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Abstract

Field data collection can be expensive, time consuming and difficsilghtful research
requiresrstatistical analyses supported by sufficient &dtat studies and power analysis
provide guidance on sampling design but can be challenging to perform, as ecologists
increasingly collecimultiple types ofdata ovedifferent scalesDespite a growing simulation
literature, it remains unclear how tppaopriately desigaata collectiorfor many complex
projects Approaches that seek to achieve realism in deers@king contexts, such as

management strategy evaluation and virtual ecologist simulations, can help.

For a relatively’"complex analysis, wevelop and demonstrate a flexible simulation approach
that informswhatdataareneeded and how long those data will take to collect, under realistic
fieldwork constraints. We simulatethta collection and analysis under different constraint
scenarios that varied in deterministic (field trip length, travel and measurement times) and
stochastic (species detection and occupancy, ratelsinclement weather) features. In our

case study,we. fit plant height data to a msjitecies, threparameter nonlinear growth

model. We tested how the simulated datasets, based on the varying cosstraanios,

affected the_model fit (parameter bias, uncertainty and capture rate). Species prevalence in
the field exerted a stronger influence on the datasets and downstream model performance
than deterministic aspects such as travel times. When species detection and occupancy were
not considered, the field time needed to collect an adequate dataset was underestimated by
40%.

Simulationscan assist in refining fieldwork design, estimating field costs and incainmpra
uncertainties.into project planning. We argue that combining data collectioysiarsaid
decision-making processes in a flexible virtual setting can help address many oislonslec

that field ecologists face when designing fiblssed research.

Keywords: virtual ecology, fieldwork, simulation, hierarchical models, managemenegyrat

evaluation, sampling, experimental design.
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Introduction

Field data collection is expensive, time consuming and difficult. Difficutteesarise when
ecologists_ ask relatively simple questions over complicated environmenti@rgsaatask

guestions involving complicated causal pathways to understand processes that underlie
ecological theoriesThese questions require multivariate data collection and complex

analyses such as hierarchical or mixed effects mod@ingr et al. 2007). In addition to

collecting data over complex environmental space, the ecolaglatibnships we care about

are often.non-linear in nature, for example plant species growth (Thomas sind04&’b),

species arearcurves (Scheiner 2003), species abundance or dispersal curves (Tjorve 2003) or
long-term ehanges in population structure (Seavy and Reynolds 2007). The complexity of
natural systemean place dostantial demands on the volume, type and sampling design of

data requiredor.ecological research

The value of statistical inference depends on the underlying model assumptions atal the da
collected(Nicholls 1989, di Stefano 2003). Power analysis is frequently recommended as a

key element of study design (Day and Quinn 1989, Johnston et al.ta@dsess this
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100 relationship between data and inference. However, whilst many ecslaggstamiliar with

101 the concept of power analysis, it is commonly misapplied due to, among other things,

102 research lacking clear objectives (Yoccoz et al. 2001), arbitrarily defined statistical thresholds
103 that lack biological meaning (di Stefano 2003) and an under-appreciatiom r@flative costs

104 of different statistical errors (di Stefano 200)wer analyses are often rainducted

105 effectivelyin ecological studiesr monitoring programs (Peterman 1990; Fairweather 1991,
106  Vos et al 1999; Legg and Nagly 20@@®w-Decarie et al 2014lohnston et al. 2015). This is

107  partly duegto a culture in ecology that does not ask for them, but also refledké la

108 available methods for contemporary analysis (Johnston et al. 2015).

109

110 Designinggobust,éld-based research is not only about having adequate sampleasides

111  achieving the nominal sample size does not ensure a robust study design (van de Pol 2011). A
112  target sample size may not be helpfiilen a study is constrained by time or budget (di

113  Stdano 2003). Field ecologists often face missing data and unbalanced designs (Kain et al.
114  2015), because field data are not always as available as we expect. Methods to appropriately
115 design field.campaigns are increasingly becoming more realistic. For iastaxcipancy

116  studies have been informed by search effort optimization (although they do not typically

117 quantify time and cosilacKenzie and Royle 2005), and other survey designs havesidcus

118 on visits to a.single site (Moore and McCarthy 2014), and inclunjtignized searches

119  across multiple sites with varying detectability (Hauser and McCarthy 2009, Modre

120  McCarthy 2016).

121

122 Methods to adequately design ecological studies for complex anadysisebroadly typified

123  as Virtual ecologistappracheqTyre et al. 2001, Zurell et al. 2009, Meyer et al. 2009),

124  mathematical optimization methods (Moore and McCarthy 2016} aitmlarepackages

125  (Johnson.ét.al..2015). The ‘virtual ecologist’ approasds simulatioto mimic real world

126  conditionstewvirtually construciand analyseéata It has been used to explore the effects of

127  survey design:under economic constraints (Field et al. 2007), test analytical tools (Wunder et
128 al. 2007),.mimic experimental design in greenhouse conditions (Meyer et al. 2009),

129 determine thedargest sources of variability in analysis of species distribution models

130 (Tessarolo et al. 2014) and to monitor dynamic sgataporal ecological processes

131  (Williams et al. 2018)Optimization methods diffdrom ‘the virtual ecologistapproach.

132  Optimizations targespecific study objectives, describe processabconstraintaith

133 mathematical equations and solve them. Optimization has been used to priantye su
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effort for eradication programs (Hauser et al. 2016) and to optimize surveyostorspace

and time incorporating species detection rates and budget (Moore and McCarthy, 2016).
Numerous examples exist software such aR packages aimed at making power analysis
easier for ecologistsncluding ‘odprism’, for optimal design of mixed models (van de Pol
2011), ‘simmiglmm’ (Johnson et al., 2015) and ‘SIMR’ (Green and MacLeod, 2016), which

use simulations'to conduct power analysis for generalized linear mixed models.

An important question is whether simulations will hedpearchers design better studies

(Peck 2004, Meyer et al. 2009, Johnston et al. 2015). One area where real world complexities
have been successfully included in virtual settings is in Management Stratdéggtitva

(MSE) (Bunnefeld et al. 2011). This approach uses simulation models in an adaptive
framework to tést a range of management approaches that meet objectives given a complex
decision environment (Bunnefeld et al. 2011). It combines data collection withispecif
analysis and management implicasdased on those analyses in a virtual setting (Punt et al.
2014). Some of the greatest advantages of MSE are that it allows experimentaticen unde
range of cireumstances, various forms of uncertainties can be included and it encourages
prospective,rathehan retrospective evaluation of actions (Bunnefeld et al. 2011).
Management strategy evaluation has been championed in fisheries science and used to
identify ‘realizable’ management performance given uncertainties (Punétld), and its
beginning to be implemented in complex terrestrial conservation problems (I@ilrikard

2010; Bunnefeld et al. 2011).

We argue that a similar mentality of combining data collection, analysis arsibtetiaking
processes in a flexible, virtual setting can pplied for thedecisions thatraecologist faces
when designing field research. Despite the vital role that field studigspdaology,

rigorous design.and testing of field studies is rarely conducted (or reported) il
literature. "Toraddress this gap, we demonstraexdle simulation approach designed to
identify howsmuch and what kinds¥ dataare needed for a relatively complex analysis (e.g.
tradeoffs between number of sites and numbers of individuals sampled at eacinsitbpw
long those data. will take to bect. Our approacldiffers fromothers described abouethat
we incorporate realistic fieldwork constraints including travel times, peattver and

varying species detection rates.
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We use a case study of heigjntowth data collected in a seiaiid g/stem, where the data

were used to develop a mudpecies notinear growth model to predict heights of multiple

plant species given time since faka site{Thomas and Vesk 2017b). The stalga is vast

and heterogeneouset all species are in the same place, and some species are harder to find
than others=The simulation structure incorporates data analyses, providing eadisat

chain betweefrom designto sampling choices in the field, resultant datasets and the

precision andaccuracy of tcthosen model.

Methods

The aim of'this paper is to demonstrate a “corggecific” simulation approach that can be
used for designing robust field-based studies. This approach differs from trdgitorea
analyses, whichtypically do not incorporate realistic fieldwork constrafitsough actual

field collection methods vary considerably, there are some common factongellaio be
considered.when designing robust field studies. These factorthe ‘context— involve

both environmental and logistical constraintstha following sections, we present questions
that help to.structure a fieldwork simulation, and can be use@ntify factors that need to

be captured by the simulation including variables that we are concerned ababiggahat

we are capableto malg decisions about, and constraints. Of course, the first step is always
to clearly define the research objectivkentify the purpose of the monitoring program or

clearly articulate the reasons for witgtaare beingcollected(Fig. 1).

Ecological \variables

Once thepurpose of the field study has been determined, the next stegeetminevhat

types of datavill fulfill this purpose The ecological variablagflect the ‘true’ state in the
simulation-andthe ‘real’ data, as we pé&reghem in the world. Specifying ecological

variables coneiselyeflects what variables will hefpddresshe purpose of the field study.
Important.questions to consider here are: what are the data? Do they vary acess spa

time? How are,they measured? When is it best to measure Heaiogical variables also

can include ‘nuisance variables’; these are measurable variables that do not directly serve the
study’s purpose but are correlated with the response variables. Including them in the analysis
is expected to improve inference, even though they do not directly address the study’s

purpose. In oucase studyhe values of the ecolagsl variablesnform data collection
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decisions such as how many individuals shdnddollectedof a species at each s(téigure
1).

Field conditions

Field conditions represent logistics and include information such as where the sites are, how
manysitesthere are, how the sites differ, whether species occur at every site, how long it
takes to move between sites, how long it takes to travel to sites from fielchimodation,

and how long it.takes to set up sites.

Data collection

The data collection process captures both the variable combinations to ketedphnd

which of these variables most affect the sample sizes. This can be a point to incorporate
uncontrollable constraints (e.g. the chance of no data collection on some days due to ba
weather) and-fieldwork time constraints (e.g. a maximum of 10 working hours per day).
Attributes that reflect survey design can be included, for example the minimum or maximum
time allocated to one site. Simulated data are collected anelihéirhe required to collect

each data point'ts recorded, so that the amount of data collected under different time

constraints, given ecological variables and field conditions, can be compared.

Data analysis

The fieldwork simulation imitates the dagashat might be produced from a single figld

of a given'duration. This single field trip can be replicated many times to accountui@l na
variation between each visit into the field. The accumuldéea from multiple fieldrip
replications'earthen be analysed, to determine under which conditions the data collected
suits the analysis envisioned (Table 1). This is a key point with which to interrogate the
analysis methods, as well as the ovgratpose of the study. Are the right data being
collected? Istitypossible to collect enough data for the analysis? How much extra time will it
take to collect an adequate amount of data? Is this feasible? Qamphse of the study be

achieved?

Case Study

This article is protected by copyright. All rights reserved
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This case study uses data on the heightudtiple plant species across a chronosequence (a
spacefor-time substitution (Walker et al. 2010)) of tirsacefire sites in Murray Sunset
National Park, Victoria (34.7683° S, 141.8542° E), a large conservation area within the semi-
arid Murray"Malleeegion of Southzastern Ausalia (for detailed methods s@éomas and
Vesk 2017a)The vegetation and fire histories of the Murray Mallee regere previously
been comprehensively mapped (Haslem et al. 2012; Avitabile et al. ZDirF)eld sites
wereeleven areas varying in tirgncefire (1,2,4,8,13,15, 26, 33, 36,46,86 yedhstwere
visitedas our spacéor-time sequence® measure the increasehaight ofpostfire

recruiting reseedingplantss through timeThe purpose of collecting these data was to build
multi-speciés/models of plant growth to assess how plant functional traits may be used to
predict plant' species’ growth trajectories both within an ecosystem (Thomas and Vesk

2017b) and between ecosystems (Thomas and Vesk, 2017a).

With theaim of interrogating the efficiency of this fieldwork, the authors timed allcismé
their data collection. Times noted on a typical day included: the time of leaving
accommaodation, the time of arrival at national park boundaries, the time of artivalfiast
field site, the'time taken to set up field gear,tthee taken to find the first plant to measure,
the timestaken.to measure the plant, the time taken to find the next plant, the raetspdit
at one site, and the time spent driving to hapsite. Times measured were based on two
field ecologists.measuring plant heights (one researcher and one voluntees:cbhist of
time for fieldbased data collection was used to inform the simulation of the field data
collection precess. Additiollg, we used modeled estimates of the height data collected for
each of the plant species to set up the simulated ‘true growth parameter Afgiesdjx S1:
Table S1).

Ecological variables
We beginithe simulation by setting up ‘true’ states, in the form of three matrices: one holds
the mean height for each species at each observediticelastfire in the chronosequence,

the second hold$he speciespecific mean time required to find daiadividual at a site

(Appendix S1: Table S1), and the third hatlde occurrence probability of each species

This article is protected by copyright. All rights reserved
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(Appendix S1Table S1). By changing each of these matrices we can explore different

scenarios obn-ground constraints (Fig.1).

The‘trué mean plant heights are generated using the Hillslope equation (Tjgrve 2009),
which israresparamaterisation of a logistic equation. Its three growth parameters are
biologically interpretable and relate to the maximum height achigadrfeter Hmax),

the maximum relative growth rate (maximum R@Rrameter a in cm/cm/yr (Atwell

1999)), and the time at which maximum growth occpasdmeter b, in years) (Eq. 1.1).

H.. = Hmax;, Equation 1.1
Y 1+ exp[—a;; (T — by))))

whereH;; is'the observed height of individual plarmf specieg (cm) and Tis the time

sincefire (yr) at which individual is observed.

Number of individuals collected

We specifysthe minimum and maximum number of individuals we want to collect peespeci
per replicate’site with a given tirsncefire. This may be a single value (e.g. exactly five
individuals per species) or a range (e.g. we can collect at least threenbortenthan 10

individualsof each speciewithin each site).

Field conditions
Field site selection

For each timesincefire valug there may be multiple replicate sites that can be visited.
Sampling acress a broad range of tisnecefire values will enable effective estimation of
many species’ growth curves. However, the spenredable to sample may vary among
replicate sites,with the same tiramcefire value. Thus, we specify the number of replicates
to visit, and the order of timsincefire valuesdn which the sampling takes place. For
example, we may wish to visit early, mid and late tsimesefire sites once before getting

replicates of each, or alternatively we might wiskigit multiple replicate site of a given
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time-sincefire to collecta broader range of species, before moving to a siteawditifierent

time-sincefire value

Travel and measurement times

Additional/fixed parameters are set that relate to the total number of hours available to work
per day, the available tirgncefire chronosequence argplicatesites available, the home
to-site travel time, the time it takes to measure individuals, the travel time between sites, the
seuptime required at each site, and the maximum time allowed to spend atAppieadix

S1: TableS2). We set up different available field timesrder toexplore fieldtrip durations

from 7 days in weekly increments up to 200 days of toted spent during a field trip

Data collection

The process of field data collection is simulated in dariRtion

(https://doi.org/10.5281/zenodo.14008€1g. 2) In its first phase, it identifies the time

available for oan-ground data collection. We use a custom ‘problem’ probability digtnibut

to describe therobability of half days of fieldwork being removed from the overall

fieldwork time-due to unforeseen circumstances, such as flat tires or extreme \uestiger

our fieldbased data to inform this). The number ofizealfieldwork days available is drawn
from this distribution. From the number ofiieedfieldwork days, we subtract the time
required to travel to and from the field sites each day. The time avaalfieding and
measuring individuals at sites accounts for the travel time between sites and the setup time

required at each new site.

We use three arrays to store the simulated data:
1. ‘Fitting'Data’ represents a regular field data sheet, storing each species ID, individual
height-andhetime-sincefire valueand replicate it was collected in.
2. ‘Finds through time’ records the ordefrspecies measured, the time elapsed and the
height of the measured species.
3. ‘Summary Data’ records the species ID, occupancy, the number of individuals
collected for each species, a flag indicating whether we have collected the required

number of individials, and mean species height based on the site'sinoefire.
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328  With the data collection time calculated and storage arrays defined, the mafadata

329 collection can proceed. Given the total number of sites, the algorithm choosesitehéctds

330 which replicate to visit based on a ‘Priority lig#n ordered list of sites and replicates within
331 sites to visit based adheresearcher’s field desigdesignated in the field site selection code.
332 Each speciespresence at a site is drawn from the oaoupavbability distribution, and it is

333  possible ta search for this species if it is present at a site and the maximum number of

334 individuals has notyet been collected. A set-up time elapses, and then individisdagtnt,

335  with the time to detection drawirom a speciespecific exponential distribution. Time

336 elapses as.the,individual is measured. Height values are drawn from a lognormal distribution
337  with parameters specified by the heiginbwth model (with variation specified Appendix

338 Sl:Table S2): The algorithm continues searching, measuring and recording randonmly draw
339 individuals untif'the pralefined number of individuals of all required species have been

340 found, or until the total time allowed at that site elap3é=e algorithnthen moves to the

341 next site based on the field design (Priority list), until the total field trip time elapses. All
342 data are stored in arrays (Fig 2).

343

344  Dataanalysis

345

346  The fieldtrip_function collects data from each simulated fieldtrip

347  (https://doi.org/10.5281/zenodo.14008F1g. 2) and uses the Bayesian modelling package

348 jags (Plummer 2013) via the statistical software environment R version 2.5.2 (Ré2one

349  2015) with the package R2jags (Su and Yajima 2015) to fit a spéities, hierarchical,

350 threeparameter nonlinear growth model (Eq. 1.1) (Thomas and Vesk 2017a, Thomas and
351 Vesk 2017b).

352

353  Estimating power’and choosing sites

354

355  Number of individuals

356 We wantedto compare the simulated results to a benchmark with sufficient individuals per
357 species, replication and diversity of tiracefire sites for an acceptable performance of

358 parameter estimates in the model. To develop these benchmark values, we freed the
359 simulation from time and specigpecific constraints, and controlled the number individual
360 plants collected (ranging from 1 per species up to 20 individuals per speciea)l tives-

361 sincefire sites. We fit these data to the same height grondgtiels and compared model fit
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between this approach and the conspécific simulations. These simulations reveal the
number of individuals per species needed to generate stable parameter estimates (i.e.

collecting more data would not reduce the variation around the estimates sigigifican

Natur e of'ehronesequences

In reality, the number ositesthat can feasibly be visited may be restricted. We simulated a
range of pessible constraint scenarios capturing various numbers and configuratiors of tim
sincefire values; we also explored low and high goals for the number of individuals collected

per species, (5 and 20, respectively).

A key design guestion when undertaking case studyvas whether to visit all timsince

fire values equally, or to subset sites and focus on capturing more data in early, mid or late
growth patterns, or to sample sparsely across the rarnigeesdincefire valuesavailable.

We used our simulatiom ttest some different strategiemmedEarly’ (time-sincefire ages:
1,2,4,6,8 years), ‘Late’ (timsincefire ages: 28,33,36,41,86 years), ‘Middle’ (timiacefire
ages: 8,13,15,26,28 years) and ‘Sparse’ (&meefire ages: 1,13,26,36,86 years) strategies,
comparing these to thali time-sincefire set (timesincefire ages:
1,2,3,4,6,8,13;15,26,28,33,36,41,86 years). Thlissamplingrepresents the fieldwork
undertakenin the Murray Sunset National Park. We simulated the collection of 5 individual
per species per tirmgincefire over each of these chronosequences (we also replicated this
using 20 individuals per species, see Appendix S1: Fig. S1). We compared perfasfmance

the statistical madels fit to these data using precision and capture rate (see below for details).

I ncorporating realistic field-based constraints

The aim of'these case study simulations was to determine how differing quaniitikisds

of data affeetsthe modeled estimates of plant heggiivth. Additionally, we aimed to assess
how realisticfieldwork constraints based on time impact the ability to collect an adequate
amount of data.,We achieved this by simulating a number of different data collection
scenarios with differing numbers of individuals collected per species ardruifSpread of
chronosequence sites. Thitowedus to assess how sample sizes and site type affibeted

parameter estimates of our growth model (Equation 1.1).
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Time is then incorporated, to simulate a realistic f&ddpling situation. Time elapses
during travelfrom the researcherlsomebaseto thefield accommodation, travel between

field accommodation and field sites, between field sites, during site set up, and wheg findi
and measuring species. We compare four broad ‘Constraint scenarios’: a baseline or ‘naive’
scenario'wheretime immally constrains data collection, a scenario adding travel times;
scenarios involving travel times and species measurement time; scenarios involving travel
times, species detection time, and variable occupancy of species acroshishese refer

to as the ‘Mallee’ scenari@Appendix S1Table S2). We use time as a surrogate for cost, but
replacingit or including monetary cost as well as time into the simulation would be
straightforward.Each scenario was replicated 20 times (e.g. representialgl 20ps under

the same conditions), producing many arrays of data across multiple dimensions (i.e.
estimates for each of the three parameters for different numbers of individuals collected for
each species for.each fidlgp under each broad scenario avith differing field trip

duration. For this reason, the data we present are the mean parameter estimates averaged
across all species for each replicated fieldtrip, with the mean and standard deviation across all
fieldtrips represented. We use three ddfa evaluation metrics to compare model
performance ‘across scenarios. First, bias measures how far away and in which direction
parameter estimates from simulated datasets are from true height growth parameters.
Second, uncertainty was measured as théwatithe 95% confidence intervals around
parameter estimates from simulated datasets. Third, capture rate measured the number of
times that the true growth parameters were contained within the 95% credible intervals of

modeled parameter estimates from different scenario datasets.

Code availablility

We present.the.original code for this simulation, as described in this paper:

https://doilorg/10.5281/zenodo.14008@ur current anduture research aims are to make

this code more=general for multiple types of fieldtrips and models.

Results

Our suite ofsimulatiors revealed practical information, such as the minimum number of
individuals per species to adequately characterizaralétof the growth parameters, but it

also helped to diagnose model behavior. Sample size affected the estimates of the three
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model parameters differently (Fig. 3). As the number of individuals sampled fospecies
increased, the capture rate for paramiieax (average top height) decreased, whilst
parameters (maximum relative growth rate) amdage at maximum relative growth rate)
have a relatively consistent capture rate across sample size. Partimeeteras
consistently'negatively biased; on average underestimateddiy 40ross a range of sample
sizes (120/ndividuals per site). Bias decreased in paramatarglb as sample size
increased."Model uncertainty decreased for all parameters with increasing sample sizes.
EstimatesyoHmax were increasingly overconfident as sample Bizeeasedwhich explains
the decrease in capture rate for this parameitas the outcome of bias (10 cm) and
narrowing ef the confidence intervals that lead to the dedat the capture rate with
increasingSample size (Fig. 3). Based on this information, between three and fivdugddivi
for each species would be adequate to provide robust parameter estimates (the confidence
intervals stabilize at these sizes), andeming twenty individuals per species may not

provide enough extra model accuracy to offset the extra fieldwork time needed.

Chronosequenee types

The spread of timsincefire values available for the chronosequence apprastienced
model performance (Fig. 4Hmax was relatively easy to estimate across a range of
chronosequence types, lauandb were difficult to characterize with a sparse set of times
since fire. ‘Early and ‘All' strategies wergood candidates for minimising uncertainty and
bias in parameter estimates, although paranbatethe ‘All' strategyhad a very low capture

rate as a consequence of having some positive bias and narrow credible intervals (Fig. 4).

Effect of field constraints

Given negligible'constraints on handling and travel time, species detectahiitgssuming

all speciessoceupy all sites (the baseline constraint scenario), one week of data collection for
20 speciesid not produce an adequate dataset to parameterize this model, as pa@meters
andb did not'cenverge and as sualere very uncertain (Fig. 5, Appendix S1: F&f).

Capture rate appearéabehigh for one week’s field world.e. close to 20; Fig. 5), but this

was an artefact dérge crediblenterval width (large uncertaintyy parameter estimates

leading to a large ‘capture area’ of underlying data poi@ise week was insufficient for

model parameterisation under any scenario of field constraints.
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Increasing the time available in the flemproved model fitting, but not uniformly across the
constraint scenarios. The least constrained scenarios improved generaltyirexioe bias

and thus capture rate lihmax, as seen above when the number of individuals per species was
varied (Fig./8)Yet as more constraints were added, the benefits of additional available field

time were frequently reduced.

The full ‘Mallee’ scenario included the most realistic constraints, considering deterministic
travel times, as well as stochastic detection and occupancy of species. This stochasticity
yielded mare variation between field trips in estimated parameters as time in the field
increasedThis variationas likely due to a trade#f between sampling fewer species but

more individuals per species in shiieldtrips (i.e. sampling common species well) versus
more species but less sampling within all species at longer times (spending time finding rare
species). This tradeff arose due to the defined searching strategy of always measuring the
closest speciasntil the maximum allowable number of each spegiasreached. Whilst

seven weeks.may seem adequate for estimating the model parametergpHardespecies

were not always represented in these datasets (Fig. 6).

Smulated datasets

Simulations caibe used to estimate the amount of time it will take to collect a sufficient
dataset for analysis. Incorporating the constraints on field data collediiceniced the

number of individuals and species sampled in this case (Fig. 6). When specienogeunoh
detection were not included, time allocated to effective data collection were underestimated.
There was.a 40% reduction in the average number of individuals collected through time
under the most.constrained, tihdalle€ scenario, and the naive baseline (Fig. 6). All species
were foundforany length of fieldtrip under every scenario excepiidléee’ scenario for

which thereswas a chance of collecting all 20 species only after four weeks in the field but

where even150 days in the field did noaantee finding all species (Fig. 6).

Discussion

This work has demonstrated how the interactions of sampling design, sampling process and

field trip constraints affect parameter estimation in a rggécies heighgrowth model. It
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contributes specifidly to the aim of this case studwhichwasunderstanding how mallee

plant heights could be sampled and modeled. More generally, this study articulatgssthe ste
and elements of field study simulation and evaluation. These are expanded below.

Our simulation approach starts from the perspective of a field ecologist departinficidr a

trip to stand-at-a site looking for their first ‘data point’. Thisas$in fact just a ‘data point’,

it is an individual organism that requires time to find anetto measure. This approach is
most valuable in cases where data are hard to collect, large sample sizes are required and
travel times are long. Fieldwork takes time and money, and natural variability g@snerat
additional timeconsuming constraints, which are hard to predict. We aimed to design a
simulation‘to_mimic realistic field conditions. Natural variability was propagated throughout
each simulated fielttip in multiple ways including incorporating the random removal of

half days from the overall fieldwork time allocated, and generating random height values
After we simulated multiple fieltrips for each scenario we wanted to test, we then analysed
the simulated data to evaluate how the realistically collected sample sizes influenced the
paraméer estimates within the chosen model. Finally, we explored various field times to
account forrealistic time and budget constraints, and tested how the availabiltilenced

the analysis and the ability of the field plan to achieve the research goalspfiuiach to
simulation is structurally different to other simulation approaches, vijyxcbally start from

the analysis.and bagkansform to estimate an optimal dataset. This simulation approach is a

context-specific approach to simulation rather than a context-free approach.

Our suite ofsimulatiors allowed us to generate information analogous to a traditional power
analysis but for @ more complex nimear hierarchical model; it revealed the minimum
number of individuals (between three andejiper species to adequately characterize each of
the three growth parameters in the timear growth model We were able to test the model
across varying.sample sizes, which was useful for diagnosing model behavior, such as
consistentunder-prediction of top heigHntax) by about 10 cm. Additionally, we were

able to test:ithessensitivity of the model to the ages of chronosequence sites, eaaddpr

us with confidence that the datere fit for purpose but also provided valuable information
for guiding future sampling efforts. Even interesdata collectionvas unlikely toyield
robustparameteestimatsif we were limited to samplingites spardg distributedacross
time-sincefire values This would ideally prompt u® rethink the study design. The above
two examples- selecting numbers of species and testing the sensitivity to numbers ef sites

could conceivably be achieved through power analysisthasi often performed using
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532 variety of packages (see IntroductioHpwever we note that our approach is not bedded in

533  significance testing, though it could easiyaccommodatd

534

535 Designing robust fieldvased research is not only about adequate sample sizes. Many

536 commonrapproaches to simulating datasets fompdex analysis do not account for realistic

537 field-based time constraints nor species detection rates (but see optimizations such as

538 MacKenzie and Royle 2005, Guillefaroita et al. 2010, Moore and McCarthy 2016). While

539 we can't pessibhanticipateall thefieldwork constraints we may encountee can account

540 for many fieldhased parameters amtorporating practical time constraints into the

541 simulation‘allows us to test the feasibility of studies. We can bound expectatibsis of

542  between hestase and worstase scenarios including natural variatoising from multiple

543  sitesand species. df example, incorporating measurement time and travel time is important
544  for afield plan, particularly if there are large travel costs, which is information that is often
545 readily available or easily estimated. Our results demonstrate that when desejding f

546  studies it is,crucial to account for species occupancy and detdmizayse ignoring them

547 causes thamesrequired for effective data collectiombe vastly underestimated. Our results

548  suggest that deterministic features of fieldwork (travel tirhasg relatively predictable

549 effects on.resultant datasets, but stochastic features of fieldwork (species occupancy) lead to
550 considerable«wvariation between replicate fieids. This is likely to be particularly important

551 if the analysis planned is sensitive to the number of species, for example hierarchically

552  structured.models that may be differentially sensitive to sample sizes at different levels of the
553 dataset (Paccagnella 2011). Finding every species may be important and agimulati

554  approach could be used to allow the field ecoldgigtxplore tradeffs in spending less time

555 at a site but.visiting more replicate sites, or spending more time searching fewer sites in order
556 to find rarer.as well as common species.

557

558 Conductingrealistic fiekbased simlations before fieldwork that include specific and

559 targeted datareollection methods, forces the field ecologist to confront theagussif their

560 plan earlysithelps to reveal aspects of the field plan or analysis plan that are flexible and can
561 be controlled;as well as aspects that are impossible or harder to change (Pecki2§04)

562 allows forethought into trade-offs in sampling design. For example, studies of

563 chronosequences are commonly limited by availability of site ‘ages’ and this negintan

564 ideal analysiss not feasible. In outase study, the spread of thmi@cefire sites available

This article is protected by copyright. All rights reserved



565 mattered, and sampling some chronosequence combinations (sparse or late) were

566 inappropriate for the three-parameter model. We also now know that if timéinviirey,

567 we would focus on collecting early tinsgacefire sites rather than capturing a broad spread
568 of sites. Knowing these field design sensitivities provides an opportunity to chaecteodi

569 in eitherfield-approach or analytical approach before a lot of time and monewnts spe

570

571 Johnston étal. (2015) suggested that for simulations to be useful for designingditter s
572 they mustgive substantially more accurate estimates of sample sizes than conventional power
573 analysis and be reasonablyagghtforward to use so as to justify the extra time and effort

574  required for.the/ssimulation. A countargument is thagcologiss commonly spend a lot of

575 time and effort improvinghe analysis of messy, stiptimal data.Lesseffort is directed to

576  improving data“collection, despite emerging tools to do so. Creating a simulatiocylpeiti

577 one such as this; is time consuming and complex. However, the use of simulatiomg is like
578 to become easier in the future thanks to increasffagtsto createpackages and functions

579 whichencaurage researchers to use simulations to aid corfiglietxiesign anénalytical

580 approachess«in.agreement with Peck (2004)avgue that the process of creating a

581 simulation‘has.value beyond optimal sample size estim&@mrexample, snulation of field

582 data collectionand analysis of simulated data is a very effective way to make the best use of
583 pilot andpreexistingdata. The design of simulations is the design of an experimental system
584  (Peck 2004) and requires forethought and planning of data collection and analysis, which
585 may be daunting for those not conversant with complex analysis techniques. However,
586 undertaking a simulation provides an excellent incentive to learn and interdaga and

587 data analysis approachesd to ensure that both data and data analysis are fit for purpose.
588  Wider adoption of this approach may help bring togeticetogiss with expertise in field

589 collection methods with experts in data analysis in the planning stages ofgrajeich

590 would beto the benefit of all.

591

592 Beyond previding guidance dieldwork design and analysis, our simulated approach and its
593 realistic time constraints, ki@ value in providing transparent and robust information for

594 budgets. Thisshelps the ecologisassess theonsequences diesigndecisions, such as

595 whether more field days (and costs related to those) are justified by thenikedgse in the

596 dataset, or whether staying in cheaper accommodation further away from field sites is

597 economical overall. This is relevant to academic researalersnay have a limited budget,

598 but alsato organizations responsible fdesigning field programs with@mmitment to
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transparent budgetExamples of this might be publicly-funded monitoring projects assessing
environmenthimpacts (Langford et al. 2011) or studies targeting rare or threatened species
(Rueda-Cediel et al. 2015kfficiencies in field design are likely to save significant time and
money for large scale programs. For this reason, a logical and useful @xtenairealistic
simulation such‘as demonstrated here would be to include a budget of the time and equipment
needed for entering, storing and analyzing data, because budgets for field programs often

ignore theSe components (Jones 2013).

Our simulatiorapproach is flexible but currently specific to our case stowiking it hard
for others to.immediately implemeWe anticipate severatsearch directiorthat will
improve the usability of our approach. First and ideally, our approach cotédtbeby
implementing it inewand independent fieldwork stied Secondlywe arecurrently
focusing on making our code for this simulation more general and efficienaiMfo make
our simulationapproach more general so that it can be used amtfosstypes of fieldwork
beyondour.chronosequendmsedieldwork for the purpose ajrowth modeling
Generalising:.the'code in this wayolves conceptually mapping out some common
approaches to.fieldwork and analysis, and isolatorgmoninfluential variablesand

workflows.

Chapman (2000) suggests that experiments are often designed to minimize or ignake natur
variation rather than to measure it. Kain et al. (2015) suggest that introducing new strategies
for analyzing variance, and designing field studies may lead to inspiring new exgatime
designs in ecologysimulation approachdsgve enormous practicabtential. sing

simulations thatonnecthe purpose of field work and outcomegsegearch with data

analysis and real estimatef field-based effort can help maximize the effectiveness of

projects givedimited funding. We see an exciting future blending simulation with robust

field designiteaddress a range of ecological fieldwork purposes.
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Figure 1. The.overarching structure of the simulation, with specific componentstae

the mallee case studgcological variables are parameterised growth models of the target
species, detection times for individual plants, and each species’ probabditgupying each

site. Field conditions include the number of sites to visit, the number of indivigerals

species to collect, and fixed parameters describing how long field days are, and travel and set
up times associated with fieldwork. Ecological variables #eld conditions inform theada
collection process, which simulates how much data is collected basspecified constraint
scenarios. Data’analysis takes many datasets collected over multiple scenarios to analyse and

test modelperfermance under different constraint scenarios.

Figure 2. The data collection process generates multiple datasetsraanysfeldtrip
scenarios. Individual heights are randomly drawn based on mean heights through time

generated from modeled heights based on ‘true’ growth parameters.

Figure 3. Sample size influences parameter estimates. Bias, uncertainty and capture rate for

the three estimated growth parameters, as a function of the number of individeaiedoll
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across all species. Individual small black points are the outcome of each of the 20 replicate
fieldtrips averaged across all species, with the larger black dot the average across replicate

fieldtrips, the black lines represent 95% confidence intervals across each replicate field trip.

Figure 4=Thearrangement and timeaikble in a chronosequence field design affect model
parameter estimates. Bias, uncertainty and capture rate for the three estimated growth
parameters, as a function of the type of tsmecefire sites visited. Individual small black
points aregthe outcoe of each of the 20 replicate fieldtrips averaged across all species, with
the larger black dot the average across replicate fieldtrips, the black lines represent 95%

credible intervals across each replicate field trip.

Figure 5. Parameter estimatiorrfjoemance under different scenarios, each tested over
different lengths of fieldtrip and averaged oaélrspecies (se@ppendix S1Fig S2for

results displayed over all weeks). Each of the three parameters is compared across bias,
uncertainty,and capturate. The black lines are baseline naive datasets, which do not include
travel and measurement times or species detection and occupancy, dark grey lines are the
scenario whete.only travel time is included, light grey is scenario where travel time and
measirement times are included, and blue is the fudlige scenario which includes all time
costs as well.as occupancy and detection of species.

Figure 6. The number of individual plants collected for each scenario, and the number of
species found for eadtenario. Black is naive baseline, dark grey is travel, light grey is
measurement and travel, blue is the Mi#lllee scenario. All scenarios except khellee

(blue) find at least one individual of all species under all fieldtrip lengths.
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