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Bayesian adaptive design for citizen science data
collection: Exploring tensions between data and design
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1 Abstract

1. Bayesian adaptive design can be applied in spatial settings where future survey locations
need to be selected based on already available data. An important use case of adaptive
design is the recommendation of locations for opportunistic, citizen science collection of
species observation data, where some areas are already overrepresented and others are

severely undersampled.

2. This work conducts an extensive comparative study of adaptive Bayesian design
approaches, specifically for recommending survey locations for citizen science data
collection. We explore compromises between design-based, model-based, and
exchange-based approaches in order to better understand the statistical implications of

using adaptive design for citizen science projects.

3. To evaluate the adaptive design approaches effectively, we work in a simulated

environment, allowing us to compare the performance between fourteen different design
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strategies. For each method, we vary design size and the initial data conditions, and in a
separate analysis show the effect of weighting the site recommendations by varying degrees
of citizen scientist preference. Additionally, we conduct a sensitivity experiment on the
approximation used to integrate out the uncertainty associated with the future data

collection.

4. Our results highlight the tension between the data and the design methodology: We
show that the model- and exchange-based approaches perform better when more prior data
is available, particularly when estimation or prediction accuracy is preferred. In contrast,
design-based methods are more stable when prior information is limited. However, it
remains a challenge to balance all design priorities and data scenarios in a single approach.
Additionally, we show that including citizen scientist preference in the utility function can
impact the design in surprising ways. These outcomes are not uniform and depend on the
method used to optimize the design, the metric of interest for optimization, as well as the
amount of prior data and the desired size of the future survey. Taken together, our results
show that effective survey design must be carefully matched to both the available baseline

information and the study objectives.

Keywords

bayesian adaptive design, adaptive sampling, spatial design, opportunistic data collection,

citizen science, biodiversity monitoring, species distribution modelling
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2 Introduction

Traditional surveys for estimating species distributions are designed and carried out
according to an imposed structure, ensuring that a statistical model can be fit without bias
in the parameter estimation. However, unstructured citizen science data has become a
useful and alternative source of species observation data |Zipkin et al., |2021]. For example,
citizen science presence-only (PO) data has been shown to be a valuable supplement to
presence-absence (PA) survey data [Dorazio, 2014, |[Koshkina et al., 2017, Simmonds et al.,
2020] when both data sources are combined in an integrated model. Though such citizen
science data is ubiquitous and has demonstrated benefit for ecological modelling, it exhibits
highly opportunistic data collection patterns [Johnston et al., 2023]. Tt is therefore
desirable to direct citizen scientists to locations that maximize information complementary

to the data already collected.

To recommend locations, the framework of Bayesian adaptive design can be applied to
survey design for species monitoring. Generally, Bayesian design is used to find a
configuration of design points that optimize a utility or loss function of interest. Adaptive
design can be considered a useful extension when previously collected data is available
[Mateu and Muller, 2013]. In the species monitoring setting, this is framed as the
construction of a survey conditioned on data previously collected at a limited set of
locations. The design itself is characterized by the number of sites to visit, the locations of
the sites, and the number of visits to make at each site |[Reich, 2020]. However, there is a
limited body of research and no standard guidance regarding design strategies for citizen
scientists—Bayesian, adaptive, or otherwise. Based on the few works that do consider

survey design, there appears to be substantial advantages to including adaptive design
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methodology in citizen science data collection. (Callaghan et al.| [2019] use statistical
leverage to assign a marginal value to each sampling event, in order to predict leverage
values for future sampling events, and they highlight the importance of sampling both
hotspots and unsampled areas, depending on desired design resolution. |Mondain-Monval
et al.|[2024] compare six design- and model-based approaches for adaptive design. They
target uncertainty and rare species in their designs and consider varying levels of citizen
science uptake of the recommended locations. They find that even a small proportion of
adaptively sampled data improved species distribution model performance. |Flint et al.
[2024], using citizen science roadkill as a case study, study the utility of additional
sampling by comparing relative intensities between models with and without predictions
made at an additional design point. Importantly, they incorporate organizational value and
financial cost of additional sampling into their utility function. They highlight that their
framework can avoid resource waste and select high-utility locations that are particularly
valuable for future sampling. While these works provide excellent practical approaches to
the design of adaptive surveys for citizen scientists and consider many factors important for
citizen science surveying, they do not, however, embed their methods within the broader
framework of Bayesian design. Furthermore, they do not offer multifaceted comparisons of
algorithms for adaptive design, nor do they provide a general framework for including

citizen scientist preference in the design optimization.

Beyond citizen scientist data collection, there are a few other notable ecological
applications of Bayesian adaptive design. [Williams et al. [2018] use the Bayesian adaptive
design framework for creating designs that measure dynamic populations. In their work,

future data is simulated from the posterior predictive distribution of prior data, in order to
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minimize abundance uncertainty and determine the optimal next site to visit. Similarly,
Leach et al.| [2022] formalize the recursive nature of Bayesian adaptive design for ecological
applications, specifically when using the Prior-Proposal Recursive Bayes approach of
Hooten et al.|[2021]. Thilan et al.|[2023] and Thilan et al.| [2024] evaluate the Bayesian
adaptive design framework in its use for tracking changes and trends in ecological
monitoring, using a Laplace approximation to estimate the posterior distribution and
assess the change in information when adding new sites to the already collected data with

Kullback-Leibler (KL) divergence.

When planning and managing citizen science projects, not only are the statistical
properties of the design important, it is also essential to consider citizen scientist
behaviour. (Callaghan et al.| [2023] study the extent to which citizen scientists are willing to
follow such adaptive sampling schemes and show that ”behavioural nudges” do in fact
incentivize citizen scientist to survey recommended locations. [Pocock et al.|[2023] study
the effect of different types of citizen scientist recorder behaviour on the estimates of
species trend and occupancy across different butterfly species in the UK. August et al.
[2020] characterize the behaviour of citizen scientists using a variety of derived metrics
based on aspects of the data collection in space, time, and content. These scores are then
clustered and the principal components analysed in order to describe the behaviour via
continuous axes. In addition, Callaghan and Gawlik [2015] compare estimates of species
abundance derived from eBird data and from structured survey data, finding citizen science
surveys can be used as an effective substitute for the structured surveys. |Callaghan et al.
[2022| focus on sampling effort, highlighting the relationship between the amount of

collected citizen science data, sample completeness, and species diversity. | Thompson et al.
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[2023] survey participants of a citizen science project and find that some people may be
willing to change their surveying behaviour if they knew the change would lead to data
more valuable for the project. However, while the works mentioned here do address citizen
scientist behaviour and the impact of citizen science data collection on downstream
modelling outcomes, they do not fully address the statistical issues related to adaptive
design for citizen scientists. Henrys et al.|[2024] review at a broad level the issues with
creating adaptive designs for citizen scientists, suggesting that clearer guidance regarding
the statistical methodology and additional examples of its application are required for the

uptake of adaptive design methodology.

The literature described above indicates that there are certainly advantages of using the
framework of Bayesian adaptive design to recommend site locations for citizen science data
collection. It is also evident that while there are a number of potential approaches for
Bayesian adaptive designs for citizen scientists, the advantages, disadvantages, and
practicalities of implementing Bayesian design algorithms are not well-studied. This leaves
us with the question as to what works best for citizen science applications, what
refinements are needed in the Bayesian design framework, and how can we include the
most information from both a statistical perspective and a practical one when generating
designs and recommending potential survey locations that can be provided either directly
to an interested citizen scientist or via an organization tasked with developing a citizen
science survey project. Building on the adaptive design work of (Callaghan et al.| [2019],
Flint et al.| [2024], and [Mondain-Monval et al.| [2024], and considering the gaps in the
literature discussed by Henrys et al|[2024], in this study we explore the associated

statistical advantages and complications that come with using Bayesian adaptive design for
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citizen science applications. We expand specifically upon Mondain-Monval et al.| [2024] by
conducting a more extensive comparison of design- and model-based methods, as well as
the exchange family of algorithms, and we consider the practical challenges of
implementing model-based and exchanged-based approaches in a Bayesian design
framework. An additional novel contribution of our work is to show the effect of
considering citizen scientist accessibility or preference on the utility functions used with the
design optimization. Importantly, we also perform a sensitivity analysis on the effect of
drawing future data from the posterior predictive distribution of the model fit to the initial
observations, a necessary step in Bayesian adaptive design but one that is rarely assessed.
Finally, to conclude our comparative study, we provide a list of five high-level
recommendations for the adaptive design of citizen science surveys. These
recommendations take into account the the compromise between the computation efficiency
of design-based approaches and the flexible optimization of the more computationally
intensive Bayesian model- or exchange based algorithms, as well as the effect of

incorporating citizen scientist preference in the optimization of the designs themselves.

By putting these aspects of design and citizen science data collection together in a single
work, we seek to make Bayesian adaptive design more transparent and accessible to

organizations with interest in designing surveys for citizen scientists.

3 Methods

In the this section we introduce the framework of Bayesian adaptive design and describe

the design approaches we use for creating Bayesian adaptive designs for citizen scientists.
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3.1 Citizen science data

We refer to a PO (presence-only) dataset as a set of points yo = {s1, S2, ..., S, } collected in
region D, with n total observations in the dataset. The region D is divided into ¢ cells of
equal area |A;| = |D|/c, where A; refers to each cell or site. Following Mondain-Monval

et al.| [2024] we use a virtual ecologist approach [Zurell et al., [2010] to study the effect of
different adaptive design methodologies on citizen science data collection and species
distribution model (SDM) estimation. We use the entire domain of the country of Belgium
as a case-study for survey design, simulating species observations via covariates derived
from remote-sensing data within the country. We briefly summarize the initial data
generation workflow as follows. The data generation and model estimation details are more

fully described in the Supplementary material.

1. We use a Log-Gaussian Cox Process (LGCP) as the true data-generating SDM. This
data-generating model is used to generate the initial dataset yq, which we treat as
the initial, fixed set of citizen science observations. In practice, the yo dataset will be

the previously collected data upon which the adaptive design is built.

2. We then fit a working model to the simulated yo data. At this step, we again use the
LGCP, and we induce a misspecification of the bias function in order to mimic
situations where the data generating process is not fully known or model specification

may be difficult.

3. Using the posterior from the working model, we simulate R posterior predictive

datasets, referred to as yg"). These R datasets represent possible future data

outcomes and are used within the Bayesian design framework to approximate the
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expectation of the utility function.

In practical applications of Bayesian design, it will be necessary to use the posterior
resulting from yo to generate the y; datasets, and the working procedure that we use here

reflects that reality. This is explained in more detail in the next section.

3.2 Bayesian adaptive design

The purpose of Bayesian adaptive design is to find the configuration of design points d*
within region D that maximizes the expected utility or minimizes the expected loss taken
over the joint distribution p(@,y1|ye,d) of parameters 6 and future data y;, conditional on
the prior data yo. In this work we primarily refer to maximization of the expected utility
function E[U(d)]|yo]:

d* = argmaxcp BV (d)[yo. (1)

The Bayesian adaptive design framework accounts for the uncertainty associated with both
future data collection and parameter estimation associated with the joint distribution.
However, a primary challenge is the approximation of the expectation of the utility for

every proposed design. The expected utility is defined as

E[U(d)lyo] = / / u(y1. 8, d)p(8lys, yo. d)p(yalyo, d)dbdy: @)

where p(0|y1,yo,d) is the posterior of model parameters, and p(y1|yo,d) is the posterior
predictive distribution (PPD) induced by the historical data yq, where

p(y1lyo,d) = [, p(y1|0,d)p(8]yo)d6. This distinguishes adaptive design from non-adaptive
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design where the prior predictive distribution p(y|d) = [, p(y|@,d)p(0)d6 is used instead,
with no distinction between y; and yq because there is no historical data. The use of
recursive posterior predictive distributions in ecology for the integration over the utility is

further discussed in Williams et al.| [2018] and Leach et al.| [2022].

To approximate the expected utility, it is common to use Monte Carlo integration:

~ =3 u(e®, 54 d). (3)

As it is necessary to draw R datasets and fit R posteriors to approximate the expected
utility for each proposed design, this step is the bottleneck of Bayesian design. This
problem is exacerbated when using an iterative search algorithm such as exchange
algorithm [Royle, 2002]. And, due to the necessity of fitting multiple posteriors for every
update of the design, approximating the posterior with a faster approach such as that of
the Laplace approximation does not necessary alleviate the core computational issues. This

bottleneck will motivate the design strategies discussed below.

3.3 Design strategies

We now describe the design strategies compared in this work. We use three general
approaches: Design-based, model-based, and exchange-based. Design-based strategies are
also referred to as empirical in [Henrys et al. [2024], meaning designs are developed based
only on observed properties of the available data or design region. This includes, for

example, the classic space-filling approach. Model-based designs involve algorithmic

10
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optimization of a model-dependent quantity obtained after a statistical model is fit to the
available data. Exchange-based designs use an exchange algorithm or one of its variants to
optimize the design locations iteratively. Though the designs generated via exchange
algorithm inherently use a model to optimize the utility or loss function, we make a
distinction between these and the "model-based designs” in order to distinguish between
designs that perform an iterative search and model-based methods that optimize via a
greedy rank-based selection after a single iteration of model-fitting. All the approaches are
summarized in Table [} and more elaborate descriptions are provided in the Supplementary
material. In this work, whenever we refer to a model or the resulting posterior, we use a
LGCP and its estimation of the latent intensity of the point process. This model is fit
using the INLA and SPDE method [Rue et al, 2009, [Lindgren et al., 2011] and the inlabru
package [Bachl et al., [2019]. All further details regarding implementation are described in

the Supplementary materials.
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Design-based

Table 1: Design strategies considered in the simulation study, separated by design-based,
model-based, and exchange-based. Full algorithmic details are provided in the Supplement.

Random + space-

filling
Unsampled re-
gions
Stratified  sam-
pling

Randomly select m sites subject to a minimum inter-site dis-
tance of 5 km.

Randomly select m sites from locations with the fewest existing
observations.

Randomly select m sites, stratified between sampled and un-
sampled regions.

Model-based

Maximum predic-
tive variance

Weighted predic-
tive variance

Rejection  sam-

pling

Additive KL

LOO KL

Weighted LOO

Utility emulation

(GP)

Select the m sites with the largest posterior predictive variance
under the model fit to ngr), targeting sites of high potential
uncertainty [Mondain-Monval et al., [2024].
Weight predictive variance by the inverse number of samples
in each site, balancing the selection of uncertain locations with
poorly sampled locations [Mondain-Monval et al., [2024]
Randomly propose sites and accept with probability propor-
tional to scaled predicted intensity, including threshold to con-
trol concentration in high-intensity areas [Liu and Vanhatalo,
2020).
For each candidate site, augment yo with site-specific observa-
tions from ygr) and rank sites by the KL divergence between
updated and baseline posteriors.

~(r

For each candidate site, start with the full Y1) dataset and
remove site-specific observations and rank sites by the KL di-
vergence between the full-data and leave-one-out posteriors.
Apply an intensity-based weight during the LOO optimization
to favor lower-intensity regions.

Use a Gaussian process emulator of the utility surface to identify
sites with high predicted utility |Overstall and Woods, [2017].
We use both an Additive and LOO version of this approach.

Exchange-based

Exchange  algo-
rithm
Approximate
Coordinate  Ex-

change (ACE)

Iteratively replace selected sites with nearby candidates when-
ever utility improves [Royle, [2002].

Construct the design using the Gaussian emulation of the util-
ity surface and improve on this initial configuration with ACE
stochastic updates [Overstall and Woods, 2017, [Buchhorn et al.,
2024b|. We implement both LOO and Additive versions.

12
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3.4 Citizen scientist preference

We also evaluate the effect of weighting the site selection by citizen science preference. To
weight the utility, we use the function U(d) = aP(d) + (1 — a)U(d), where a balances the
unweighted utility and a preference function. We use two different features as a proxy for
preference: the distance of each site from the nearest primary road in Belgium and the
distance from the user’s current location. To smooth the preference scores we use a

Gaussian decay function to transform raw distances d(s) from a given feature of interest:

P(d) = exp (—dQ(j);), where v is the median of the distances. Both utilities and preference
scores are standardized before combination. Other useful metrics of accessibility and
preference are possible, such as classifying different types of landcover as more preferable to

others, the cost of each visit for the user, the personal user collection history, or the desired

sampling duration.

3.5 Evaluation strategy

To evaluate the optimized designs, we again use the virtual ecologist approach to mimic
the situation in which additional data is collected in the real world. However, the
evaluation differs from the design optimization procedure in that we use the known fixed
effect parameters, as well as a new realization of the spatial field, to generate uncollected
y1 data. Then, using the selected sites of each design d resulting from the respective design
optimization approach, data from y; is collected and the working model fit to the updated
dataset, (yo,¥1,a). This is repeated for 50 simulations to account for uncertainty in the

collection of y;. To compare each design approach we use four metrics: Mean Absolute

13
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Error (MAE) of the predicted intensity, predictive variance averaged over all sites, Root
Mean Square Error (RMSE) over all fixed effect parameter estimates, and the posterior
standard deviation (SD) over all fixed effect parameters. These metrics balance predictive
power and model uncertainty, giving a relatively broad assessment of performance of the
design methodology. We provide additional information regarding the evaluation process in

the Supplemental material.

4 Evaluation of design methodology

4.1 Comparisons of strategies

We now conduct a comparative analysis of the design methodologies described above. We
evaluate the designs in conditions when the underlying data generating process leads to
both sparse and abundant yo data, and we compare designs of size m € {5, 10, 20, 30, 50}.
Figure [1| shows the full comparison over strategies, methods, and survey sizes. Figure
summarizes the boxplot spread per method, and Figure |3 ranks the performance of each

method over all metrics.
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Design methodology performance
Comparison over 50 simulation runs
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Figure 1: Comparison over methods, metrics, and design survey size. The boxplots show the distribution
of performance over 50 simulations of y; data collection. Method type is shown on the right y axis; metric
type is shown on the top x axis; design size is shown on the left y axis; scores are shown on the bottom x
axis. The method types are organized by design-based first, then model-based, then exchange-based. The
sparse (high thinning, 79 = —4) and abundant (moderate thinning, 79 = —2) data collection settings are
shown within each plot in green and yellow respectively.

15



257

259

260

261

262

263

264

265

267

268

269

270

271

272

273

274

276

277

Figure [I] makes a few design behaviours clear. Across all methods, the performance trends
differ quite dramatically between the two levels of thinning, i.e., the richness of available yq
data. As described in the Supplementary material, to generate yo we thin the data
generating process using respective intercepts of v = —2 (moderate thinning) and 7y = —4
(high thinning), in combination with a road-distance covariate used as a proxy for sampling
bias, with the thinning probability parameterized via a logit link function. This
construction mirrors collection scenarios with differing degrees of baseline sampling
probability for the citizen scientist, and, from the perspective of the design optimization,
changes the information available in the starting conditions for the design methods.
Consequently, the initial data conditions can lead to very different outcomes when
comparing the design-based approaches to the model- and exchange-based approaches.
When data is plentiful (thinning= —2), as is often the case with opportunistic data in the
big-data paradigm, all approaches improve in metric performance. But the variability
between the simulation runs does not necessarily stabilize when more data is available.
When considering the spread of the boxplots (the variability of performance across the 50
simulations), as more clearly visualized in Figure , the design-based methods often exhibit
a narrower range of behaviour in the thinning= —2 setting than in the —4 setting. And the
design-based methods are much less variable across the simulations when compared to the
Additive family (Additive, GP-Additive, and ACE-Additive), especially in the

thinning= —4 setting. The LOO family shows less spread than the Additive family in

general, but it depends on the method and metric.
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Variability of performance per design method
Distance from whisker to whisker; averaged over design size
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Figure 2: Variability of performance shown in Figure |1 per design method. Bar heights represent the total
whisker span, calculated as the distance between Q1 — 1.5 X IQR and Q3 + 1.5 x IQR. The distances are
averaged over all design sizes (m) for each metric and method. The thinning conditions are shown for each
method.

Figure [1] also shows that the Rejection method and the LOO and Additive families improve
in performance of intensity MAE and parameter RMSE as the size of the design increases,
primarily in the abundant thinning= —2 data setting. There are also some improvements
as design size increases in certain thinning= —4 scenarios (e.g., the predictive variance of
GP-LOO and ACE-LOO, and the parameter SD of the entire LOO family). It can also be
seen in Figure [1| that as the design size increases, the median parameter SD and predictive
variance both trend lower in the thinning=—4 setting, but trend higher when
thinning=—2. This is likely due to conflict between the prior yo data and the imperfectly
simulated y; datasets during the design optimization in the thinning=—2 setting. We will

address this further issue in the discussion.
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The overall performance of each method is further highlighted in Figure [3|, where the
methods are ranked by the total number of ”wins”, i.e., the best performance per metric
and per simulation of ¥, data collection. In terms of MAE and Parameter RMSE (for
thinning= —2), LOO and GP-LOO outperform the other approaches. All three
design-based approaches (Random, Unsampled, and Stratified) dominate in terms of
parameter SD and predictive variance. Then, in the sparse (thinning= —4) setting, we see
a very different ranking. ACE-LOO, Additive, Weighted LOO, GP-Additive are all top
performers, each with somewhat different performance profiles. Interestingly, the
ACE-LOO performance is composed of parameter SD, RMSE, and predictive variance,
suggesting that it may offer the most balanced performance under sparse-data conditions.
We see that the Additive family performs well in terms of MAE in the sparse setting, but
these methods have very large boxplot spread (Figure . However, the strong thinning
effect leads to a low-density intensity surface and a compressed error scale, and we
therefore don’t observe much absolute MAE difference between the methods (see the

Intensity MAE column in Figure [1| for thinning= —4).
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Figure 3: Cumulative performance ranking of design methods, per metric wins. Method order is set by
the ranking in the moderate thinning setting. Each bar represents the frequency with which a method
achieved the best (lowest) performance for a specific metric per each simulation runs and design size (m).
The stacked segments illustrate the contribution of four performance dimensions: Intensity MAE, parameter
RMSE, predictive variance, and average parameter SD. Higher total bar heights indicate design methods
that consistently outperformed competitors across the evaluation criteria.

Finally, in the Supplementary material we include an evaluation of the sensitivity of the
design methods to the number of PPD samples used in the approximation of the expected
utility. The methods tested there showed robustness to the number of PPD samples used,

and between 8-16 samples for most methods was sufficient.

4.2 Citizen science preference

We next repeat the analysis, now weighting the utilities by citizen science preference. In
these runs we use only the thinning= —2 environment, and we include only a subset of the

methods from the previous analysis: the Additive and LOO families, as well as the
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predictive and weighted predictive variance approach. We do not include the design-based

approaches because they do not use a utility function to select sites.

The primary takeaway is that the strength of observer preference or convenience can
introduce unexpected bias. We can see this when weighting heavily towards the user’s
preference (high «), where there is a distinct difference between weighting for distance from
current location and weighting for proximity from primary roads. Given Belgium’s dense
road network, surveyors are never far from main roads at the 10 km resolution we use in
our study, and therefore weighting heavily towards road accessibility maintains some
space-filling properties of the design. This means that even when heavily weighting towards
roads, there is often not a dramatic change in performance of the method. Weighting by
location behaves otherwise. As the user’s location we use the city of Ghent, an area in
which the covariates are homogeneous and the intensity for the simulated process is
relatively low, compared to the hot spots in the Southeast of the country. Therefore, when
weighting heavily (a = 0.8) for location, we observe an increase in MAE, because the
model is receiving less information from y; about high intensity areas. Conversely, other
metrics exhibit inconsistent, method-dependent responses to intense preference weighting.
For example, LOO and Additive both exhibit decreases in parameter SD and predictive
variance when o = 0.8, relative to the other a levels; and the parameter RMSE doesn’t
dramatically change, indicating that by including the lower-intensity areas in the design,
the model uncertainty has been reduced. In contrast, GP-LOO and GP-additive show
increases in parameter RMSE for both distance and roads preference weighting at o = 0.8.
Furthermore, we don’t see large changes in the predictive variance methods because the

weighted utilities still strongly favor the border regions of the domain.
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Figure 4: Comparison over methods, metrics, citizen science preference weighting. We only include runs for
thinning= —2. The boxplots show the distribution of performance over 50 simulations of y; data collection.
Method type is shown on the right y axis; metric type is shown on the top x axis; preference weight («) is
shown on the left y axis; scores are shown on the bottom x axis. The method types are listed by model-based
first and then exchange-based. User distance from Ghent (label: Distance) and distance from primary roads
(label: Roads) used within the weighting function are shown in blue and orange respectively.
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As in the analysis without preference weighting, the best method will depend on the
optimization goal. Figure [5[ shows the ranks of the methods by metric wins. ACE-LOO
generally outperforms the other approaches, now in terms of MAE and parameter RMSE.
GP-Additive and the Predictive Variance methods outperform the others in terms of
parameter SD and predictive variance (which were previously led by the design-based
approaches in the unweighted analysis). But because an increase in one metric can lead to
a decrease in another, for a real-world application it is important to consider the costs and
benefits associated with weighting in the context of the specific design method being used.
The core message is then that weighting by preference can have a counterbalancing effect
to the purely statistical optimization: Weighting can reduce uncertainty in the model or
introduce overconfidence, at the same time driving a directional shift in estimation and

prediction accuracy depending on the preferred location and the strength of the weights.
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Figure 5: Cumulative performance ranking of design methods, per metric wins. Method order is set by
the ranking in the distance from location (Distance) weighting setting. FEach bar represents the frequency
with which a method achieved the best (lowest) performance per metric across all simulation runs and all
«a weights. The stacked segments illustrate the contribution of the four performance dimensions: Intensity
MAE, parameter RMSE, predictive variance, and average parameter SD. Higher total bar heights indicate
design methods that consistently outperformed competitors across the evaluation criteria.

5 Discussion

We have performed a comprehensive evaluation and methodological benchmark of Bayesian
adaptive design when applied to ecological data collection. We focused specifically on
approaches for opportunistic data collection and the associated technical issues when
developing adaptive designs. While we have focused on presence-only citizen science data,
the framework we use is very flexible and can be applied to many other types of ecological
and environmental data collection. Such data includes presence-absence or

detection-nondetection data, capture-recapture data, animal movement data, phenology
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data, or continuous data for environmental gradients such as air pollution or water
monitoring networks. The issues we consider (design-based vs model-based, sample size,
density of prior data, sensitivity of the expected utility approximation, weighting by
preference) are general issues anywhere in adaptive sampling of ecological, environmental,
and spatial data. We hope that this work encourages further statistical applications for site
selection and Bayesian survey design. However, while the evaluation we have performed is
extensive, there still remain quite a number of interesting avenues of research as well as a
number of limitations to our work. We first offer five high-level key takeaways from this

article and then address the limitations.

Takeaway 1: Amount of prior data. The design approach and the amount of data that
has already been collected cannot be disentangled. Though this may appear obvious, it has
broad implications for adaptive design. In situations where detection is low or the presence
of species is rare, design-based methods can be considered generally safer but less optimal
overall. In situations when strong prior knowledge regarding the species can be
incorporated into the design, i.e., when previously collected data is abundant, there is more
to be gained by using an model-based or algorithmic approach, though at some risk of

variability of performance.

Takeaway 2: Metric of optimization. Project and design decisions are completely
conditional on the quantity used for optimization. The more focused the design algorithm
is on optimizing a specific quantity, the better it will perform when evaluated in terms of
that quantity, at the risk of becoming overly specialized. From this perspective, the exact
design method or algorithm is less important than the metric of optimization and

evaluation, and the selection of these must match the goals of the project and the species
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and region of interest.

Takeaway 3: LOO for performance, design-based for stability. We observed the
LOO-family to be consistently well-performing across the evaluation dimensions, and the
design-based methods to be generally more consistent across all experimental conditions
(prior data availability, design size, and metric). Though we don’t endorse the LOO-family
as the "best strategy”, these methods appear able to balance the tensions between the data
and optimization process, even when weighting for citizen science preference. If the project
scope is well defined statistically, then the extra computational effort appears worthwhile.
Additionally, our results reinforce the idea often found in design literature that bespoke

hybrid approaches are the most likely to fill specific organizational needs.

Takeaway 4: The computational bottleneck. The computational bottleneck of
Bayesian design should not be intimidating and in fact we observed good stability of the
approximation of the expected utility. We find the main complication of model-based
design to be the development of the working model, as this will be used to simulate the
future y; datasets and must match the data generating process of yq. If the model
specification poorly matches the data generating process of yg, it will likely lead to even

worse conflicts between the two datasets than we observed during our experiments.

Takeaway 5: Preference weighting: If taking citizen science preference into account,
consider what sort of unintended consequences this might have for the quantity of
optimization and how this will interact with the design method of choice. For example, we
observed that heavy preference weighting can have a regularizing effect on model
parameters: Reducing parameter SD and predictive variance, while simultaneously

increasing predictive error and parameter RMSE. When selecting design locations that
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fulfill stakeholder requirements or qualitative organizational priorities, there will be implicit
bias built in to the downstream data collection, even if that bias is not necessarily harmful

in terms of model performance.

Having provided the high-level messages we seek to communicate with this work, we next
discuss a few technical limitations. First, though our working model includes spatial
correlation structure, in the model-based design optimization we consider each site
independently, in order to avoid the computational complexity of exchange algorithms that
compare utilities of m-size configurations. As m and the size of the design space increase
(or the resolution of the designs increase), and the complexity of the model increases, there
are few available scalable approaches. The work of (Gray and Evangelou [2023] considers
the site locations jointly, where the authors model the entire sampling design as a random
variable with probability proportional to its utility, incorporating experimenter preference

into the utility.

Moreover, efficient approximations to the expectation of the utility remains the key issue
for Bayesian design. Specifically, efficient approaches to the outer loop bottleneck of the
expected utility are required, such as via the Sequential Monte Carlo approach of
Senarathne et al.| [2020], though the application of their method to ecological survey design
is not straightforward. Other sequential updating approaches, such as that of [Leach et al.
[2022], can also improve efficiency by avoiding the full recomputation of the posterior at

every additional design point.

As mentioned previously, we observed an increase in model uncertainty as the design size
increased in the thinning= —2 environment. This may reflect noise in the yo dataset and

the increasing contribution from yq 4 to to the updated data (yo,y1.4) as the design size
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grows. More generally, simulation of y; is a standard step of Bayesian adaptive design
when the expected utility is approximated by averaging over posterior predictive draws. As
a result, uncertainty in the posterior distribution based on yq propagates into the
simulated y; values and, consequently, into the utility estimates. Care must therefore be
taken to develop a reliable working model, including providing as much relevant prior

information as possible, just as in any other application of Bayesian statistical analysis.

There are additional ecological limitations of our work. While [Mondain-Monval et al.
[2024] considers multiple species in their modelling, we use a single simulated species here
for the purpose of focusing on the design behaviour itself, unconditional on the species of
interest. Tailoring adaptive design approaches to specific species is essential to bring our
work closer to ecological reality, as no method offers a one-size-fits-all solution. The
effective information content of the prior data depends on species ecology, detectability,
spatial structure, and sampling bias inherent to the species. Considering such factors in
real-world data collection—in combination with the tensions between data and design
methodology that we have explored here—remains a required area of study. Moreover,
testing the methods in settings where occupancy probabilities over multiple collection
periods have been estimated is essential, in order to be able to compare the design

performance to baseline ecological knowledge.

Finally, to incorporate Bayesian adaptive design into real-world site selection and sampling
projects, the design approaches need to be considered under the full scope of organizational
and stakeholder objectives. In this paper we have focused primarily on the statistical
aspects of the designs, but we welcome any future collaboration that works towards

embedding Bayesian design methods within citizen science projects. We hope to achieve
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the goal of real-time design described by |Callaghan et al|[2021]: "If there are further
developments of semi-automated or automated pipelines to interact with citizen scientists
in near real time then the collective effort of citizen scientists will be able to reduce
redundancies and gaps in the data collected.” Integrating the lessons from our work into
the Routine-Opportunistic Adaptive Monitoring framework of |Pollock et al. [2026] appears
to be a clear path forward. Bayesian adaptive design naturally fills the role of their inner
loop of opportunistic burst sampling, and potentially can directly communicate with the
long-term objectives of the outer monitoring loop. From this perspective, Bayesian
adaptive design has the potential to support rapid biodiversity monitoring and
environmental assessment under climate and anthropogenic change, while contributing to a

more unified ecological framework that balances both statistical ecological priorities.
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Supplementary Material

S1 Virtual environment and data simulation

Study region

To evaluate the adaptive design framework, we construct a virtual environment using the
geographic extent of Belgium as a case-study. The study domain D was defined using
official Belgian administrative boundaries (Lambert 72 projection, EPSG:3137). To ensure
a clean simulation window, we processed the national border by removing small slivers or
internal exclaves within the Netherlands and Germany, as well as applying a small concave
hull adjustment to smooth boundary irregularities. We also scaled the coordinate system
from meters to kilometers to improve the numerical stability of the LGCP parameter
estimation. The continuous region D was discretized into a regular grid of ¢ cells, with a
user-defined resolution (10 km in the experiments shown in the paper). Each cell is referred
to as site A;. This grid serves as the basis for covariate aggregation and the subsequent

intensity surface calculation.

Covariate processing

We incorporated four primary environmental drivers to represent the true process

underlying species distribution and sampling bias:

e Vegetation: We used the Enhanced Vegetation Index (EVI) MODIS product
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(MCD12Q2 Version 6.1).

e Topography: Elevation data was obtained from the NASADEM Digital Elevation

Model.

e Land cover: Categorical land cover data (CORINE Land Cover 2018) was processed
to calculate the fractional cover of specific classes within each grid cell. We use
fractional covariates of the classes 72 - Discontinuous urban fabric”, 712 -
Non-irrigated arable land”, and 724 - Coniferous forest”. For the purpose of our
simulation study these classes serve as representative proxies for the primary

environmental and anthropogenic drivers of species intensity within the study region.

e Accessibility features: To simulate accessibility bias, we calculated the Euclidean
distance from the centroid of each grid cell to the nearest primary highway. The
highway data was obtained from the Topl0Vector (v7.0, 2023) dataset maintained by

the National Geographic Institute of Belgium.

All covariates were standardized prior to simulation.

Point process simulation

The true latent species distribution is represented by a log-intensity surface log(A(s)). This
data generating model is defined as a linear combination of environmental fixed effects and

a latent spatial random field:

log(A(s)) = Bo + Z B Xr(s) + w(s) (S1)

k=1
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where [ are the true regression parameters for the k-th environmental covariate Xj. w(s)
is a Gaussian Random Field (GRF) with Matérn covariance structure simulated via the
package gstat. The GRF represents latent environmental drivers or inherent properties of
the population process that influence species distribution beyond the remote-sensing
covariates. The Matérn covariance was configured with smoothness parameter v = 1,

variance o2 = 0.5, and spatial decay parameter ¢ = 5 km.

The resulting intensity surface was then sampled to produce the set of points

Yo = {s1, S2, ..., S }, representing the observed historical data upon which the adaptive
sampling designs are optimized. The generation of yq follows a two-step process. First, a
realization of the Log-Gaussian Cox Process (LGCP) is generated based on the latent
intensity A(s): yinit ~ Poisson Process(A(s)) using the spatstat package. Next, the
probability that a true individual at location s is observed, with probability p(s;), is
constructed via a logit link function using bias-inducing covariates (e.g., proximity to
roads): logit(p(s;)) = vo + Z;‘le v;B;(s) where B;(s) represents the j-th bias covariate and
7; is its associated effect. Each raw point is subjected to a Bernoulli trial with probability
p(s;). Points that fail the trial are discarded (thinned), resulting in the final observed
dataset yo. This two-stage data generation procedure decouples the biological process
(fixed effects Bs) from the sampling process (bias effects 7) in the data generating
procedure. In this work we use the distance from primary highways in Belgium as the bias
covariate, in addition to an intercept, meaning that as the distance increases, the
probability of observation decreases when the parameter associated with the covariate is
negative. In our simulations we use two different starting conditions for the bias: 7y = —2

and 79 = —4. The —4 setting generates a much higher rate of thinning ("high” thinning in
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the main text), i.e., an overall lower baseline probability of making a positive observation.
This could be attributed to a number of reasons: For example, a difficult to detect species,
a rare species, or a species of less interest to volunteer observers. We include a map of this
thinning probability in Supplemental figure and the realizations of the data generating

process in Supplemental figure

Sampling (bias) probability

44.5110°N -

Field Value

44.5105°N -

0.15

44.5100°N -

44.5095°N -

3.7740°W 37735°W 37730W 3.7725'W 37720W 37715°W 377i0°W

Figure S1: Probability of making a positive observation of the simulated species within Belgium, vo = —2,
based on the parameterized thinning process using the logit link. The overall probability is relatively low
which reflects the inherent sparsity and incomplete coverage that is characteristic of opportunistic datasets.

S2 Modelling

To estimate the species distribution and recover the environmental parameters and latent
spatial field, we apply the LGCP model of Supplemental equation However, in the
working model the probability of observation is parameterized via a log-linear relationship,
intentionally introducing a source of misspecification. We fit the model using the INLA

(Integrated Nested Laplace Approximation) and Stochastic Partial Differential Equation
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Figure S2: Simulated yo PO datasets in Belgium resulting from data generating process, after thinning has
been performed using the parameterized thinning link. The black points represent locations at which an
opportunistic observation has been collected. (a) shows the data from which fewer points have been thinned
(70 = —2 or "moderate” thinning), and (b) shows the data where the thinning effect is much stronger
(70 = —4 or "high” thinning).

(SPDE) approach [Rue et al., 2009, Lindgren et al., 2011]. For the Matérn covariance, we
use Penalized Complexity (PC) priors [Simpson et al., |2017]: Spatial range:

P(p <5 km) = 0.01. Marginal standard deviation: P(o > 0.5) = 0.01. The data
generating model uses the gstat range ¢, which is related to the SPDE range by

p = ¢ -+/8v |Lindgren et al., 2011]. The choice of range, ¢ = 5, implies a source of
misspecification between the data generating and working models. Because we work with
aggregated 10 km resolution data, the recovery of fine-scale variation is limited, a common
issue in ecological modelling. We induce this misspecification to mimic real-world data

collection and modelling scenarios.

Inference was performed using the Laplace approximation strategy of INLA. We use the
inlabru package for model fitting. Because the adaptive design requires fitting models

iteratively or in parallel across many posterior predictive datasets, we optimized the

42



716

717

718

719

720

721

722

723

724

725

726

727

728

729

730

731

732

733

computation in the following ways: Integration strategy: We used the Empirical Bayes
integration strategy to reduce computational overhead. Priors: The intercept was given a
Gaussian prior with a mean of -3 and a precision of 1, reflecting our prior knowledge of the
expected point density across the study area. For iterative model updates, we used the
control.mode option in inlabru to restart the optimization from the previous model’s

configuration.

S3 Utility functions

Within the design optimization, there are a number of interesting utility and loss functions
that can be considered. In this paper we use two general types: Kullback-Leibler (KL)
divergence and predictive variance, though we compare weighted variants as well, described
in the design algorithm section in the main text and in the section below. A more
elaborate discussion of utility functions and their properties can be found in |[Ryan et al.
[2016]. Interested readers may consider work such as Overstall and Woods| [2017], |Overstall
et al.[[2018], or Liu and Vanhatalo| [2020] to see additional examples of the utilities used

within Bayesian design.

For a design d, the KL utility function can be written as follows, for example when

comparing posteriors resulting from y; and yo:

0|y yod
wew(y1,d) = Dicr(p(6]y1. yo, )| p(Blyo)) = / p<ery1,yo,d>log{p( | Y1 %0 )}dO.
2]

p(0 | yo)
(S2)

where, in our case, 8 denotes the full set of unknown model quantities including fixed
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regression effects and latent spatial effects. yo may also be conditional on a previous design
do but we do not consider such prior collection structure here. When estimating the
expected utility with MC integration, we must first approximate the posterior of the model
and then the expectation of the utility. If using MCMC to estimate the posterior, this
means we rely on a computationally expensive double approximation. To avoid the inner
expensive approximation, in this work we use the Laplace approximation as implemented
via the INLA software. The advantage of using the Laplace approximation, in addition to
speed, is that when two multivariate normal distributions are compared, KL divergence can

be expressed in the analytic form:

U (Y s s g
w1, ) = 5 |0 () ()5 + O~ 0 (50~ )~ K| (59

This is similar or the same as the design formulation as used in Long et al.|[2013], |Liu and
Vanhatalo [2020], Thilan et al.| [2024], Senarathne et al.| [2023], Buchhorn et al|[2024a] and
Overstall et al.| [201§], all of whom use the normal distribution and normal form of the KL

divergence to approximate the expected loss.

The expectation of the utility over the posterior predictive distribution will be

E[Uxe(d) | yo] = / we(v1,d) p(y1 | yo, d) dyn. (54)

Y1

We also consider predictive variance in our design optimization. For each candidate site,

we compute the expected posterior variance of the intensity, conditional on y; and yo and
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report the average over all sites:

E[Var(A(s:)ly1, o) lyol = / Var(A(s)ly1, yo)p(ylyo)dys. (55)

S4 Design methods

Here we provide more detailed descriptions of the design approaches we use in the paper.

Design-based

e Random + space-filling design: Randomly sample m sites. Then for each site, sample
7 new locations and check if any of these locations satisfy a minimum distance

criteria so that no points are within 5 kilometers of the new site.

e Unsampled regions: Randomly sample m sites from locations with the fewest

observations taken.

e Stratified sampling: Random sample m locations, stratified between sampled and

unsampled regions.

Model-based

e Maximum predictive variance: Based on Supplemental equation [S5] select the m sites
that lead to the largest predictive variance, in order to target locations of high
uncertainty for future sampling. This is a Bayesian version of the the "uncertainty

only” method of Mondain-Monval et al.| [2024]
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e Weighted predictive variance: Weight the predictive variances by the inverse of the

number of samples in the site. This prioritizes sites where there are few samples and
the predictive variance is relatively high. This approach is also used by

Mondain-Monval et al.| [2024].

Rejection sampling design: Sample sites at random and accept these candidates into

the design with probability p. The design is grown until m sites have been added. We

A

m) Pmax allows the tuning of the

use a model-based quantity, p = min(pmax,
design away from solely high-intensity areas. This is based on |[Liu and Vanhatalo

[2020].

Additive design: This method evaluates the marginal information gain of each
candidate site A;, ¢ € 1,...n by iteratively augmenting yo with the observations

s € A; from the predictive dataset y(lr). The model is refit using this augmented
(y¥o0,¥y1.:) dataset, and the KL utility is computed between the original posterior and
the updated posterior. The m sites that result in the highest KL divergence are

selected. This is inspired by [Flint et al. [2024] but adapted for Bayesian design.

Leave-one-out (LOO): A removal-style method based on the predictive data y;. For
each site A;, i € 1,...n, a LOO dataset y(lr_)i is generated from the predictive dataset
y1(™), where the observations s € A; are removed. The KL divergence between the
posterior of the full predictive dataset and the LOO dataset is computed and the m
sites that result in the highest utility are selected. This can be considered as a sort of

Bayesian analogue to the statistical leverage approach of |(Callaghan et al|[2019].

Weighted LOO: As the above method disregards the importance of unsampled sites,

this approach weights the LOO utility towards lower intensity areas. This weight is
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based on the inverse of the predicted intensity with tuning parameter S:
w(s) = (14 A(s))~? for location s. The product of the KL divergence and w(s) is
taken on a site-by-site basis. As (8 increases, the contribution of high-intensity sites is

increasingly penalized.

Utility emulation using Gaussian Process (GP): Based on the first phase of the ACE
algorithm of |Overstall and Woods [2017] and [Buchhorn et al., [2024a], this Bayesian
optimization approach selects the m best sites in terms of utility predicted by a GP
emulator fit to the utility surface. It requires first computing the full utility for a

subset of sites and then fitting the GP to these utilities. The utility itself is flexible,

and here we use both the additive and LOO versions.

Exchange-based

e Exchange algorithm |[Royle, 2002]. For a given design d, exchange each site A; in the

design with each candidate site A} in its local neighborhood. Update the design with
the candidate if the exchange leads to improved utility. Converge if after a full
iteration, no changes are made to the design. Within the exchange we use the

additive version of the KL utility to compare candidate designs.

ACE (Stochastic exchange): We use a stochastic exchange algorithm similar to
Overstall and Woods [2017] and |[Buchhorn et al., 2024a], where the utility surface is
estimated using a Gaussian process and the design is then created by selecting the
sites that best maximize the estimated utility. From this design the points are then
exchanged and accepted with probability p as in Phase II of the Overstall and Woods

[2017] algorithm. These designs are selected via the KL utility, using both the LOO
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and additive strategies mentioned above.

S5 Design evaluation strategy

To evaluate each candidate design, we again use a simulation-based framework, in order to
compare the designs against a known, ground truth intensity surface and known fixed effect
parameters. Mirroring the data generating procedure described above, we first simulate a
virtual ecological environment and then sample data from this environment according to
the candidate designs. All evaluations were conducted using the same LGCP working
model and the designs were compared under 50 repeated realizations of future sampling

data.

We generate a known spatially varying log-intensity surface across the study domain, using
the same combination of spatial covariates and a new realization of the spatial random field
described above. We then simulated new realizations of hypothetical species observations
based on that underlying intensity. These data were ”collected” based on the candidate
design, and the newly sampled points were appended to the baseline dataset yq to create

an updated dataset (yo,¥y1,d)-

We then fit the LGCP to this updated dataset. To measure the performance of each design
strategy, we extracted the posterior estimates from the fitted LGCP models and calculated
several performance metrics against the known simulated truth. The metrics are described

below:

e Parameter recovery: We evaluated how well the designs recovered the true underlying
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relationships between the intensity and the spatial covariates. We calculated the

Root Mean Squared Error (RMSE):

K
1
RMSEs = | 7= > (B — 5;).
k:l

where [}, is the posterior mean.

Parameter precision: The posterior variance, Var(fy), was extracted to assess

estimation precision and reported as the average variance over all parameters.

Predictive error: We assessed the model’s ability to map the true species distribution

by predicting the expected intensity A across the spatial grid. The predictions were

evaluated using the Mean Absolute Error (MAE):

MAE, = |/\ — Al

HMQ

where C' is the total number of grid cells, \; = exp(f; + 02/2) is the expected

true

intensity for a log-normal variable with predictive variance o2, Ai™ is the ground

truth intensity at cell 7, and 7); is the log-linear predictor of the intensity.

Predictive variance: To evaluate overall predictive confidence, we extracted the

2

predictive variance ¢0;, averaged across all grid cells:
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S6 Sensitivity analysis of Monte Carlo integration

In this section we show the sensitivity of the expected utility to the Monte Carlo

approximation. The Monte Carlo approximation of the expected utility is

E[U(d)]yo] ~ 6, 5™ d). (S6)

IIM:U

We compare design results for increasing number of samples (increasing R), i.e., draws }7:(:)

from the Posterior Predictive Distribution and respective posterior fits 8("). We focus on
only the LOO family, including also predictive and weighted predictive variance, and the
exchange algorithm. From Supplemental figure [S3| we can see that the performance of the
designs begins to converge as R increases, particularly for the LOO family of methods. The
predictive and weighted predictive variance methods remains constant across all values of
R, as these designs target the boundaries of the design region and are not sensitive to the

realizations of y;. The Exchange algorithm shows higher sensitivity in these runs

For the LOO family, at the lowest number of integration samples (R =1 to R = 4) we
observe higher variability across all metrics the Average Parameter SD. This suggests that
using a single PPD draw provides an unstable approximation of the expected utility,
leading the algorithm to select sub-optimal sites. As R increases, the most dramatic
improvements in performance occur from R =4 to R = 16. Beyond R = 24 the
performance begins to plateau, and in general, using approximately 8 to 24 draws appears

sufficient to capture the utility signal required for site selection.
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Sensitivity of design performance
Effect of PPD integration over 50 simulations
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Figure S3: Sensitivity of design performance to the number of Monte Carlo draws (R) from the Posterior
Predictive Distribution of yg. The boxplots show the distribution design performance under each metric:
Average Parameter SD, Intensity MAE, Parameter RMSE, and Predictive Variance, across 50 simulation
runs under the moderate thinning condition (79 = —2). Rows show the design methods. The y-axis on
the left denotes the number of PPD datasets (R) used to approximate the expected utility U(d). Results
indicate convergence in performance as R increases, with model- and exchange-based methods exhibiting
higher volatility at fewer PPD draws, and the predictive variance methods showing stability across R.
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