions are possible. It is therefore critical to consider the range of abundances 

that might be estimated based on a given level of prevalence under a variety of realistic 

assumptions as to the value of κ (Lloyd-Smith, 2007). 
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This study consists of two parts: i) an analysis of empirical data, and ii) a Monte Carlo 

simulation. First, we use empirical data to confirm that prevalence, in contrast to the more 

typically adopted metric of abundance, can be used as an effective method for measuring levels 

of sea lice infestation in aquaculture. This confirmation should depend on the finding of a 

universal value of dispersion parameter of negative binomial distribution of sea lice abundance 

in farmed salmon. Second, we adopt the Monte Carlo method to simulate salmon sampling 

events on a hypothetical salmon farm for two purposes. One purpose is to explore how different 

sampling strategies affect the accuracy of sea lice prevalence estimates. The importance of 

accurate sea lice infestation estimation is highlighted by the fact that, in many production 

contexts, intervention is required once sea lice reach a certain level (Johnson et al., 2004). 

Another purpose is to determine how measures of sea lice treatment effectiveness might vary as a 

function of estimated differences in sea lice prevalence before and after treatment. Advice 

regarding appropriate sample size to determine treatment effectiveness can contribute to 

enhancing the efficiency of treatment and may also help prevent unnecessary treatment 

application (Gautam et al., 2017).  

 

 

2. Materials and Methods 

 

2.1.Empirical data analyses 

 

Sea louse count datasets were collected from Atlantic salmon (Salmo salar) farms of two areas in 

Norway (Hitra and Hardangerfjord), one area in New Brunswick (NB), eastern Canada, and one 

area in Chile. Sea lice in Norway and Canada were L. salmonis, while sea lice counted on salmon 

in Chile were C. rogercresseyi. In Norway, sea lice counts were analysed for each pen of each 

farm, whereas in NB and Chile, sea lice counts from entire farms were pooled for analysis, as 

only ten fish were sampled from each pen in most cases. Specifically, the data from around Hitra 

Island, Norway included sea lice counts for 40 fish from each of four pens at one site and from 

each of five pens at a second site. The data from Hardangerfjord, Norway included sea lice 

counts for 80 fish from each of nine pens at a site. The data from eastern Canada included sea 

lice counts for 40 to 120 fish from 12 different sites, while the Chilean data included sea lice 

counts for 352 fish from seven sites. Samples within each area were collected at the same times, 

except for in Hitra, Norway, where fish were sampled on three separate occasions over a single 

week.  

      

We assessed whether the sea lice counts in the datasets obtained from the four areas were 

consistent with the assumptions of the negative binomial distribution in two ways. First, we 

estimated an Akaike information criterion (AIC) model fit to the negative binomial and Poisson 

distributions by using the fitdist function from the fitdistrplus package of R (Delignette-Muller 

and Dutang, 2015), which is based on maximum likelihood estimation. Second, we performed 

chi-square tests based on the number of sea lice per fish at the four sites, to assess whether either 
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the Poisson or negative binomial distribution best fit the data.  

      

After the assessment, the dispersion parameter (κ) of the negative binomial distribution was 

estimated using a non-linear least squares approach (nls function in R), which approximates the 

non-linear equation by minimizing the squared residual error. To fit non-linear functions to the 

empirical sea lice abundance and prevalence data, we used Equation 1 (Anderson and May, 

1985). 

 prevalence = 1 − (1 +
abundance

κ
)−κ (1) 

 

 

2.2.Simulation model description 

 

We set up a hypothetical salmon farm consisting of ten pens, where each pen contained 10,000 

salmon, and used the Monte-Carlo method to generate 10,000 iterations of each scenario. In 

order to simulate different scenarios we had to determine the prevalence of each pen in a farm. 

The prevalence of each pen can be determined by two positive shape parameters (α and β) of the 

beta distribution. The beta distribution is a continuous probability distribution between zero and 

one, parametrized by these shape parameters, and was used to model the set of prevalence values 

across the pens in a farm. The mean (μ) and standard deviation (σ) of prevalence values for all 

pens in a farm was used to calculate α and β based on the following two equations (Fosgate, 

2007): 

 α = (
1 − μ

σ2
−

1

𝜇
) 𝜇2 (2) 

 β = α(
1

𝜇
− 1) (3) 

 

We used intraclass correlation (ICC) to explore different levels of variance in prevalence among 

pens on a farm. A high ICC value indicates a high level of variance in prevalence among pens in 

a farm, whereas low ICC indicates low variance in prevalence among pens. For given values of 

ICC and μ, we could then determine σ such that α and β resulted in a range of ICC values, based 

on the relationship captured in Equation 4 (Fosgate, 2007).  

 ICC =
1

α +  β +  1
 (4) 

 

The estimated values of μ and σ were used to obtain α and β, which we then used with the beta 

distribution to stochastically determine the prevalence at each pen in a farm. The binomial 

distribution is a discrete probability distribution, characterised by only two possible outcomes 

(here, infestation or non-infestation), and was used to model the prevalence within each pen. 

After the prevalence had been stochastically determined for each pen in each iteration, 

abundance was determined using Equation 1.       
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We set up sampling simulations to explore scenarios that addressed the two main purposes of this 

study: (i) to estimate the accuracy of sea lice prevalence estimation; and (ii) to evaluate the 

effects of treatment. For the first goal, accuracy was expressed as the mean deviation of 

prevalence measured through sampling compared to the true prevalence over many iterations. 

The deviations were calculated for scenarios comprising between one and ten pens each with 

between one and 40 fish sampled per pen (i.e. a total of 400 scenarios). The deviations were 

calculated as  
|(𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑣𝑎𝑙𝑢𝑒 𝑡ℎ𝑟𝑜𝑢𝑔ℎ 𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔)−(𝑇𝑟𝑢𝑒 𝑣𝑎𝑙𝑢𝑒)|

𝑇𝑟𝑢𝑒 𝑣𝑎𝑙𝑢𝑒
. The deviation was expressed as 

accuracy, in that this deviation represents how close the sampling results are to the true value 

(Dohoo et al., 2003). This is not to be confused with precision, or how consistent the sampling 

results might have been.  

 

For the second goal, simulation was used to determine the minimum number of sampled fish 

required to support the detection of a given difference in sea lice prevalence before and after a 

treatment. A treatment was considered to be significantly effective in reducing sea lice 

prevalence if 80% of the iterations showed a lower prevalence after the treatment than before the 

treatment (i.e., we used a statistical power of 0.8). Three levels of treatment efficacy were used in 

the simulations, 90 %, 60 % and 30 %.  

The efficacy was assumed to be (1 −
post−treatment prevalence

pre−treatment prevalence
) × 100% (Lees et al., 2008). For 

example, 90% treatment efficacy means that for 10 salmon that have one or more sea lice prior to 

treatment, 9 will have no sea lice after treatment.  

      

Irrespective of the specific study goals, the simulations explored a range of prevalence and ICC 

values. We assumed three levels of true prevalence for a whole farm (0.1, 0.3, and 0.5), choosing 

levels from the lower end of the full possible range of prevalence. Because sampling represents 

proportions in one of two states - infested or not infested - choosing values over 0.5 would 

generate symmetrical results. Three ICC levels (0.04, 0.16, and 0.36) were chosen from the range 

of empirical values reported in Scottish and Norwegian data (Revie et al., 2007). We used all 

probable combinations of true prevalence and ICC levels, because no significant relationship was 

previously found to exist between sea lice infestation level and ICC value (Revie et al., 2007). 

Models in this study did not consider biological characteristics of the sea lice or salmon, such as 

sex, developmental stage, or weight. Modelling was based on Monte-Carlo simulation using the 

R platform (R Core Team, 2017).  

  

3. Results 

 

3.1. Empirical data analyses 

 

In terms of the most appropriate distribution to use for the data considered here, the negative 

binomial and Poisson distributions did not differ significantly in many cases. The Poisson 

distribution, for which variance is equal to mean, is a particular case of negative binomial 

distribution. Thus, if the mean and variance of sea lice counts are significantly similar to each 
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other, it is more straightforward to use the Poisson distribution, however if the variance is 

significantly greater than the mean, the negative binomial distribution will more accurately 

describe the counts. As can be seen in Fig. 1, for sampling points across four locations, the ΔAIC 

(AICnb - AICP) value was close to zero. However, there were quite a few cases where the ΔAIC 

value was around -100, and two cases with much larger negative values. These points all occur 

where the value of κ is low, indicating a high level of over-dispersion. When κ is high (limited 

over-dispersion, with approximately equal mean and variance values) the fit provided by the 

Poisson distribution is almost as good as that obtained by assuming a negative binomial 

distribution, reflecting the theoretical relationship that would be expected between over-

dispersion and fit to the negative binomial distribution (McCullagh and Nelder, 1989). In 

addition, we performed a chi-squared test to see whether AICnb and AICP were significantly 

different.  

 

In the two Norwegian sites, at which the mean abundances were 0.54 and 0.62, the P-values were 

1 and 0.99, while in NB, Canada and Chile , where the mean abundances were 2.36 and 2.75, the 

p-values were 0.27 and <0.001, respectively. This finding implies that low abundance values in 

the two Norwegian sites fit both to the Poisson and negative binomial distributions, but that high 

abundance values such as those found in the sites in NB, Canada and Chile can be fit only to the 

negative binomial distribution. In addition, the chi-square test generated p-values of <0.001 and 

0.046 for the two Norwegian sites and <0.001 for the sites in both NB, Canada and Chile. This 

result indicates that it is statistically reasonable to regard that the number of sea lice per farmed 

salmon as following a negative binomial distribution, rather than a Poisson distribution.  

      

We used non-linear least squares to estimate the value of κ from the farms in the four locations. 

The observed relationship between abundance and prevalence for the sea lice samples taken from 

these four locations followed a pattern similar to the theoretical prediction (i.e. Equation 1) and 

the best fit was found when the κ value was 2.19 (Fig. 2). This fit indicates that the relationship 

between these two metrics is essentially linear up to abundance levels of around two sea lice (and 

~70% prevalence), but strongly curvilinear thereafter (with an obvious asymptote at 100% 

prevalence).  

 

 

3.2.Simulation  

 

3.2.1. Modelling the effect of various sampling scenarios on sea lice infestation estimates 

      

Simulated results from a range of scenarios involving different combinations of fish sampled per 

pen and number of pens sampled were explored in terms of the proportional deviation in the 

estimated prevalence based on a given sampling strategy from the true prevalence. Not 

surprisingly, at a prevalence of 0.5 it was possible to achieve estimates that deviated less from 

the true prevalence than was the case as the prevalence fell to 0.1 (Fig. 3). For example, in the 

top right-hand panel of Fig. 3, the contour line labelled “0.1” indicates that the absolute 
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difference in value between estimated prevalence and true prevalence was 0.05 and the true 

prevalence was 0.5 (i.e. 0.05/0.5 = 0.1). Looking at a roughly similar location of a contour line in 

the top-left panel, indicates that a proportional deviation of around 30% (i.e. 0.03/0.1 = 0.3) 

would be expected to occur with the same combination of fish sample size per pen and number 

of pens sampled. The black dotted lines in Fig. 3 indicates the contours of equal total sample size 

(i.e. ranging from 4 fish from 10 pens, to 40 fish from a single pen). By comparing this curve to 

the various contours, the known benefit of sampling fewer fish from more pens can be seen, with 

this effect becoming more obvious as the level of clustering among pens increases (i.e. the higher 

the modelled ICC values, moving top to bottom in the panels of Fig. 3). In the case of the highest 

ICC value (0.36), the deviation contours are predominantly affected by the number of pens 

sampled. It is also clear that, as the ICC increases, larger sample sizes are required to limit the 

deviation between estimated and true prevalence. In the most challenging scenario explored 

(bottom-left panel of Fig. 3, with a true prevalence of 0.1 and an ICC = 0.36), even the most 

extensive sampling strategies would result in estimates with approximately 50% deviation from 

the true value (the “0.5” contour); a level that would equally be achieved by taking 7 fish from 

each of the 10 pens, or around 25 fish from each of 9 pens (i.e. at this level of clustering, 

selecting more fish per pen adds almost no value in terms of improving the prevalence estimate, 

as the uncertainly can only be resolved by comparing values across the dissimilar pens).  

 

3.2.2.  Modelling the effect of sampling choices on detecting differences in sea lice infestation 

levels following treatment 

      

Minimum sample sizes needed to detect a given difference in sea lice prevalence before and after 

a treatment were explored assuming different levels of true prevalence before a treatment and 

varying ICC. As the true pre-treatment prevalence approached a value of 0.1, larger sample sizes 

were required to detect differences after the treatment (Fig. 4). With a low ICC, the combinations 

of individual fish sampled per pen and the number of pens sampled was roughly congruent to the 

curve representing a total of 40 sampled fish. Conversely, when there was a high degree of 

clustering (ICC = 0.36), the number of pens needed to be sampled tended to be almost constant 

regardless of the number of fish sampled per pen, except when the number of fish sampled per 

pen was markedly low (i.e., < 4).  

 

 

4. Discussion 

 

The proposition that, under certain conditions, prevalence may be as good, or better, a metric to 

use when monitoring sea lice infestation levels on salmon farms (Baillie et al., 2009; Heuch et 

al., 2011) has needed more examinations of the relation between prevalence and abundance. As 

such the study explored, by means of empirical data and simulated experiments, the validity of 

this proposition and best practices that can inform prevalence estimation strategies, depending on 

the purpose and desired accuracy of sampling. To this end, we first explored the empirical data of 

sea lice counts per fish on various sites to confirm that the counts follow negative binomial 
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distribution. Then, we assessed the dispersion parameter (mean of 2.19) of negative binomial 

distribution and found that various levels of abundance across sites can be described by a 

reasonably narrow range of dispersion parameter. This finding allows us to predict abundance 

through prevalence. Based on this finding, we used prevalence as a metric of sea lice infestation 

level for Monte-Carlo simulations. Varying values for ICC and prevalence were used to estimate 

the sample sizes necessary to assess sea lice infestation levels and to detect differences in 

infestation levels following a course of treatment. 

      

Statistical theory suggests that when prevalence is high a wide range of abundance levels may be 

present, in contrast to the fairly narrow range of abundance values that will characterise any 

situation described by low prevalence. The empirical data presented here confirmed this to be the 

case, indicating a clear and linear relationship up to an abundance of around 2 sea lice (and a 

prevalence of ~0.7). As a result, it is entirely possible to use prevalence as a substitute for 

abundance in situations where the overall infestation level on a farm is low. This finding aligns 

well with previously published results (Heuch et al., 2011; Samsing et al., 2014), further 

suggesting the generalizability of these observations. Thus, in jurisdictions where low treatment 

trigger thresholds are in place (e.g. the values of 0.2/0.5 for adult females in Norway; 

(Norwegian Ministry of Industry and Fisheries, 2017)), there is no apparent reason that 

prevalence could not be used just as reliably as abundance. Although treatment trigger levels are 

currently based on abundance (Revie et al., 2009), a shift towards using prevalence might be 

valuable. Prevalence may indicate pathogenicity at the population level, while abundance may be 

better suited to measuring pathogenicity at the level of the individual (Costello, 2006). Reporting 

sea lice infestation levels in terms of both abundance and prevalence may be desirable for a more 

complete representation of sea lice infestation characteristics on salmon farms. Given the clear 

linear relationship that appears to hold in many modern salmon farming settings, measuring 

prevalence alone should suffice to allow estimates of both metrics to be reported, and could be 

expected to result in savings both in terms of sampling effort and cost (Baillie et al., 2009).  

      

Since the likely variation in sea lice number among salmon pens was first suggested by Treasurer 

et al. (2000), the evidence of such clustering on Scottish and Norwegian salmon farms has been 

reported from empirical studies (Revie et al., 2005; Revie et al., 2007), with very similar sea lice 

clustering characteristics also being observed on farms in Canada (Heuch et al., 2011). Based on 

these findings, it was demonstrated that sampling “few fish from many pens” was typically a 

better strategy than sampling “many fish from few pens” (Revie et al., 2007). In this study, we 

have further illustrated the impact of choosing numbers of fish and of pens to sample under 

varying levels of infestation and differing degrees of dispersion (σ2/μ). While these results 

conform to earlier theoretical hypotheses, the simulated results provide a more detailed 

understanding of the implications of different sampling strategies, particularly in the context of 

estimating prevalence levels. While recent studies in Norway have demonstrated that pen level 

variation can still be significant (Marques et al., 2018), over the past 2-3 years in Norway it has 

become more common to count sea lice in all pens on a farm (Norwegian Ministry of Industry 

and Fisheries, 2017) and indeed to use the pen as the unit of assessment for treatment (Groner et 



Jeong & Revie, 2020 (Sampling salmon to estimate sea lice prevalence) 11 

 

al., 2019). In this setting the issue of ICC becomes something of a moot point. However, in many 

other jurisdictions this is not the case (for example, in Chile only four pens are required to be 

monitored (SERNAPESCA, 2015) and as such pen-level clustering must be factored into any 

assessments around the accuracy of sea lice infestation estimates.  

      

The reality of parasite aggregation on hosts has been discussed in many previous studies 

(Anderson and May, 1978; Shaw and Dobson, 1995; Poulin, 2007; Gourbière et al., 2015), and 

the case of sea lice on salmon is no different from this well-accepted phenomenon (Murray, 

2002; Costello, 2006). This study demonstrates the considerable effect of such aggregation on 

necessary sample size, and emphasizes the need to consider the degree of over-dispersion of sea 

lice on salmon when assessing the accuracy of prevalence or abundance estimates.  The fact that 

κ over-estimation is much more likely than κ under-estimation (Lloyd-Smith, 2007) needs to be 

kept in mind, meaning that the actual levels of sea lice aggregation on salmon is likely higher 

than has been estimated from empirical data. Thus, the validation of a relatively well-defined 

range of κ values is pre-requisite when estimating prevalence from abundance (particularly high 

abundance) or vice versa. Another important caution is our assumption that salmon are randomly 

sampled from the population in their respective pens. However, this assumption can seldom be 

guaranteed or even expected in real situations. Randomly sampling farmed salmon for something 

as relatively simple as estimating their size has been demonstrated to be difficult to achieve 

(Nilsson and Folkedal, 2018). Therefore, sample sizes found here should probably be adjusted 

upwards to achieve a desired level of accuracy in sea lice level estimation. We also need to better 

understand the relationship between sea lice infestation levels and the probability of an infested 

host being sampled, in order to properly estimate the true degree of sea lice aggregation on 

salmon.  However, in situations of low average prevalence (typically with many fewer than 2 

adult sea lice per host) it is highly unlikely that farmed salmon will suffer any physiological 

effects that might be evidenced in swimming or other behaviours which could increase their 

likelihood of being sampled.  

      

Farms are required to report mean sea lice counts per fish (abundance) in most salmon producing 

regions, with further sampling being carried out by public officials in some regions (Revie et al., 

2009; Elmoslemany et al., 2013). Sampling outcomes that indicate sea lice abundance close to or 

above treatment trigger levels will result in significant treatment costs. Thus, exact and reliable 

estimates of sea lice infestation levels through appropriate salmon sampling are crucial. Also, 

even where effective controls are available, treatment cost is still ranked as being the sea lice-

related effect to have the greatest impact on the profitability of salmon farms (Costello, 2009b). 

Treatment costs can be saved by intervening only when necessary, and the true effectiveness of 

any treatments applied can be better measured if appropriate sampling strategies are put in place. 

The prevention of unnecessary treatment, caused by inappropriate sampling strategies, would 

also contribute to sea lice control in the longer term by delaying the development of sea lice 

resistance to parasiticides (Costello, 2006; Aaen et al., 2015). Chemical treatments that may 

impact non-target crustaceans would also be reduced (Waddy et al., 2002). In addition, fish 

welfare can be improved by ensured that only necessary treatments are performed. Concerns 
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have been raised regarding fish welfare for a number of the more recently deployed non-

medicinal treatments (Overton et al., 2018).  

      

Despite the importance of sampling, it is not trivial to devise the most effective strategies. As this 

study has illustrated, understanding infestation levels, the degree of over-dispersion and 

clustering effects among pens on farms are all critical to successful sampling. It is thus perhaps 

unsurprising that regulators have not engaged in more nuanced definition of treatment thresholds 

or alternative metrics for reporting. Information to support a successful sampling plan, can itself 

require significant sampling to calibrate the basic distributional characteristics. Therefore, 

compiling and making available databases from farms under varying conditions can be extremely 

valuable to farm operators as they seek to better understand and predict the infestation situation 

on any given farm. 

      

The results of the simulations carried out within this study could have been presented in a 

number of ways. For sampling accuracy, we reported the deviation of estimated mean sea lice 

prevalence levels between sampled and true infestation levels. It would also have been 

reasonable to estimate the likelihood that the estimated prevalence level lay within a certain 

range of the true infestation level. The reason we presented the simulation results in terms of 

deviation, is that we believe that a focus on lack of accuracy (deviations) is more likely to 

motivate an interest in and discussion of the numerous external and internal factors, such as 

salmon or sea lice species, farm conditions, federal regulations, and farm operators’ opinions 

(Torrissen et al., 2013) that must be accounted for in any attempt to improve sea lice infestation 

estimation on salmon farms. Should regulatory mechanisms such as the ‘Traffic Light’ 

framework recently adopted in Norway (Vollset et al., 2017) become the norm in other 

jurisdictions, the need to more accurate and dependable sea lice estimation approaches will only 

increase over time. 
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Fig. 1. Relationship between the ΔAIC = (AICnb - AICP) and the dispersion parameter (κ) of the 

negative binomial distribution. These values were estimated from sea lice counts taken on 

salmon farms in four areas; two in Norway, one in New Brunswick (NB), Canada, and one in 

Chile. (The y-axis is on a log scale.)  

 

 

 

Fig. 2. Relationships between abundance and prevalence of sea lice on farmed salmon. The 

relationships were calculated with Equation 1. (A) The theoretical relationship that is 

hypothesised to hold between abundance and prevalence, assuming a negative binomial 

distribution for a range of values that might hold for the dispersion parameter κ. (B) The 

empirical relationship between sea lice abundance and prevalence based on data from salmon 

farms in four areas. The black line and narrow dark grey area indicate an estimated mean of 2.19 

and a 95% confidence interval [1.76 - 2.89] for κ, with the wider light grey area representing the 

prediction band [0.8~8] for κ. 

 

 

 

Fig. 3. Contour plots from Monte-Carlo simulations illustrating the impact of various true 

prevalence and intraclass correlation (ICC) values on estimated prevalence under different 

sampling regimes. Various combinations of fish sample size per pen and number of pens were 

simulated to obtain estimated accuracies, taken as the average deviation of prevalence estimated 

from sampled fish from the prevalence estimated from all fish. Deviations were calculated 

through 
|𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑝𝑟𝑒𝑣𝑎𝑙𝑒𝑛𝑐𝑒−𝑡𝑟𝑢𝑒 𝑝𝑟𝑒𝑣𝑎𝑙𝑒𝑛𝑐𝑒|

𝑡𝑟𝑢𝑒 𝑝𝑟𝑒𝑣𝑎𝑙𝑒𝑛𝑐𝑒
. The dashed lines indicate scenarios of ‘equivalent 

sampling effort’ (i.e. the combination of fish sample size per pen and number of pens that will 

result in a total of 40 fish being sampled).   

 

 

 

Fig. 4. Plots from Monte-Carlo simulations illustrating the impact of various true prevalence and 

intraclass correlation (ICC) values on the detection of treatment efficacies through sampling. 

Various combinations of fish sample size per pen and number of pens were simulated to estimate 

the minimum requirements to detect three levels of treatment efficacy. Treatment efficacy was 

assumed to be 1 −
𝑝𝑜𝑠𝑡−𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑝𝑟𝑒𝑣𝑎𝑙𝑒𝑛𝑐𝑒

𝑝𝑟𝑒−𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑝𝑟𝑒𝑣𝑎𝑙𝑒𝑛𝑐𝑒
. The combinations represent the required sampling 

for the detection of difference with 80% power and 95% confidence level. “True Prev. (Pre-TX)” 

indicates true prevalence before a treatment is applied. The black dashed lines indicate scenarios 

of equivalent sampling effort. 
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