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“Pattern, like beauty, is to some extent in the eye of the beholder” (Grant 1977 in Wiens, 1989) Ecologists are

immersed in unraveling the complex spatial patterns that govern species diversity, driven by both practical and

theoretical imperatives (Rahbek, 2005; Wang et al., 2019). This dual focus necessitates a practical imperative

for strategic biodiversity conservation, requiring a nuanced understanding of locations with peak species

richness and dynamic shifts in species assemblages (Chase et al., 2020). Simultaneously, there is a theoretical

interest in using diversity patterns as empirical testing grounds for theories explaining factors influencing

diversity disparities and the associated increase in species turnover correlated with inter-site distance (Con-

dit et al., 2002). McGill (2010), in his paper ”Matters of Scale”, highlights the scale-dependent nature of

ecology, aligning with the recognition that spatial autocorrelation is inherent in biogeographical data and

often correlated with sample size (Rahbek, 2005). Spatial autocorrelation, often underestimated in ecological

studies (Dormann, 2007), occurs when proximate locations exhibit similarities in ecological attributes (Tobler,

1970; Getis, 2010), introducing a latent bias that compromises the robustness of ecological findings (Dormann,

2007; Dormann et al., 2007). This phenomenon serves as both an asset, providing valuable information for

inferring processes from patterns (Palma et al. 1999), and a challenge, imposing limitations on hypothesis

testing and prediction (Dormann et al., 2007 and references therein). Various factors contribute to spatial

autocorrelation, with three primary contributors (Dormann et al., 2007; Legendre, 1993; Legendre and Fortin,

1989; Legendre and Legendre, 2012): (i) distance-related effects in biological processes, (ii) misrepresentation

of non-linear relationships between the environment and species as linear and (iii) the oversight of a crucial

spatially structured environmental determinant in the statistical model, leading to spatial structuring in the

response (Dormann et al., 2007). Recognising the pivotal role of spatial heterogeneity in ecological theo-

ries (Wang et al., 2019), it becomes imperative to discern and address the limitations introduced by spatial
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autocorrelation (Legendre, 1993). McGill (2011) emphasises that the ultimate goal of biodiversity pattern

studies should be to develop a quantitative predictive theory useful for conservation. The spatial dimension’s

importance in study planning, determining the system’s scale, appropriate quadrat size, and spacing between

sampling stations, is paramount (Fortin, 1999a,b). Responses to these considerations are intricately linked with

study objectives and insights from pre-sampling campaigns, underscoring the need for a nuanced and rigorous

approach (Delmelle, 2021). Understanding statistical techniques and nested sampling designs is crucial to

answering fundamental ecological questions (Dormann et al., 2007; McDonald, 2012). In addressing spatial

autocorrelation challenges, ecologists must recognize the limitations of many standard statistical methods in

ecological studies (Dale and Fortin, 2002; Legendre and Fortin, 1989; Steel et al., 2013). In the initial phases

of description or hypothesis generation, ecologists should proactively acknowledge the spatial structure in

their data and conduct tests for spatial autocorrelation (for a comprehensive description, see Legendre and

Fortin, 1989): various tools, including correlograms, spectral analysis, the Mantel test, and clustering methods,

facilitate the assessment and description of spatial structures. The partial Mantel test enables the study of

causal models with space as an explanatory variable. Techniques for mapping ecological variables, such as

interpolation, trend surface analysis, and constrained clustering, yield maps providing valuable insights into the

spatial dynamics of ecological systems. This refined consideration of spatial autocorrelation emerges as an

imperative in ecological research, fostering a deeper and more precise understanding of the intricate interplay

between species diversity, spatial patterns, and the inherent limitations imposed by spatial autocorrelation

(Legendre et al., 2002). This not only contributes significantly to the scientific discourse in ecology but also

aligns with McGill’s vision of developing predictive theories for effective conservation (Bacaro et al., 2016; McGill,

2011). In this study by Fabien Laroche (2023), titled “Efficient sampling designs to assess biodiversity spatial

autocorrelation: should we go fractal?” the primary focus was on addressing the challenges associated with

estimating the autocorrelation range of species distribution across spatial scales. The study aimed to explore

alternative sampling designs, with a particular focus on the application of fractal designs—self-similar designs

with well-identified scales. The overarching goal was to evaluate whether fractal designs could offer a more

efficient compromise compared to traditional hybrid designs, which involve mixing random sampling points

with a systematic grid. Virtual ecology provides a way to test whether sampling designs can accurately detect or

quantify effects of interest before implementing them in the field. Beyond the question of assessing the power

of empirical designs, a virtual ecology analysis contributes to clearly formulating the set of questions associated

with a design. However, only a few virtual studies have focused on efficient designs to accurately estimate the

autocorrelation range of biodiversity variables. In this study, the statistical framework of optimal design of

experiments was employed—a methodology often used in building and comparing designs of temporal or

spatiotemporal biodiversity surveys but rarely applied to the specific problem of quantifying spatial autocorre-

lation. Key findings from the study shed light on optimal sampling strategies, with a notable dependence

on the feasible grid mesh size over the study area in relation to expected autocorrelation range values. The

results demonstrated that the efficiency of designs varied based on the specific effect under study. Fractal

designs, however, exhibited superior performance, particularly when assessing the effect of a monotonic

environmental gradient across space. In conclusion, the study provides valuable insights into the potential

benefits of incorporating fractal designs in biodiversity studies, offering a nuanced and efficient approach to

estimate spatial autocorrelation. These findings contribute significantly to the ongoing scientific discourse in

ecology, providing practical considerations for improving sampling designs in biodiversity assessments.
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Reviews

Evaluation round #2

DOI or URL of the preprint: https://doi.org/10.1101/2022.07.29.501974
Version of the preprint: 3

Authors’ reply, 01 December 2023

Download author’s reply

Decision by Eric Goberville , posted 05 November 2023, validated 06 November 2023

Feedback on your submitted article ”Efficient sampling designs to assess biodiversity spatial auto-

correlation: should we go fractal?”

Dear Dr. Laroche,

Thank you for your submission entitled ”Efficient sampling designs to assess biodiversity spatial autocorrela-

tion: should we go fractal?” to PCIEcology. We have received feedback from the two referees, and I would like

to express my appreciation for their comprehensive and insightful reviews.

Both reviewers commend your meticulous work in addressing their previous comments and recommen-

dations. They highlight significant improvements, including the transformation of complex code into an

informative Rmarkdown document and the innovative approach to defining ’rugged’ environmental variables.

However, there are some minor suggestions related to code structure, conditional chunk evaluation, and the

need for clearer figure annotations.

Furthermore, they note limitations in the example visualizations, which could be expanded to cover a

broader range of ’as’ values. The importance of specifying the grid mesh size is also emphasized. The ’Spanning

path length’ analysis, while valuable, is seen as somewhat of an afterthought and should be included in the

methods section for better contextual understanding.

One reviewer underscores the absence of essential information in themethods section, particularly regarding

repetitions and averaging, urging greater clarity in this regard. They also recommend distinguishing between

regular grid and random data points in hybrid models and using subscript in plot titles for figures 4 and 6.
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Figure 10 is seen as somewhat unclear. The suggestion is made to define the ratio of sampling area to the

number of sampling points for better interpretation. Additionally, a few minor points are addressed.

In conclusion, the requested revisions represent a relatively modest effort compared to the substantial

improvements you have already made to your study. I believe that these adjustments will contribute to the

final acceptance of your article in PCI in Ecology.

Sincerely,

Eric Goberville

Reviewed by Nigel Yoccoz , 01 November 2023

The author has carefully revised the paper, adding much relevant information and additional simulations. I

look forward to applications of some of the ideas developed in the paper, and the scripts provide the necessary

tools.

Reviewed by Charles J Marsh , 04 November 2023

Review for Laroche - Efficient sampling designs to assess biodiversity spatial autocorrelation: should

we go fractal? This is a follow up review. Again, someone better thanmewill need to evaluate themathematical

approaches, especially with regards the SI, and I have focussed my review on the other aspects. The author has

put in considerable work to address comments reviewers had outlined last time, and I think those changes have

been implemented really well. Changes include more realistic environmental covariates, better visualisations

of the covariates and the results, an examination of trade-offs between sampling for multiple variables, a

discussion of sampling effort required for different schemes, and a tidying up of the R code. First, the previously

uninterpretable code has been converted into a lovely Rmarkdown doc that outlines various steps and provides

the code. Really a lot of work has gone into this, and I really commend the author on the effort, it is well worth it,

and will be very useful for readers who might want to apply similar methods. Second, the methods for defining

the ‘rugged’ environmental variables is really nice, using sine waves and shifting the longitudinal position

of the centre - an approach I think will be very useful applying to other simulation studies. My remaining

comments are pretty low-level suggestions or tweaks: The Rmarkdown doc and code – I got it working after a bit

of trouble-shooting. I can confirm the code provides the same results as the manuscript. I also tried running it

with different seeds for the randomness in the hybrid designs and the results were fairly robust, with only

minor differences (one risk of true randomness of course is that you can end up with a terrible distribution of

points). It’s still a bit opaque though in terms of annotations and formatting, which could be something to

think about in the future to make the work more useful for others. Otherwise, three small comments:1) set

the folder structure up in the code itself rather than in the markdown arguments to make it easier for users

to repeat. Also, better to use file.path rather than paste for users with non-linux systems.2) A lot of the code

chunks are set to not evaluate, so knitting will fail. I understand that some are time-consuming and you prefer

to read in the data files once generated, but maybe think about some simple if statements to run the loops only

if the rdata files haven’t been created yet (and you could always provide the data files for download).3) I don’t

know what the figure ‘Global performance across autocorrelation values’ is showing – please annotate. The

example as visualised in the examples –

The as values span from 0.01 – 100, but the examples of as in figs 4 and 6 are really limited showing only 0.09

– 0.33 (ranks 7-12 out of 28 total). This also doesn’t include the grid mesh size which is the ‘switching point’ of

behaviour (which I believe should be 0.38). When I have created the figures with a wider range of values it

produces some interesting patterns not apparent from the current figures, and also makes much more sense

of figure 8. The ‘Spanning path length’ analysis – This addition seems to be a bit of an afterthought – it is not

described at all in the methods section and comes out of the blue in the results, with no indication as to the

purpose of the analysis. Introduce the rationale for it and the methodology in the methods section, as it is

important for the interpretation of the final figure. Missing info in the methods –As well as the distance analysis
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missing from the methods, there seems to be other key info not outlined in the methods and only apparent

when going though the code. For example it is not clear from the methods whether there were any repeats,

how many etc, and how they were averaged (working through the code I can see it is 30 reps but this info

should be clearly stated in the methods). Please check that everything needed to replicate the study is outlined

in the methods without referral to the markdown doc. Fig. 8 legend –All a bit messy. 1) What is the grid mesh

size? What does centred mean if we don’t know what the extremes are? You may as well give the actual values

(0.038 – 3.8, centre = 0.38 I think?).2) Remove all the abbreviations (I’m not sure what ‘resp.’ means). Fig. 4 and 6,

maybe also other figures – As well as indicating the most disordered value with a triangle, for the hybrid models

you might consider having two symbols – one for the regular grid and one for random. Most people will really

be only interested in the regular grid vs fractals, and so it is really worthwhile in every figure making it obvious

where that regular grid lies. More minor, tweak the plot titles so that a[s] is in subscript Figure 10 –I’m not sure

about the representation of the sampling area-budget arrows on the left and how easy it is to interpret. I see

it is as more of a sampling area:no. sampling points ratio (more useful than sampling ‘budget’ I think, which

depends on lots of other things). This then determines the FGM, which ultimately interacts with as. Perhaps

that ratio can be defined by L as you have in the results, or maybe it is not generalisable in that fashion? Also,

you could think about breaking it down for whether you are interested in estimating the autocorrelation mean

or the range (or both). Other trivial things: Lines 333-337 – you could always use different coloured boxes to

help indicate theseSampling design figs 1, 2, 3 – v minor niggle but set asp=1 to keep aspect ratio of coordinates

evenLine 50 – estimated ranges of what exactly, the autocorrelation range or distributional range?Line 189 – ‘…

accurately estimate …’Line 220 – accurately what?Line 445 - ‘… autocorrelation range was smaller …’ One final

important point. I’m not Rob Ewers (I don’t have the beard for one), so make sure to remove his name from

the acknowledgements.

Evaluation round #1

DOI or URL of the preprint: https://doi.org/10.1101/2022.07.29.501974
Version of the preprint: 2

Authors’ reply, 09 October 2023

Download author’s reply

Decision by Eric Goberville , posted 15 July 2023, validated 17 July 2023

Feedback on your submitted article ”Efficient sampling designs to assess biodiversity spatial auto-

correlation: should we go fractal?”

Dear Dr. Laroche,

Thank you for submitting your article titled ”Efficient sampling designs to assess biodiversity spatial autocorrela-

tion: should we go fractal?” to PCIEcology. We have now received feedback from two referees, and I would like

to express my gratitude to both referees for their thorough and insightful review of your manuscript. I share

their opinion regarding the relevance of your study and its significant contribution to the existing literature, as

well as the importance of providing access to the code for ensuring reproducibility of the analyses. However,

before your study can be considered for publication, some revisions and clarifications are necessary.

The first referee noted that your article addresses a pertinent subject but highlighted a lack of references to

recent research in the field. It is strongly recommended to include credible sources to support your arguments

and enhance the credibility of your article. Additionally, the referee encourages you to delve deeper into specific

aspects of your analysis by providing concrete examples or case studies to substantiate your viewpoints.

The second referee acknowledges the commendable aspects of the article, including the methodology of

defining hybrid and fractal patterns and the use of the Pareto front method to examine trade-offs. Overall, the
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referee provides valuable feedback regarding the need to consider multiple variables/species, the practicality

of sampling designs, and the choice of environmental variables. Further exploration of these aspects is

encouraged to improve the practical applicability of the study.

We kindly request that you take these comments and suggestions into consideration during the revision

of your article. Please submit a revised version of your manuscript, incorporating the referees’ remarks.

Additionally, we would appreciate a detailed response letter addressing how you have addressed the referees’

comments.

Thank you for your valuable contribution to our scientific journal, and we look forward to receiving your

response.

Best regards,

Eric Goberville

Reviewed by Nigel Yoccoz , 27 June 2023

Despite the recognized importance of sampling design, at least for researchers with an interest in statistical

questions, it is remarkable that so few empirical studies in ecology are in fact designed according to well-defined

objectives and some forms of random or systematic sampling. If one takes the example of species distributions,

most studies use “available” data which are most often derived from opportunistic sampling or some form

of hybrid designs (e.g. random design initially but with some nonrandom selection of final units linked for

example to accessibility or observer availability). Many approaches have then been developed to account for

this lack of design, but their robustness is often unclear. Clearly it would be preferable to start with a good

sampling design.

This paper investigates different designs – random, grid, fractal (multiple scales) – and their efficiency when

autocorrelation can be seen either as a “nuisance” and a parameter of interest. It is based on extensive

simulations, and using a model-based approach for estimation. The conclusions are that fractal designs are

seldom efficient. The scripts for running the simulations are available, but I did not run the simulations to

check the results.

This is an interesting contribution for researchers working on sampling design, as it explicitly addresses

different objectives (i.e. not “just” estimating population size, or an environmental effect). I could add that

a specific difficulty with autocorrelation from a statistical point of view is that it may be hard to distinguish

between a “real” autocorrelation due for example to intrinsic processes such as dispersal and the effect of

a spatial covariate having an autocorrelation with the same range (i.e. it is not just an issue of bias but also

of identifiability). As one often does not know what are the effects and range of environmental covariates,

it is not obvious how sampling should be done. This paper addresses some of the issues associated with

autocorrelation and estimating effects of covariates, and perhaps the author should emphasize the importance

of making simulations to assess different designs depending on study objectives. Simulations are useful not

just for assessing different design as is well done in this paper, but also because it forces the researchers to

specify objectives, both in terms of ecological questions and in terms if what can be realistically expected in

terms of precision/bias.

Reviewed by Charles J Marsh , 13 July 2023

Download the review
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