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Environmental DNA sampling workflows commonly rely on multi-stage hierarchi-
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Handling Editor: Robert B. O'Hara 2. We present an R package, msocc, that implements a data augmentation strategy
to fit fully Bayesian, computationally efficient multi-scale occupancy models. The
msocc package allows users to fit multi-scale occupancy models, to estimate and
visualize posterior summaries of site, sample and replicate-level occupancy, and
to compare different models using Bayesian information criterion. Additionally,
we provide a supplemental web application that allows users to investigate study
design for multi-scale occupancy models and acts as a graphical user interface to
the msocc package.

3. The utility of the msocc package is illustrated on a published dataset and the func-
tions in msocc are compared to the primary Bayesian toolkit for multi-scale oc-
cupancy modelling, eDNAoccupancy, using various computational benchmarks.
These benchmarks indicate that msocc is capable of fitting models 50 times faster
than eDNAoccupancy.

4. We hope that access to software that efficiently fits, analyses and conducts study
design investigations for multi-scale occupancy models facilitates their implemen-

tation by the research and wildlife management communities.

KEYWORDS

Bayesian estimation, detection, environmental DNA, hierarchical modelling, multi-scale

occupancy models, occupancy surveys, study design

1 | INTRODUCTION expensive and more sensitive than non-molecular detection tools

(Eiler, Lofgren, Hjerne, Nordén, & Saetre, 2018; Hunter, Meigs-Friend,
Environmental DNA (eDNA) surveys continue to gain popularity for Ferrante, Smith, & Hart, 2019; Sengupta et al., 2019; Sepulveda
detectinginvasive, crypticand rare species (Klymus, Richter, Chapman, et al., 2019; Williams, Huyvaert, Vercauteren, Davis, & Piaggio, 2018).
& Paukert, 2015; Lodge et al., 2012; Schmelzle & Kinziger, 2016; These surveys rely on hierarchical sampling techniques to accommo-

Sepulveda et al., 2019), as these techniques are often easier, less date spatial heterogeneity in the occurrence of DNA within a study
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region. This hierarchical design is necessary, as the presence of a spe-
cies within a site does not imply that its DNA will be present in every
sample taken from that site (Dorazio & Erickson, 2018). Therefore,
multiple samples are typically taken from each site. These samples
are then assessed for the presence of DNA using polymerase chain
reaction (PCR) chemistry on multiple replicates from each sample.
However, even if DNA is present in the sample, it may not be present
in all PCR replicates (Dorazio & Erickson, 2018).

This sampling design induces a hierarchical dependence struc-
ture in the occupancy state of the target species at the site, sample
and replicate levels that must be appropriately modelled. Following
Nichols et al. (2008), Mordecai, Mattsson, Tzilkowski, and Cooper
(2011) and Dorazio and Erickson (2018) proposed a hierarchical
model of latent state variables to handle this dependence structure.
The resulting multi-scale occupancy model provides a flexible plat-
form for modelling multiple levels of uncertainty in the detection
of the target species by accounting for false negatives at the site,
sample and replicate levels while simultaneously respecting the hi-
erarchical dependence.

Dorazio and Erickson (2018) provide an r package, eDNAoccu-
pancy, for fitting their model from a Bayesian perspective. Bayesian
techniques provide a natural way to quantify the uncertainty in
the estimated occupancy parameters, and are valuable tools for
hierarchical modelling of ecological data (Dorazio, 2015). While
Bayesian hierarchical techniques are valuable for understanding
complex data structures, fitting hierarchical models can be com-
putationally demanding. Fitting such models for binary data, with
a logistic link, has historically required the use of a Markov chain
Monte Carlo (MCMC) technique known as Metropolis-Hastings;
this sampling technique is implemented in eDNAoccupancy. This
technique can be slow to converge to the target posterior distri-
bution and also requires time-consuming tuning (Robert, 2015).
Additionally, the algorithm is not well-suited to estimate parame-
ters on vastly different scales (Roberts & Rosenthal, 2001), which
often forces users to centre and scale their continuous predictors,
resulting in cumbersome interpretations. Due to these limita-
tions, software packages that rely on this technique can be time-
consuming to use, especially when fitting multiple models with
the intent of model comparison. The msocc package provides an
alternative to these packages, implementing a Gibbs sampler that
quickly converges to the posterior distribution and features a web
application capable of investigating study design, fitting models
and analysing the results.

The msocc package implements the data augmentation strat-
egy described by Polson, Scott, and Windle (2013) to fit the hi-
erarchical model described by Dorazio and Erickson (2018) using
a Gibbs sampler; this procedure requires no tuning, easily han-
dles covariates on differing scales and quickly converges to the
posterior distribution. The remainder of this article is organized
as follows: Section 2 contains a description of our package's fea-
tures, including an example analysis on published data. Section 3
describes the supplemental web application developed to conduct

precision analyses and act as a graphical user interface to the

msocc package. Section 4 illustrates the computational advantage
of the msocc package over eDNAoccupancy by comparing compu-
tational benchmarks.

2 | PACKAGE OVERVIEW

The main function in the msocc package is msocc_mod(), which fits
the multi-scale occupancy model described by Dorazio and Erickson
(2018); for complete model notation, readers are referred to Dorazio

and Erickson (2018). The syntax of msocc_mod() is as follows:

> msocc_mod(wide_data, num.mcmc = 1000,

+ site = list(model = ~1, cov_tbl),

+ sample = list(model = ~1, cov_tbl),

+ rep = list(model = ~1, cov_tbl),

+ priors = list(site = list(muO = 0, Sigma0 = 9),

+ sample = list(muO = 0, Sigma0 = 9),

+ rep = list(muO = 0, Sigma0 = 9),

+ a0=1,b0=1),

+ progress = T, print = NULL, seed = NULL, beta_bin =T)

The site, sample and rep arguments each take lists containing items
named model and cov_tbl respectively. The model item is used to
specify the formula which determines the model frame for each level
of the hierarchy; the cov_tbl item is used to specify the data frame
containing the covariates used in model at each level. This design
allows users to specify models using familiar Im and glm syntax, re-
sulting in a function that is widely accessible.

The remaining arguments of msocc_mod() are the number of it-
erations in the Gibbs sampler (hum.mcmc), the detection data (wide_
data), whether progress should be printed (progress), how often
progress should be printed (print), whether a faster beta-binomial
sampler should be used when applicable (beta_bin), specification of
priors (priors) and an optional seed to set for reproducibility (seed).
The msocc_mod() function returns a list (of class msocc) with the

following elements:

e beta = matrix of posterior samples of the regression coefficients
at the site level

e psi = vector of posterior samples of the site-level occupancy
probability parameter; only returned if beta_bin = TRUE and
site$model = ~1

e alpha = matrix of posterior samples of the regression coefficients
at the sample level

o theta = matrix of posterior samples of the sample level occupancy
probability parameter; only returned if beta_bin = TRUE and sam-
ple$model = ~1 or sample$model = ~site

e delta = matrix of posterior samples of the regression coefficients
at the replicate level

e p = vector of posterior samples of the replicate level occupancy
probability parameter; only returned if beta_bin = TRUE and
rep$model = ~1
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e model.info = list of model information, including the design matri-
ces for each level of the hierarchy, the number of sites, the num-

ber of samples per site and the number of replicates per sample.

2.1 | Posterior summary tools

The msocc package is equipped with multiple functions to sum-
marize the joint posterior distribution of the derived probability
parameters. The posterior_summary() function provides a numeri-
cal summary table of the derived probability parameters at each
level of the hierarchy. The syntax of posterior_summary() is as
follows:

> posterior_summary(msocc_mod, burnin = 0, level = "overall",
+ quantiles = ¢(0.025, 0.975), unique = T)
The arguments of this function include a fitted model of class msocc
(msocc_mod), the number of samples to discard as warm-up (burnin),
the level of the model to summarize which may be one of ‘overall’,
‘site’. ‘sample’, or ‘rep’ (level), quantiles defining the credibility inter-
vals to be provided (quantiles) and whether only unique rows of the
summary table should be printed (unique).

The cred_plot() function provides a graphical summary of cred-
ibility intervals for each of the derived probability parameters at
each level of the hierarchy. The syntax of cred_plot is as follows:

> cred_plot(msocc, level = "site", truth = NULL,
+ n = "all", quantiles = ¢(0.025, 0.975), burnin = 0)

The arguments of this function include a fitted model of class
msocc (msocc), the level of the model to visualize which may be one
of ‘site’, ‘sample’, or ‘rep’ (level), the true values of the probability pa-
rameters which may be used during simulation (truth), the number of
credibility intervals to plot at a time (n), quantiles defining the credi-
bility intervals to be provided (quantiles) and the number of samples
to discard as warm-up (burnin).

2.2 | Example analysis

The functions in the msocc package are demonstrated on an eDNA
survey of tidewater goby, found along the coast of California, USA

TABLE 1 Firstfive rows of tidewater goby data

Site Sample pcrl pcr2 pcr3 pcrd
Big_Lagoon 1 1 1 1 1
Big_River 1 0 0 0 0
Caspar_Creek 1 0 0 0 0
Elk_Creek 1 0 0 0 0
Garcia_River 1 0 0 0 0

pcr5

o O O O

(Schmelzle & Kinziger, 2016). In this survey, water samples were
collected from 39 sites along the California coast. The number of
samples collected at each site ranged from two to 23, and six PCR
replicates were tested for the presence of goby DNA from each sam-
ple. In addition to detection data, environmental covariates were
collected at all 39 sites; the first five rows of the data are provided
in Table 1.

In these data, twg represents an index of goby density
(catch-per-effort), sal represents the salinity in parts per thou-
sand, turb represents the turbidity in filtration time, fish rep-
resents an index of non-goby fish density (catch-per-effort)
and veg is a logical indicator for the presence of vegetation.
Schmelzle and Kinziger (2016) originally fit a suite of models
to these data using the WINBUGS package, and Dorazio and
Erickson (2018) recreated those results using their eDNAoccu-
pancy package. Those results are again recreated here for com-

parative purposes.

> # prep data frames
> site.df <- goby %>%
+ distinct(site, .keep_all = TRUE)
> sample.df <- goby
> detect.df <- goby %>%
+ select(-c(twg:veg))
> # fit model
> goby_mod <- msocc_mod(detect.df, num.mcmc = 11000,
+ site = list(model = ~ veg, cov_tbl = site.df),
sample = list(model = ~ sal + twg, cov_tbl = sample.df),
rep = list(model = ~ sal + fish + turb, cov_tbl = sample.df),
priors = list(site = list(muO = 0, SigmaO0 = 1),
sample = list(muO = 0, Sigma0 = 1),
rep = list(mu0 = 0, Sigma0 = 1),
a0=1,b0=1),
+ progress = T, print = NULL, seed = 02042020, beta_bin =T)
Iteration 11000 of 11000; 100% done. Current runtime of 0.66
minutes.
| | 100%

+ 4+ + + + +

An overall summary of occupancy at all three levels is
provided using posterior_summary(); the first six sites are
presented below. Note that by default, posterior_summary()

returns only unique combinations of site, sample and replicate

probabilities.
pcré twg sal turb fish veg
1 26.63 1.75 132.00 80.00 1
0 0.00 26.00 78.80 17.20 0
0 0.00 20.70 413.00 1.20 0
0 0.00 30.00 144.67 19.30 0
0 0.00 23.50 41.00 0.00 0
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> # numerical summary

> head(posterior_summary(goby_mod, level = "overall", burnin = 1000))

site sample rep psi theta p

1 Big_ 1 1 0.7706495 0.8845290 0.8669207
Lagoon

2 Big_River 1 1 0.2231190 0.6650525 0.5446235

3 Caspar_ 1 1 0.2231190 0.7222719 0.8575822
Creek

4 Davis_ 1 1 0.7706495 0.8920972 0.8278296
Lake

5 Dead_ 1 1 0.2231190 0.7242514  0.8292023
Mouse_
Marsh

6 Eel_River_ 1 1 0.7706495 0.6399665 0.6679964
Estuary_
Preserve

These results match those provided by the eDNAoccupancy pack-
age. Credibility intervals are available for each estimate by specify-
ing a particular level of the model using the level argument. These
intervals can also be visualized using the cred_plot() function; cred-
ibility intervals for the sample-level occupancy parameter for the

first six sites are provided in Figure 1.

2.3 | Additional tools

In addition to the functions described in Sections 2.1 and 2.2, the msocc
package contains tools to calculate Bayesian information criterion and
simulate data from multi-scale occupancy models. The waic() function
can be used to calculate the Watanabe-Akaiki information criterion
(WAIC) on a suite of models (Gelman, Hwang, & Vehtari, 2013), while
the msocc_sim() function is used to simulate data from a multi-scale
occupancy model. For details on each functions' use, please see the

GitHub page for msocc or the r help page for either function.

95% credibility intervals for theta by site-sample combination

3 | SUPPLEMENTAL WEB APPLICATION

The msocc package is also equipped with an r Shiny web applica-
tion capable of fitting models, visualizing the results from fitted
models and conducting precision analyses. The web application
accommodates the first two tasks by providing a point-and-click
interface into the msocc_mod(), posterior_summary() and cred_
plot() functions. To fit a multi-scale occupancy model with the
msocc web application, users must upload the detection and co-
variate data frames in either .Rdata or .csv format. Once uploaded,
the web application allows the user to visualize each data frame
and specify the model to be fit (Figure 2). The application also al-
lows the user to download the fitted model in .Rdata format.

To analyse a fitted model, the user must upload the model in
.Rdata format. Once uploaded, the application provides a review of
the fitted model and prompts the user to view table summaries of
the occupancy parameters or visualize credibility intervals for the
occupancy parameters (Figure 3). Users are also able to visualize
traceplots for each parameter, though more formal assessments of
convergence are available through the coda package (Plummer, Best,
Cowles, & Vines, 2006).

The web application conducts precision analyses by repeatedly
calling msocc_sim() in the background for varying sample sizes and
fitting a model to each simulated dataset; the user determines at
which level of the model to vary the sample size. Credibility intervals
are then calculated for each of the parameters in these models and
the widths are stored. These credibility interval widths are then plot-
ted for each level of the model (Figure 4). This process allows users of
the web application to assess the value of increasing the sample size
at any level of the model in terms of precision, which is an import-
ant aspect of eDNA-based work (Erickson, Merkes, & Mize, 2019).
Figure 4 suggests little to no additional precision is gained by col-
lecting more than five replicates from each sample for the specified
design.

Big_Lagoon_1

Big_River_1

Caspar_Creek_1

ple

site_sam|

Davis_Lake_1 P

Dead_Mouse_Marsh_1

Eel_River_Estuary_Preserve_1

FIGURE 1 Plot of 95% credibility
intervals for the sample level occupancy
probability parameters of the first six sites

0.00 025 050
theta

of the tidewater goby data
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Uploaded data

Data frame selection
s @ Response O Site O Sample O Replicate
Data file uploads

Upload response data

Browse. detect.Rdata

site sample perl per2 per3 perd pers peré
Upload complete
1 Big_Lagoon 1 1 1 1 1 1 1
Upload site-level data 2 Big Lagoon 3 1 1 1 4 1 1
Browse... EICHNCEIE] 3 Big_Lagoon 3 1 1 1 1 1 1
Upload complete
4 Big_Lagoon 4 1 1 1 1 1 1
Upload sample-level data 5 Big_Lagoon 5 1 1 1 1 1 1
ampleRoAGa 6 Big_Lagoon 6 1 1 1 1 1 1
Upload complete 7 Big_Lagoon 7 1 1 1 1 1 1
" 8 Big_Lagoon 8 1 1 1 1 1 1
Upload replicate-level data
9 Big_Lagoon 9 1 1 1 1 1 1
VSRl sample.Rdata
10 Big_Lagoon 10 1 1 1 1 1 1
Upload complete
Showing 1 to 10 of 356 entries Previous 1 } 2 3 4 5 36 Next

Model fitting

Enter the model statements for each level of the model below using standard Im syntax.

Site-level model Sample-level model Rep-level model Number of memc samples
~veg ~sal +twg ~sal + fish + twg 5000
Downloaded file name
& Download Save model when completed x
mod Fitting model Doing iteration 1500 of

5000

FIGURE 2 Model fitting tab of the msocc web application

Analysis type

O Convergence diagnostics @ Table summaries O Graphical summaries

Upload fitted model s
Table summaries

mod.Rdata This section is meant to allow you to explore estimates from the model in tabular form. Select the level of the model to summarize using the radio buttons

Upload complete below.
Options
Review of fitted model P
Summary level Number of burn-in samples

Site-level model: ~ veg Show only unique estimates

Sample-level model: ~ sal + twg
Replicate-level model: ~ sal + fish + turb

O Overall O Site @ Sample O Replicate 0

R _

Search:

site sample rep median mean 0.025 0.975
1 Big_Lagoon 1 1 0.88669 0.8833 0.81204 0.93739
2 Big_River 1 1 0.66606 0.66403 0.57184 0.74421
3 Caspar_Creek 1 1 0.72452 0.72271 0.6407 0.79207
4 Davis_Lake 1 1 0.88794 0.87058 0.67164 0.98381
5 Dead_Mouse_Marsh 1 1 0.72677 0.72479 0.64267 0.79414
6 Eel_River_Estuary_Preserve 1 1 0.63839 0.63757 0.5402 0.7346
7 Elk_Creek 1 1 0.61764 0.61584 0.5062 0.71482
8 Gannon_Slough 1 1 0.71147 0.70895 0.62486 0.77983
9 Garcia_River 1 1 0.69416 0.69254 0.60827 0.76471
10 HBNWR_SCU_North 1 1 0.70034 0.69869 0.616 0.76904
Showing 1 to 10 of 39 entries Previous ] 2 3 4 Next

FIGURE 3 Table summaries for the fitted goby model from the msocc web application. Convergence diagnostics and graphical summaries
of the posterior distribution are also available
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Width of 95% credibility intervals for y, varying number of replicates
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FIGURE 4 Credibility width analysis from the msocc web application.

taken from each site. The number of replicates taken varies from 1 to 10

This analysis assumes seven sites are surveyed and five samples are

TABLE 2 Summary of the effective

Average sample size comparison. The values in this
Package Data Average time Average ESS ESS/min P . P ) .
table describe the results from drawing
msocc Unscaled 36.41s 4,029.61 6,640.39 11,000 samples from the the joint
TEGEE Scaled 36.07 s 4161.01 6,921.56 posterior distribution of the goby model
eDNAoccupancy Unscaled 2,198.72s 2,958.19 80.71 10 times
eDNAoccupancy Scaled 1,839.45s 2,908.97 94.87

4 | COMPARISON TO eDNAoccupancy

The msocc package is designed to be more expedient than eDNAoc-
cupancy. The msocc_mod() function relies on a Gibbs sampler, and
therefore converges to the posterior distribution much quicker
than occModel(), the model fitting function from eDNAoccupancy.
Additionally, it is not necessary to centre and scale covariates before
fitting a model with msocc_mod(), thereby allowing users to interpret
results on the original scale of the data. Gradient-based sampling
frameworks, such as Stan or Greta, also generally provide quicker
convergence to the posterior distribution (Carpenter et al., 2017).
However, many of these frameworks, including Stan and Greta,
do not allow sampling of discrete parameters or latent variables
(Golding, 2019; Stan Development Team, 2018). Consequently, to
fit multi-scale occupancy models within these frameworks, prac-
titioners must integrate out the latent variables prior to defining
the likelihood (e.g. see Mize et al., 2019). In a hierarchical model-
ling framework with three levels, this task is non-trivial and not

likely to be widely accessible to wildlife managers and other eDNA

practitioners. Therefore, we have not included these techniques for
comparison, as they lack the convenience and ease-of-implementa-
tion associated with canned r packages.

To compare these functions, we provide the amount of time
taken to draw 11,000 samples from the joint posterior of the
goby model defined above, and the effective sample size for the
msocc_mod() and occModel() functions per minute using both
scaled and unscaled covariates. The effective sample size rep-
resents the number of uncorrelated posterior samples to which an
MCMC chain is equivalent, and therefore describes the degree of
autocorrelation present in that chain; the effectiveSize() function
in the coda package (Plummer et al., 2006) was used to calculate
this value. This function provides effective sample sizes for each
parameter in the model; the minimum effective sample size across
all parameters for each model was chosen to summarize the fit.
This process was repeated 10 times for each model and the results
are summarized in Table 2. These models were fit on a Surface
Book 2 laptop running Windows 10 with an i7-8650U CPU and
16GB of RAM.
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Table 2 suggests that msocc is far more efficient than eDNAoccu-
pancy, allowing models to be fit in seconds as opposed to half-hours.
Additionally, models fit using msocc tend to have larger effective
sample sizes than those fit by eDNAoccupancy. Consequently, users
are required to take fewer samples from the posterior distribution
when using msocc, and can do so much quicker than when using
eDNAoccupancy.

5 | DISCUSSION

As eDNA surveys continue to gain popularity as a sensitive monitor-
ing strategy for rare and cryptic species, the need for efficient mod-
elling techniques of multi-scale occupancy data increases; the msocc
package provides an efficient alternative to existing methods of
fitting Bayesian multi-scale occupancy models. This computational
advantage allows the research and wildlife management communi-
ties the flexibility to fit multiple models when investigating scientific
hypotheses, an otherwise time-consuming task. Additionally, msocc
requires no tuning when fitting models, easily handles covariates
on non-standardized scales and is equipped with a web application
capable of conducting precision analyses, fitting models and explor-
ing model results. The culmination of these factors eases the burden
of ecologists working with eDNA data, thereby improving their abil-
ity to assess their research questions and disseminate that informa-
tion. Moreover, in situ eDNA workflows continue to gain traction.
Such analyses require computationally expedient techniques to un-
derstand these data structures in real-time; the ability to do so re-
sults in up-to-date information that can be used to minimize negative
outcomes and improve management decision-making.

The msocc package continues to be developed. In the fu-
ture, we hope to add a coherent dynamic modelling framework
that accommodates longitudinal eDNA surveys. Continued re-
search into dynamic multi-scale occupancy models is essential as
longitudinal eDNA monitoring programs gain popularity (Balint
et al., 2018; Hutchins, Sepulveda, Hopper, & Staigmiller, 2019;
Pilliod, Laramie, MacCoy, & Maclean, 2019; Uchii, Doi, Yamanaka,
& Minamoto, 2017). Once these methods have been developed, we
intend to add them to msocc.
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