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ABSTRACT: Biophysical models of parasite dispersal are being increasingly used as a method for
screening marine aquaculture developments, whether in establishment of new sites or expansion
of existing sites, or planning of farmed fish health management strategies on local or regional
spatial scales. How well these models reflect reality, however, is often brought into question, due
to the difficulties in validating their outputs. Larval parasitic sea lice can spend up to around 14 d
in the water column, as a result potentially travelling several 10s of km between farms. Lice distribution in the water column is typically patchy and low density. Furthermore, infection can occur
from lice carried by wild fish. Combined with rapid population turnover and larval exchange
between farms, this causes difficulties in attributing links between juvenile lice and their sources.
We sought to validate a biophysical model of sea lice dispersal using plankton trawl abundance
data and farm site juvenile lice counts. Unusually high farm lice abundances over the study period
allowed model predictions of larval density to be compared with trawled samples, in addition to
mapping the link between parent and offspring lice counts found on farm sites. We compared the
prediction of the larval dispersal model with a site neighbourhood-based metric of infection pressure. Our results validate the ability of the model to predict variation in larval density over time
and space and suggest an exponential relationship between estimated infection pressure and
observed site juvenile count.
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1. INTRODUCTION
Sea lice are generally considered to be one of the
principal environmental and fish-health challenges
facing the salmonid aquaculture industry (Brooker et
al. 2018). These parasitic copepods are endemic in
wild salmonid populations (Gargan et al. 2016), passing through a pelagic larval stage before spending
their adult lives attached to a host fish. In the northern hemisphere, the principal species affecting salmonids is Lepeophtheirus salmonis (Krøyer, 1837).
The constrained environment of salmon marine aquaculture pens provides highly suitable conditions for
sea lice, where high host densities can allow adult
*Corresponding author: thomaspatrickadams@gmail.com

lice to find mates more easily, and juveniles to find
hosts, causing outbreaks. Such outbreaks can produce high lice densities in the surrounding water
body, posing a threat both to surrounding farms and
to wild fish (Butler 2002, Shephard et al. 2016, Shephard & Gargan 2017). Lice cause a wide range of
issues to their hosts, including blood loss, damage to
mucus membrane and scales, consequent osmoregulatory imbalance, and susceptibility to secondary
infections (Johnson et al. 2004).
As a result, some areas have introduced (or are in
the process of introducing) legislation based on an
assessment or estimation of impacts on wild fish
(Olaussen 2018) Criteria taken into account gener© The authors 2021. Open Access under Creative Commons by
Attribution Licence. Use, distribution and reproduction are unrestricted. Authors and original publication must be credited.
Publisher: Inter-Research · www.int-res.com
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ally relate to the proximity of sites to habitat areas
(river mouths and enclosed fjordic water bodies that
are heavily used by wild salmonids), and the estimated abundance of larval lice in the water (Myksvoll
et al. 2018).
Understanding the dispersal process and consequent lice population dynamics has therefore become a priority in all regions practicing salmon aquaculture globally, both in terms of managing farmed
fish health and welfare, and broader environmental
interactions. A range of studies have used statistical
approaches to estimate mortality pressure on juvenile fish due to larval lice (Gargan et al. 2012,
Krkošek et al. 2014), in some cases incorporating proposed migration pathways to characterise the spatial
component (Kristoffersen et al. 2018). Movement and
viability of lice is highly dependent on local environmental conditions (Bricknell et al. 2006, Samsing et
al. 2016). In order to characterise the spatial distribution of lice in the coastal environment, many studies
have implemented biophysical models to describe
the dispersal process. This research has been carried
out over many years in all major salmon producing
areas (Murray & Gillibrand 2006, Amundrud & Murray 2009, Stucchi et al. 2010, Salama & Rabe 2013,
Johnsen et al. 2016, Kragesteen et al. 2018, Myksvoll
et al. 2018, Cantrell et al. 2020), and has led to suggestions on approaches to managing aquaculture
operations at local and regional scales (Adams et al.
2015, 2016, Samsing et al. 2019).
Such studies theoretically allow a more refined
view of between-farm infection pressures than a seaway distance approach. However (and more broadly),
validation of predicted dispersal against biological
data is a challenging topic due to the confounding effects of concurrent larval supply from a large number
of interconnected sources (Becker et al. 2007) and interactions of local oceanography with population dynamics (Vasconcelos et al. 2014). In the case of sea
lice, there is also an unquantified wild fish vector,
though this is expected to have a relatively low impact
on larval abundances (Butler 2002). Validation work
therefore often focusses on structural effects occurring
in the long term and over large spatial scales (Treml et
al. 2015), often making use of genetic metrics of population structure (Gilg & Hilbish 2003, Pujolar et al.
2013, Bode et al. 2019). To date, genetic studies of sea
lice have only identified structure at scales larger than
those relevant to short-term site level management
(Todd et al. 2004, Boxaspen 2006, Jacobs et al. 2018).
In common with other larvally dispersing organisms
(Pineda et al. 2007), lice abundances in the water column tend to be low and quite patchy. This means that

plankton sampling can be challenging (Adams et al.
2012), with results highly dependent upon weather
conditions and sampling method (Skarðhamar et al.
2019). Fish in the water act to integrate lice infestation
pressure over time, but to be useful for validation, this
needs to be estimated at a fixed spatial location. Attempts to validate predicted sea lice dispersal patterns
have therefore sampled lice from fish either using
‘sentinel’ cages (Pert et al. 2014) or used counts from
farm sites. Results of these methods have varied in
success, with recent work focussing on abundance
class or risk-based metrics as opposed to numeric
abundances (Sandvik et al. 2016, 2020).
In this study, we considered the dispersal of lice
from salmon aquaculture sites in a confined and relatively isolated spatial domain, over a period of time
when lice abundances were high compared with normal operating levels. A biophysical model of transport from and between aquaculture sites was developed, with particle releases driven by site biomass
and adult stage lice counts. A 2 yr campaign of
plankton sampling was carried out via trawl netting.
By comparing model density predictions with observed trawl abundances and juvenile-stage lice
counts at each site, we demonstrate how the model
predicts spatial and temporal variation in both cases.

2. MATERIALS AND METHODS
2.1. Study area and sites
The area used for this study is an embayment on
the north-west coast of Scotland. At the time of
the study, this area contained 15 salmon farm sites.
All sites are operated by the same operator, in a number of groupings based on their geographical location (groups A–G; Fig. 1). Previous work (Adams et
al. 2016) suggested that this group of sites is relatively well isolated from other sites on the west coast
(although periodic input from sites to the south is
expected).
Quantitative data relating to the farm sites were
used to scale particle releases to estimated larval lice
densities. Site location and monthly biomass data
were obtained from a governmental database (www.
aquaculture.scotland.gov.uk).

2.2. Site counts
At the time of the study, law required lice counts to
be made. Public reporting was not required by law,
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Fig. 1. (a) Focal study region in NW Scotland, UK. (b) Farm sites used for particle releases are indicated by black circles, black
capital letters are site count groupings. Plankton trawls carried out during the simulated period are marked with solid red circles, and those prior to the simulated period with open red disks. Sample station ID codes are given in small red text

but the industry voluntarily reported counts publicly
aggregated at a larger spatial scale. For the purposes
of this work, individual site counts of Lepeophtheirus
salmonis at all stages (chalimus, pre-adult I/II [M/F],
adult [M/F/gravid F]), reported on a weekly basis,
were supplied by the operator for the period from 10
May 2012 to 2 January 2014. For each site, lice were
counted on 5 randomly selected fish from each of 5
pens (unless activities such as harvesting prevented
access to that number of pens).

2.3. Biophysical simulation model
A biophysical model was developed to simulate the
dispersal of sea lice from marine aquaculture sites.
This comprised 3 components: (1) a meteorological
model; (2) a hydrodynamic model; and (3) a biological particle tracking model. These have been described in detail previously (Adams et al. 2016,
Aleynik et al. 2016, 2018). The focal area and the particle release sites are shown in Fig. 1. The simulation
and data analysis period (limited by earliest availability of boundary forcing for the hydrodynamic
model, and the end date of the site lice count data)
was 1 July to 31 December 2013.
The meteorological model was based upon the
Weather Researching and Forecasting model (Skamarock et al. 2008), and provided surface boundary
forcing for the hydrodynamic model. The hydrodynamic model was based upon the Finite Volume

Coastal Ocean Model (Chen et al. 2013), using irregularly sized triangular elements to represent the west
coast of the Scottish mainland, and the complex array
of islands that neighbour it. Physical model runs
began on 20 June 2013, linked with the provision of
boundary forcing data from the North-east Atlantic
ROMS model (Dabrowski et al. 2016) from this date
onwards. Physical model output fields and particle
tracking code are both archived online (Adams 2019,
Aleynik 2020).
The biological model predicted current-driven larval movement of L. salmonis, using parameters which
have previously been applied for the simulation of
this species. Larvae were assumed to remain in the
surface layer of the water column (Salama et al. 2018).
The underlying hydrodynamic model uses terrainfollowing ‘sigma-layers’, the upper layer of which
nominally represents the water at 1% of the local
depth. Within the domain the maximum depth is
around 100 m, meaning particles are located within
1 m of the surface, and less close to the shore. Model
particles developed from non-infective nauplii to infective copepodids upon attaining 40 degree-days
(e.g. 4 d at 10°C) (Samsing et al. 2016). Particles representing sea lice were released from each of 15 fish
farm sites at a rate of 5 per hour over the period from
20 June to 31 December 2013. Similarly to work by
other authors, particles were considered to be ‘superparticles’ representing many particles, and did not
end their dispersal upon reaching suitable habitat
(Asplin et al. 2014, Salama et al. 2018).
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2.4. Estimation of larval density
As particles were viewed as ‘super-particles’, they
experienced mortality at a constant rate, giving each
particle a weighting that decreased over time (starting from 1 at time of release). Scaling particle numbers and weightings by site biomass and lice counts
was used to produce an estimate of the density of
particles in each triangular hydrodynamic model element at each hour during the simulated period. Each
particle i's contribution to larval density at a given
point in time t was calculated as:
di ,t =

e −μ(t −t 0 )fLt 0 Bt 0 N
5 × 24

(1)

where t 0 is the time at which the particle was released, Lt 0 is the average count of gravid lice per fish
at time t 0 at the particle’s source site, Bt 0 is the corresponding biomass (t) of fish, μ (=0.01 h−1) is the mortality rate experienced by larval lice, f is the average
number of eggs produced per gravid female louse per
day (taken to be 28.2 eggs d−1; Heuch et al. 2011), and
N is the number of fish t−1. Fish numbers were not
available for the sites, and so calculations assumed a
fixed value of 280 fish t−1. This implies a fixed fish
weight of 3.57 kg, as would be found fairly late in the
production cycle (see Section 4). The denominator is
composed of the number of particles released per hour
from each site (5), and the number of hours per day (24;
scaling the hourly release rate to the daily fecundity).
Densities were estimated on a weekly basis by aggregating counts within each spatial model element,
assuming that lice were spread evenly over 5 m
depth at the surface of the water column.

where I is the indicator function, n is the total number of particles in the simulation, and tk is the arrival
time of particle k at site j (Adams et al. 2016).

2.6. Plankton trawls
A campaign of plankton trawls was carried out to assess spatial and temporal variability in the abundance
of sea lice larvae in the study area. The plankton net
used had a 150 μm mesh, and trawls were carried out
as close to the surface as possible, with the top edge of
the net just below the surface. In total, 92 trawls were
carried out, at 8 time points between September 2012
and December 2013. Of these, 23 were taken during
the period of time covered by the model (trawls a1–h;
Fig. 1), simulations of which only began during 2013
due to availability of boundary forcing data. Trawls indices are grouped by a lower case letter corresponding
to the nearest site group (which is capitalised). Numerical suffixes relate to multiple samples within the
relevant time window, though multiple samples were
not carried out in all locations. Trawl h was located in
the centre of the bay away from a farm grouping.
For each plankton trawl, start and end locations and
times were recorded. Trawls were mostly around
200−400 m in length (mean 344 m), with a mean duration of 6 min 13 s. Mean volume of the trawls carried
out was 58.9 m3 trawl−1. The direction of travel during
trawls was evenly spread (trawl metadata statistics
summarised in Fig. S1 in Supplement 1 at www.intres.com/articles/suppl/q013p425_supp/, for all supplements). Samples were analysed in the laboratory, and
abundances of naupliar and copepodid lice were recorded separately, with species ID carried out by experienced staff.

2.5. Site connectivity
Successful dispersal events between each possible
pair of sites were summarised in a connectivity matrix
(Adams et al. 2012), giving the probability that a particle released at any site was able to disperse to any
other site. If copepodid particles moved within 500 m
of an aquaculture site, they were considered to cause a
settlement event at that site, contributing their present
weighting (which declines according to mortality rate)
to connectivity between the source and destination
sites. Mean connectivity (C) between sites i and j over
the simulated period was calculated as a probability:

∑ p =1I (source = i ) I (destination = j )e −μt
n
∑ p =1I (source = i )
n

C i, j =

k

(2)

2.7. Comparison of simulation and data
Simulation outputs were aggregated on a weekly
basis to obtain the average model density of lice
throughout the domain. For comparison with plankton trawl abundance data, the average modelled density (m−3) of simulated naupliar and copepodid stage
lice in biophysical model elements within a range of
fixed radii (500 m−5 km) of the start point of each
plankton trawl was estimated and compared directly.
For comparison with site lice counts, the density of
simulated copepodid lice in biophysical model elements within 1000 and 2000 m of each farm site was
estimated on a weekly basis. To provide a baseline
for comparison, a distance-based estimate of infec-
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tion pressure (ignoring the outputs of the dispersal
model) was also computed. This was generated by
scaling site gravid lice counts from the previous
week by a negative exponential function of distance
between sites (exponent −0.1; implying a decline of
63% per 10 km). That is:
N

D ( j ,t ) = ∑ ƒLgravid ( i ,t − 1) B ( i ,t − 1) N e −0.1ri , j

(3)

i =1

where D( j,t) is the estimated pressure (a density,
units: lice) at site j at time t, L gravid (i,t −1) is the number of gravid female lice per fish at site i at the previous time t −1, B(i,t −1) is the biomass of site i at the
previous time t −1, N is the number of fish t−1, and ri,j
is the Euclidean distance between sites i and j. Similar measures have previously been used in other
studies omitting explicit larval dispersal models
(Kristoffersen et al. 2013). The 1 wk lag time is based
on the expected time for a hatched egg to reattach as
a copepodid (assuming it survives). This depends on
temperature, but equally on whether it is in proximity of suitable host habitat. Given a settlement window beginning at around 4 d after hatching (Section
2.3), the majority of lice will spend around 1 wk in the
larval stages. Additional comparisons with a 1 wk lag
(biophysical model) and a 2 wk lag (distance-based
calculation) were made to allow for any potential additional delay in lice appearing in chalimus counts.
Correlation of observed chalimus counts with larval density predicted using each method was computed using Pearson’s correlation coefficient. Data
processing and analysis were carried out in Matlab
(R2019a) and R (version 3.6.3).
Subsequent development to later attached stages
of the lice life cycle was not considered in the present
study. Understanding the relative counts of different
lice life stages on the farmed fish could provide
insights into their development and mortality rates
(including the impact of any management actions),
allowing for fine-tuning of population dynamic models (Revie et al. 2005, Adams et al. 2015), but would
not provide any additional information for validating
the dispersal model.

Fig. 2. Lepeophtheirus salmonis site counts. Fish farm site
sea lice counts (sum of all attached stages), normalised by
maximum total lice count for any farm over the study period,
and aggregated by alphabetical farm grouping identified in
Fig. 1. Each site count is the average number of lice on 25
randomly selected fish

Fig. 3. Stocked site biomass of salmon Salmo salar over the
study period, for all site groupings within the model domain
(alphabetical IDs relate to Fig. 1)

in both years during the study period, with much
lower counts in the intervening spring (Tables S1 &
S2 in Supplement 2).
Lice can only be present at sites stocked with fish.
However, lice count was not correlated with the
stocked biomass (Pearson correlation 0.06). Despite
reductions in site biomass at some sites (B and D)
after summer 2012 (Fig. 3), site counts over the same
period remained steadily high. Over the same time
period, a nearby site where biomass was maintained
(E) saw little change in site counts.

3. RESULTS
3.2. Plankton trawls
3.1. Site counts
Lepeophtheirus salmonis site counts (split by site
showing individual stages) are shown in Fig. 2. Site
counts were highest in the late summer and autumn

Abundances from the individual trawls are shown
in Fig. 4. In samples before 20 June 2013, most lice
were found in the loch enclosed inshore of farms at
site D (‘d’ stations) (mean = 0.17, range = 0−0.50 lice
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Fig. 4. Results from 92 independent plankton trawls conducted at 8 time points, showing (a) abundance of non-infective nauplii, (b) abundance of infective copepodids, and (c) total abundance of lice. Note that y-axis scales for each panel differ, with
observed copepodid stage abundances being an order of magnitude higher than those for nauplii

m−3), the stations furthest out in the bay (‘b’, ‘h’; closest to farms at site B) (combined mean = 0.16, range
= 0−0.40 lice m−3), and at intermediate station ‘c’
(mean = 0.15, range = 0.15−0.16 lice m−3). These peaks
correspond with the highest site lice counts (summation of all attached stages) which were found at sites
B, C, and D. See Table S3 for detailed count data.
During the same period of time, very low abundances were found at ‘a’ stations (near farms at site A)
(mean = 0.007, range = 0−0.039 lice m−3, non-zero at
station ‘a3’ only). Again, this corresponded with low
stocking/lice counts at site A.
For the period from 1 January 2013 onwards, abundances were highest at ‘a’ stations (mean = 0.84,
range = 0−3.9 lice m−3; mainly at ‘a2’ and ‘a1’), while
remaining minimal elsewhere (mean = 0.0054, range
= 0−0.049 lice m−3 across all other stations). Again,
this corresponds with the site location (A) at which
the highest lice counts were observed.

3.3. Simulated lice distribution and connectivity
The simulated mean density of lice at nauplii and
copepodid stages, taking into account site biomass
and site lice counts, is shown in Fig. 5. The mean
density over the simulated period and domain was
0.027 lice m−3. The range of mean densities was
0−7.69 lice m−3, although predictions of very high lice
density were isolated artefacts of particle interactions with the coastline (99th percentile of predicted
densities = 0.43 lice m−3). Depending on the weather
(in particular, wind) conditions at a particular point in
time, spread patterns were subject to a high degree
of temporal variation. This is summarised in an animation file (Supplement 3). The highest densities

Fig. 5. Mean sea lice (Lepeophtheirus salmonis) densities
predicted by a biophysical model over the study period
(June−December 2013): (a) juvenile (non-infective) lice and
(b) copepodid (infective) lice. The model simulates the
movement of passive surface-dwelling larvae released from
fish farm locations (blue circles) on a continuous basis,
weighted according to site stocked biomass of salmon and
lice count (gravid female lice per fish). Variation over time is
shown in an animation in Supplement 3
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Fig. 6. Connectivity matrix for farm sites in the study domain,
predicted using a biophysical model. Pairwise connection
probability (P(connection)) on a log10 scale is shown between
sites ordered clockwise around the bay, highlighting values
over 0.01 (−2 on log10 scale), above which population models
predict that unmanaged lice abundances would be able to
increase. Source and destination site labels refer to individual sites, numbered within each geographical grouping

were predicted to be found around farms at site A,
and along the coastline near farms at sites B and C.
Connectivity between the study sites, as predicted
by the dispersal simulation, is shown in matrix form
in Fig. 6. The connectivity calculation is based purely
on time varying dispersal patterns (ignoring site biomass), and represents a theoretical probability of
infection from one site to another. Depending on
meteorological conditions, connections between farms
may be higher during portions of the simulated
period; values in the plot indicate a persistent con-
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nection at a certain level. Population modelling suggests that exceedance of a threshold probability of
0.01 can allow an exponential increase in site lice
counts (Toorians & Adams 2020). Such values are
highlighted by the 2 darkest shades, and broadly
organise sites into their geographic groups.
In common with studies in other regions, ‘selfinfections’ (from a site to itself) were among the
strongest connections. Mean self-infection at A, B, C,
E, and G was above the threshold population growth
probability of 0.01. Farms at B and C were strongly
connected with each other, and had strong arriving
connections from the other sites in the bay. Connections to the other sites in the bay were at a lower
level, and below the threshold (weaker connections
are included in the matrix in Fig. 6). The farms at A
were well connected to one another, but only weakly
connected with the sites in the main bay.

3.4. Comparison of simulated density and plankton
trawl abundances
The majority of planktonic lice abundances were
close to zero, especially in the case of nauplii-stage
lice (79 out of 92 trawls yielded zero nauplii, and 57
yielded zero copepodids). These generally occurred
in locations and times where the model predicted
that lice density in the water column would be low.
The only elevated planktonic lice abundances occurred when the model predicted a higher lice density.
A comparison between simulation-predicted density and trawl-observed abundance is shown in
Fig. 7. The most direct relationship between model
and trawl was found using a search radius of 2 km on

Fig. 7. Modelled sea lice (Lepeophtheirus salmonis) density plotted against plankton trawl abundance for the 23 trawls collected during the simulated period, for (a) nauplii, (b) copepodids, and (c) all larval lice. Model densities are calculated within
a 2000 m radius of the start location of a trawl
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Fig. 8. Model outputs versus normalised site chalimus (juvenile attached Lepeophtheirus salmonis; N chalimus) counts.
Each data point relates to a specific site (numbered within each geographical grouping) and week. (a) Biophysical model
prediction of copepodid (infective lice) density. (b) Log transformed (+1) biophysical model prediction. (c) Distanceweighted density prediction with 1 wk delay. Site counts of chalimus (y-axis) are normalised by maximum total chalimus
count for any farm over the study period

biophysical model elements, though comparable results were found using smaller search radii. The total
densities predicted by the simulation are the same
order of magnitude as those found in the trawls, but
the simulation over-predicted the number of nauplii
and under-predicted the number of copepodids. However, the number of data points with non-zero values
is too low to derive a meaningful statistical relationship between model densities and trawl values.

3.5. Comparison of simulated density and site
chalimus counts
The relationship between simulated lice densities
in the neighbourhood of sites at specific times, and
the corresponding count of chalimus (juvenile attached) lice on farms is shown in Fig. 8, with results
from the biophysical model in Fig. 8a,b, and the distance weighted calculation in Fig. 8c. The use of site
counts gives a much larger number of non-zero data
points than the trawl data.
Groupings of the sites exist in terms of lice infestation pressure, and broadly speaking, these are the
same in the model predictions and in the data, for
both the biophysical dispersal model and the simpler
distance-weighted calculation. The most northerly
sites within the study domain (sites at A) experienced
the highest site counts, which was broadly matched
in the model densities, although some high counts
were missed by the biophysical dispersal model.
There was a gradual reduction in lice count moving
south along the coast through B (relatively high vari-

ation in site counts over time) and C to D; these patterns were reflected in both models. On the southern
portion of the coastline, low counts at site E were
matched well by both models. Varied counts at site F
were best predicted by the distance-weighted calculation, with the biophysical dispersal model predicting many zero values where observed density was
much higher. The lowest counts of lice in observed
data were found at site G, even though both models
predicted that there would be some infection pressure here, albeit comparatively low.
Pearson correlation for biophysical simulation density against observed site chalimus count was 0.31.
Correlation was increased by increasing the radius
around sites used for density calculation to 2 km
(0.35), log-transformation of model density predictions (0.38), and both adjustments (0.42). Correlation
was worsened by introducing an additional time lag
(0.24 for untransformed model densities within 1 km
radius and 1 wk lag).
When using the distance-weighted site density
predictions, higher correlations were found, in accordance with the clearer relationship seen in Fig. 8c.
The main difference is that some values predicted to
be zero (or close to zero) by the biophysical model
were higher here, better matching the data. Pearson
correlation for distance-weighted density prediction
against site chalimus count with a 1 wk time lag (to
account for dispersal time) was 0.66. As with the biophysical model comparison, increasing the time lag
by 1 wk (to 2 wk) to allow more time for development
between the infective and attached stages reduced
the correlation coefficient to 0.51. Log transformation
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of the distance-based calculation outputs reduced
the 1 wk lagged correlation (0.53) but slightly increased the 2 wk lagged correlation (0.52).

4. DISCUSSION
We have described our attempts to understand the
dispersal and population dynamics of a marine parasite that causes a persistent threat to both farmed
and wild salmonids, focussing on a relatively selfcontained geographic area during a period in which
abundances were challenging for management. Sea
lice abundance fluctuates dramatically over space
and time, and while the farm conditions described
here were not representative of standard operating
conditions, they do provide an opportunity to observe some features of the population dynamic process which would not usually be visible.
The primary result of this work was a clear correspondence between model predictions of infestation
pressure at farm sites and the observed site counts of
chalimus stage lice (Fig. 8). The simulation also predicted the highest densities of lice that were found in
the plankton trawls (Fig. 7). Of course, assumptions
and approximations within the dispersal simulation
mean that estimates were not precise, but the order
of magnitude for the total number of lice was correct
at a sensible spatial scale of aggregation. These findings help to give us confidence that it could be possible to predict relative risk levels due to lice infestation pressure at locations across the domain, which is
important for informing spatial management strategies, for farmed-fish health and environmental interactions, and developing monitoring programmes.
Using a combination of the site data and the dispersal model, we were able to use counts of gravid adult
female lice to predict the infestation pressure at sites.
In the model, this was represented by the density of
copepodids in the neighbourhood of a site, and realised in the site data as the count of chalimus (first
attached stage) lice. Summarised by correlation metrics, the correspondence between the prediction and
observation was fairly high, exhibiting a positive exponential relationship. A slightly more surprising result was that, in this case, a ‘naïve’ estimate of infection pressure formulated in terms of natal population
size and distance between sites provided a higher
level of correlation with juvenile attached-stage lice
counts. This was clearly evident in scatterplots of the
relationships between the variables. The relatively
small and simple domain of study appears to mean
that the distance-based approach works well. We
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would expect the distance-based approach to work
less well when moving to larger scales, or to domains
which include biogeographic barriers or prevailing
flow patterns.
The form of the relationship between predictions
and observations also depended largely on the values found at 2 groups of sites (A and F), while other
sites generally had matching low modelled (dispersal
and distance-based) and observed values. In our dispersal model results, a key discrepancy was a number of cases where the dispersal model predicted a
zero (or very low) density of lice in the water column
for sites A and F, but juvenile lice were in fact found
on sites. This phenomenon was also seen in the
plankton data comparison, and may result from a
range of factors.
Firstly, the dispersal model calculation relies on
fluctuating wind patterns and specific movements of
particles, with quite high levels of temporal and spatial variation being observed. If the representation of
physics or biology varies from reality, differences in
dispersal prediction can occur. In environments with
complex coastlines, interactions with this means that
small differences can add up to alter dispersal pathways substantially. Wind-driven processes such as
Stokes drift (which can also be included in models)
could therefore have a large influence on particle
destination.
A second reason for model predictions of very low
density around sites may be attributed to interaction
radius. In order to obtain meaningful values from the
predicted model fields, it was necessary to aggregate
counts over space; in this study, we used radii of 1−
2 km. This method attempts to account for smallscale spatial variation in model predictions, and the
patchiness of dispersing larvae. This mirrors the approach used in several other studies which aimed to
estimate infection pressures at farm sites. At present,
there is a lack of agreed rules for how large such
interaction distances should be. Sandvik et al. (2016),
for example, used the value from a 3 × 3 neighbourhood of 800 m2 model cells around the farm site. This
meant that the closest value within a radius of around
1.2 km was used, which is comparable to the radius
over which our mean value was computed. Larger
radii could be used to account for uncertainty in particle trajectories, although such an approach would
be more appropriate for a study performed at a larger
spatial scale. Other similar methods include approximation of density per square kilometre via kernel
density estimation (Cantrell et al. 2018), which integrates information over a larger spatial scale, or specific aggregation by bay (Kragesteen et al. 2018).
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Defining a spatial scale of influence using local geography is appealing, but requires a study with larger
spatial extent than ours. More detailed investigations
into spatial interaction scales, supported by adequate
data, would be of great benefit to the field and could
help to understand the opportunities and limitations
of dispersal modelling studies.
A third possibility is the existence of processes
which are not explained by the model. This may be
the lack of a wild fish component; wild fish in the
area will also play host to adult lice, and are able to
move independently of the hydrodynamic processes
by which lice are passively transported. There is also
the possibility of imports of lice from other sites not
modelled here, most likely those further south on the
mainland. Our dispersal model is also a simplification
of the ‘real’ dispersal process. Our simulations lack
any influence of salinity on mortality (Bricknell et al.
2006), or vertical movement of lice from the surface
layers (Crosbie et al. 2019) or the impacts of vertical
diffusion (Visser 1997, Ross & Sharples 2004). These
factors, and their interactions, have been found in
some other studies to be important in determining
the outcome of dispersal events (Johnsen et al. 2016,
Cantrell et al. 2020), and are obvious candidates for
future refinements to the dispersal model used here.
Mean copepodid density reaches a maximum limit
that depends on the abundance of egg-producing
females, which in turn limits the number of chalimus
lice that can become established. A limitation on the
accuracy of this approach relates to the use of a fixed
number of fish t−1 of farm biomass (assumed here to
be 280 fish t−1, equivalent to 3.57 kg individuals).
This could dramatically underestimate the number of
fish, which declines over orders of around 10 000 to
100 fish t−1 during a production cycle. Altering the
fixed assumed number of fish t−1 would not qualitatively affect the results of this study (only any estimated regression parameters) as the weighting between sites at specific points in time would remain
unchanged. However, incorporating actual fish
counts would allow a more accurate representation of
spatiotemporal variation in lice abundances, and offer
the opportunity to make a more precise analysis of the
dependencies between sites. The model also ignored
the occurrence of chemical treatments during the
study period, or their potential impacts on larval output or observed site lice counts in subsequent weeks.
In most weeks where treatment occurred, there was
no lice count. In this case, these weeks were omitted
from the analysis. Incorporating the impact of site
treatments on lice population dynamics could provide
additional detail not captured here.

The gradient of the relationship between estimated
infection pressure and chalimus load could be viewed
as describing the infection/establishment success of
copepodid larvae. The apparent power law relationship indicates that increasing larval density has a
declining positive effect on chalimus count, suggesting possible density limitation. The cause of this is
not particularly clear, but the relatively high lice
abundances in this region at the time of the study
may have led to increased competition between lice
during initial settlement.
If chalimus lice are found in instances where there
is no predicted larval infestation pressure, this could
indicate external infestation, other factors which are
not included in the model, or instances where dispersal predictions did not capture actual larval movements. However, it should also be borne in mind that
site lice counts were presented according to Marine
Scotland Fish Health Inspectorate Site Authorisations which often encompass several pen groups
within the same farm area; in such instances, the
observed count for an individual pen group is always
identical to that of others within that Authorisation.
This underlines the importance of individual pen
group counts for detecting initial infestation route.
Many of the plankton trawls yielded zero abundances of lice (Figs. 4 & 7). In all such instances, the
corresponding simulation prediction was for a low
density of lice. Such observations may represent the
inherent patchiness of larval lice, and difficulty of
finding larvae when they are present at low densities.
We found no relationship between length of trawl and
whether, or how many, lice were found. The ratio between nauplii and copepodids was different in the
model and the plankton trawls. Nauplii were rarely
found in the plankton trawls, but occur at higher density in the model (due to less mortality by this stage).
More copepodids were found in trawls, but densities
predicted by the model were lower than for nauplii. In
order for the higher observed abundances of copepodids to exist, nauplii must be present somewhere at
higher densities, but these were not found in the collected trawls. Recent work indicates that vertical
trawls or fixed-depth pumped samples may provide a
more reliable estimate of lice abundances, capturing
lice over all possible depths (Sandvik et al. 2020), in
addition to ensuring that weather conditions are benign during sampling. Weather and wave conditions
were not recorded for the samples collected here. Another study (Nelson et al. 2018) indicated higher abundances of planktonic nauplii close to sites. It may be
possible that some adaptation allows nauplii to remain
closer to source sites than is presently assumed.
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The direct comparisons carried out here are somewhat different in nature to the probability of detection and relative operating characteristic methods
implemented by Sandvik et al. (2020). Those methods consider the proportion of correctly classified
abundances within discrete ranges. While they lack
the intuitive appeal of a direct comparison between
predicted and observed values, such a classification
can be useful in situations where regulatory thresholds are clear cut, and can equally be used to investigate model representation of spatial and temporal
variation in abundances. For either method, there is
no a priori relationship between model prediction of
infestation pressure and observed site lice count, as
the metric derived by Sandvik et al. (2020) also requires determination of critical density values and
optimum number of cells over which to compute the
metric.
Planktonic lice are difficult to find, but in this instance, the abundances were sufficient to provide
some baseline information for validating the model.
Data on chalimus (the smallest attached stage of sea
lice) are also subject to high levels of variability, and
this stage is often under-represented in data with
respect to other attached stages at the same site. In
this case, chalimus lice were reliably identified, although without population modelling, it is not possible to say whether this number represents a lowerthan-expected number for the sites in question.
Nevertheless, the counts found are consistent between sites, and allow a relationship between infestation pressure and establishment to be obtained.
For future studies, we would recommend working
at a larger spatial scale where possible, and over as
long a time period as possible. This would allow
investigation of the sensitivity to spatial scale of aggregation of infestation pressure, and allow clearer
conclusions to be made as to the reliability and scope
of applicability of model results. We would also recommend collection of physical observations at locations where biological observations are made, in
order to allow more detailed statistical investigation
into the factors influencing matches and mismatches
between model outputs and empirical observations.
In turn this would allow the most appropriate refinements to the biophysical models (which may be
region dependent) to be made.
In summary, we have shown how models of larval
dispersal can be linked with site data in order to produce estimates of infestation pressure, both in the
plankton and in terms of lice which become established on fish within pen sites. Such models are being
increasingly used by regulators and operators in
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order to assess the best approach to management of
farm sites, both at a local and regional scale. Knowing what information can be gained from these models, the extent to which they can be trusted, and how
predictions relate to reality is therefore of great
importance. This study provided some insight into
this for a specific time and constrained geographical
area. The somewhat unusual conditions assist in
drawing out certain features of the model, but it is
hoped that they also allow more generic insights into
the processes taking place.
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