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Fig 6. Sampling schemes to estimate u; and 7 for Ae. aegypti. Violin plots
depict estimates of uy, and Ty, for sampling scenarios described in 83.2. The simulated
population consists of 3,000 adult Ae. aegypti with bionomic parameters listed in
Table 1. Boxes depict median and interquartile ranges of 100 simulation-and-analysis
replicates for each scenario, thin lines represent 5% and 95% quantiles, points represent
outliers, and kernel density plots are superimposed. The default sampling scheme
consists of 1,000 adult females and supplemental larvae sampled daily over a three
month period. In panels (A-B), total larval sample sizes of 500, 1,000, 2,000 and 4,000
are explored. In panels (C-D), a larval sample size of 4,000 is adopted, and four
sampling frequencies are considered - daily, biweekly, weekly and fortnightly. In panels
(E-F), biweekly sampling is adopted, and sampling durations of 1-4 months are
explored. The optimal sampling scheme consists of 4,000 larvae and 1,000 adult females
collected biweekly over a three month period.

4. Discussion

We have demonstrated the application of the CKMR formalism described by Bravington
et al. [1] to estimate demographic parameters for mosquitoes with Ae. aegypti, a major
vector of dengue, Zika, chikungunya and yellow fever, as a case study. Using an
individual-based simulation based on the lumped age-class model [15,16] applied to
mosquitoes [17], we have shown that these methods accurately estimate adult
population size, N4, adult mortality rate, p4, larval mortality rate, pr, and larval life
stage duration, T7,, for logistically feasible sampling schemes when model assumptions
are satisfied. Encouragingly, the optimal sampling scheme inferred from this analysis is
consistent with Ae. aegypti ecology and field studies. Estimating adult parameters will
likely be of most interest, and in this case, only adult females need to be sampled.
Conveniently, adult females are preferentially attracted to most commercial traps
through cues that mimic potential blood-meals, while adult males are more difficult to
trap as they do not blood-feed [29]. Estimating larval parameters requires larval
collections, and although larval breeding sites need to be actively sought out, larvae are
an abundant life stage that can easily be collected with a cup or pipette [30].

Other details of the CKMR-~optimal sampling scheme are also consistent with Ae.
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aegypti ecology. The sampling duration required for accurate estimates of both adult
and larval parameters is three months, which is consistent with the length of a season,
during which time the constant population size assumption in this analysis
approximately holds. For estimating adult parameters, the total sample size of 1,000
adult females collected over three months is reasonable, and sequencing these 1,000
mosquitoes to the extent required to accurately infer close-kin relationships should fall
within the budget of current mosquito surveillance programs [7]. For estimating larval
parameters, the sample size of 4,000 larvae collected over three months is achievable,
given the abundance of this life stage, although currently the sequencing expense would
be burdensome. That said; as sequencing continues to become cheaper, and as more
scalable methods become available to estimate relatedness, large-scale larval sequencing
may also fall within the budget of surveillance programs.

Finally, the sampling frequency requirement of these CKMR methods is consistent
with mosquito field studies, with biweekly sampling being adequate for accurate
estimation of both adult and larval parameters. This is commonplace among mosquito
surveillance programs [29]. If estimates of only adult parameters are desired, sampling
frequency can be less frequent (e.g., fortnightly), although achieving the total required
sample size may be a barrier to less frequent sampling. For CKMR methods, temporal
information is of utmost importance, and so the day of collection should be known.
This means that samples from a mosquito trap should represent collections for a single
day, rather than the accumulation of mosquitoes over several days, as is the case for
regular mosquito surveillance programs. A total sample size of 1,000 adult females over
three months corresponds to biweekly collections of ca. 40 mosquitoes or weekly
collections of ca. 80 mosquitoes. With these numbers in mind, the expected daily
mosquito yield of a given location can inform the required sampling frequency.

As a preliminary exploration of the application of CKMR methods to mosquitoes,
and as a modeling exercise, this study has several limitations. Firstly, the same life
history model Figure [I| was used as a basis for both the population simulations and the
CKMR analysis. Additionally, other than the parameters being estimated, the same
parameters were used in both simulations and analysis. This represents an overly
generous scenario as compared to the field, where true life history is varied and complex,
and where life history parameters are only approximately known. That said; this is an
appropriate starting point to verify the utility of the method for mosquitoes - it first
needs to be shown to infer the true value of a parameter given the true model.
Subsequent analyses should explore the robustness of parameter inference when other
parameters in the model are dynamic or misspecified, or when kinship data are
generated from a more detailed model - e.g., the CIMSiM model of Ae. aegypti
population dynamics [22]. Another modest model variation would be to increase the
variance in the fecundity parameter, 5. Presently, the daily number of offspring
generated by each adult female is Poisson-distributed and distributing this according to
an overdispersed negative Binomial distribution would reduce the effective population
size, N, while maintaining the census adult population size, N4 [13], the impact of
which would be interesting to explore.

A second limitation of the application of our methods is that we have assumed
perfect kinship inference throughout. A variety of molecular methods for kinship
inference are available [31433], the accuracy of which should be assessed for Ae. aegypti
and other species of interest. Incorporating kinship uncertainty into the CKMR
likelihood equations is theoretically possible [34], although this has produced little
improvement in parameter inference at large computational cost when applied to data
from fish species [2]. Likely, the best approach would be to introduce errors in kinship
assignment at the simulation phase, and to test the robustness of the methods to this.
Here, there is an important distinction between type I (false positive) and II (false
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negative) error rates. Studies in fish species suggest that kinship inference must have an
especially low type I error rate in order for CKMR parameter inference to be
informative [1]. Kinship inference methods should be calibrated accordingly. On a
related note, there is a debate over the conditions for inclusion of half-siblings in CKMR
analyses. Half-sibling relationships are indistinguishable from avuncular (e.g.,
aunt-niece) and grandparent-grandchild relationships, introducing kinship assignment
errors into likelihood calculations. Possible solutions have been proposed - e.g.,
restricting the time window of recording half-sibling pairs to include mostly same-cohort
captures [1] - however this is a moot point for the present analysis, given that inclusion

of half-siblings reduces the accuracy of parameter estimates even when precisely known.

A third limitation of the current analysis is that it ignores spatial structure. The
population of 3,000 adults in the Ae. aegypti simulation was based on studies that
suggest this to be a reasonable estimate for the number of Ae. aegypti adults within a
characteristic dispersal radius in a variety of settings |[19H21]; however, Ae. aegypti
adults tend to be relatively sessile, often remaining within the same household unit for
the duration of their lifetime |11]. With this in mind, a more accurate model might be

Ae. aegypti populations distributed across households with migration between them [35].

Areas of future research would be to test the robustness of single-population CKMR
methods to data from spatially-structured simulations [36], and to incorporate spatial
structure into the CKMR analyses themselves, opening the potential to estimate
dispersal parameters using these methods. The theoretical underpinnings of this latter
approach have been outlined by Bravington et al. [1], and an analogous approach
limited to discrete generations and parentage data has been used to estimate dispersal
parameters for coral trout [37]. Alternative close-kin methods have also been used to
characterize dispersal distances for Ae. aegypti [64[7], and it will be interesting to see
whether a spatially-structured CKMR, approach can infer complementary information.

The application of CKMR methods beyond fish species has been contemplated since
their inception [1], and extending their application to the egg-larva-pupa-adult life
history of Ae. aegypti mosquitoes is promising for their application to insect species
with comparable life histories. A species of particular interest is Anopheles gambiae, the
main African malaria vector, which has a similar life history, increased dispersal [11]
and larger population sizes than Ae. aegypti [38l[39]. Age-grading methods are also
available for this species, based on ovariole measurements and emerging biochemical and
spectroscopic techniques [27]. Incorporating approximate age-at-capture information
with kinship data should greatly enhance the precision of CKMR parameter inference,
as has been seen for applications to southern bluefin tuna [2] and sharks [3]. The larger
size of An. gambiae populations also means that smaller population proportions need to
be sampled in order to obtain accurate parameter estimates [13]. Although the total
required sample size will be higher, lethal sampling is less likely to bias the mortality
rate estimate upwards and the population size estimate downwards (as seen for Ae.
aegypti in Figure . Several species of insect agricultural crop pests should also be
suited to these CKMR methods, including the medfly and spotted wing Drosophila;
although theoretical assessments will first be needed, especially for more long-lived pest
species such as the pink bollworm.

5. Conclusions

We have theoretically demonstrated the application of CKMR methods to estimate
adult and larval parameters for mosquitoes, with Ae. aegypti as a case study. CKMR
methods have advantages over traditional mark-release methods, as the mark is genetic,
removing the need for physical marking and recapturing. Particularly encouraging is the
fact that the inferred optimal sampling scheme is consistent with Ae. aegypti ecology
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and field studies, meaning that the requisite samples may be obtained with only minor
adjustments to current mosquito surveillance programs. Sequencing requirements are
significant, particularly for estimating larval parameters; however, as sequencing
becomes cheaper and more efficient, this will become less burdensome and perhaps even
routine. Work remains to test the robustness of these methods under a range of
scenarios in which model components and parameters vary, and in which kinship
inference is imperfect; however this study represents an important first demonstration
that parameter inference is accurate when the underlying model is known. Application
to other insects of epidemiological and agricultural significance is promising, particularly
for An. gambiae, a major malaria vector for which age-grading methods are available.

Supporting information

S1 Text. Supplemental model equations. Additional equations describing the
lumped age-class model of mosquito population dynamics, and kinship probabilities for

parent-offspring and sibling pairs that, for brevity, were not included in the manuscript.
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