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Abstract

Although variation in effect sizes and predicted values among studies of similar phenomena is
inevitable, such variation far exceeds what might be produced by sampling error alone. One possible
explanation for variation among results is differences among researchers in the decisions they make
regarding statistical analyses. A growing array of studies has explored this analytical variability in
different fields and has found substantial variability among results despite analysts having the same
data and research question. Many of these studies have been in the social sciences, but one small
‘many analyst’ study found similar variability in ecology. We expanded the scope of this prior work by
implementing a large-scale empirical exploration of the variation in effect sizes and model
predictions generated by the analytical decisions of different researchers in ecology and evolutionary
biology. We used two unpublished datasets, one from evolutionary ecology (blue tit, Cyanistes
caeruleus, to compare sibling number and nestling growth) and one from conservation ecology
(Eucalyptus, to compare grass cover and tree seedling recruitment). The project leaders recruited
174 analyst teams, comprising 246 analysts, to investigate the answers to prespecified research
questions. Analyses conducted by these teams yielded 141 usable effects (compatible with our meta-
analyses and with all necessary information provided) for the blue tit dataset, and 85 usable effects
for the Eucalyptus dataset. We found substantial heterogeneity among results for both datasets,
although the patterns of variation differed between them. For the blue tit analyses, the average
effect was convincingly negative, with less growth for nestlings living with more siblings, but there
was near continuous variation in effect size from large negative effects to effects near zero, and even
effects crossing the traditional threshold of statistical significance in the opposite direction. In
contrast, the average relationship between grass cover and Eucalyptus seedling number was only
slightly negative and not convincingly different from zero, and most effects ranged from weakly
negative to weakly positive, with about a third of effects crossing the traditional threshold of
significance in one direction or the other. However, there were also several striking outliers in

the Eucalyptus dataset, with effects far from zero. For both datasets, we found substantial variation
in the variable selection and random effects structures among analyses, as well as in the ratings of
the analytical methods by peer reviewers, but we found no strong relationship between any of these
and deviation from the meta-analytic mean. In other words, analyses with results that were far from
the mean were no more or less likely to have dissimilar variable sets, use random effects in their
models, or receive poor peer reviews than those analyses that found results that were close to the
mean. The existence of substantial variability among analysis outcomes raises important questions
about how ecologists and evolutionary biologists should interpret published results, and how they
should conduct analyses in the future.

Introduction

One value of science derives from its production of replicable, and thus reliable, results. When we
repeat a study using the original methods, we should be able to expect a similar result. However,
perfect replicability is not a reasonable goal. Effect sizes will vary, and even reverse in sign, by chance
alone (Gelman and Weakliem 2009). Observed patterns can differ for other reasons as well. It could
be that we do not sufficiently understand the conditions that led to the original result so when we
seek to replicate it, the conditions differ due to some ‘hidden moderator’. This hidden moderator
hypothesis is described by meta-analysts in ecology and evolutionary biology as ‘true biological
heterogeneity’ (Senior et al. 2016). This idea of true heterogeneity is popular in ecology and
evolutionary biology, and there are good reasons to expect it in the complex systems in which we
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work (Shavit and Ellison 2017). However, despite similar expectations in psychology, recent evidence
in that discipline contradicts the hypothesis that moderators are common obstacles to replicability,
as variability in results in a large ‘many labs’ collaboration was mostly unrelated to commonly
hypothesized moderators such as the conditions under which the studies were administered (Klein et
al. 2018). Another possible explanation for variation in effect sizes is that researchers often present
biased samples of results, thus reducing the likelihood that later studies will produce similar effect
sizes (Open Science Collaboration 2015; Parker et al. 2016; Forstmeier, Wagenmakers, and Parker
2017; Fraser et al. 2018; Parker and Yang 2023). It also may be that although researchers did
successfully replicate the conditions, the experiment, and measured variables, analytical decisions
differed sufficiently among studies to create divergent results (Simonsohn, Simmons, and Nelson
2015; Silberzahn et al. 2018).

Analytical decisions vary among studies because researchers have many options. Researchers need
to decide how to exclude possibly anomalous or unreliable data, how to construct variables, which
variables to include in their models, and which statistical methods to use. Depending on the dataset,
this short list of choices could encompass thousands or millions of possible alternative

specifications (Simonsohn, Simmons, and Nelson 2015). However, researchers making these
decisions presumably do so with the goal of doing the best possible analysis, or at least the best
analysis within their current skill set. Thus, it seems likely that some specification options are more
probable than others, possibly because they have previously been shown (or claimed) to be better,
or because they are more well known. Of course, some of these different analyses (maybe many of
them) may be equally valid alternatives. Regardless, on probably any topic in ecology and
evolutionary biology, we can encounter differences in choices of data analysis. The extent of these
differences in analyses and the degree to which these differences influence the outcomes of analyses
and therefore studies’ conclusions are important empirical questions. These questions are especially
important given that many papers draw conclusions after applying a single method, or even a single
statistical model, to analyze a dataset.

The possibility that different analytical choices could lead to different outcomes has long been
recognized (Gelman and Loken 2013), and various efforts to address this possibility have been
pursued in the literature. For instance, one common method in ecology and evolutionary biology
involves creating a set of candidate models, each consisting of a different (though often similar) set
of predictor variables, and then, for the predictor variable of interest, averaging the slope across all
models (i.e. model averaging) (Burnham and Anderson 2002; Grueber et al. 2011). This method
reduces the chance that a conclusion is contingent upon a single model specification, though use and
interpretation of this method is not without challenges (Grueber et al. 2011). Further, the models
compared to each other typically differ only in the inclusion or exclusion of certain predictor
variables and not in other important ways, such as methods of parameter estimation. More explicit
examination of outcomes of differences in model structure, model type, data exclusion, or other
analytical choices can be implemented through sensitivity analyses (e.g., Noble et al. 2017).
Sensitivity analyses, however, are typically rather narrow in scope, and are designed to assess the
sensitivity of analytical outcomes to a particular analytical choice rather than to a large universe of
choices. Recently, however, analysts in the social sciences have proposed extremely thorough
sensitivity analysis, including ‘multiverse analysis’ (Steegen et al. 2016) and the ‘specification
curve’ (Simonsohn, Simmons, and Nelson 2015), as a means of increasing the reliability of results.
With these methods, researchers identify relevant decision points encountered during analysis and
conduct the analysis many times to incorporate many plausible decisions made at each of these
points. The study’s conclusions are then based on a broad set of the possible analyses and so allow
the analyst to distinguish between robust conclusions and those that are highly contingent on
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particular model specifications. These are useful outcomes, but specifying a universe of possible
modelling decisions is not a trivial undertaking. Further, the analyst’s knowledge and biases will
influence decisions about the boundaries of that universe, and so there will always be room for
disagreement among analysts about what to include. Including more specifications is not necessarily
better. Some analytical decisions are better justified than others, and including biologically
implausible specifications may undermine this process. Regardless, these powerful methods have yet
to be adopted, and even the more limited forms of sensitivity analyses are not particularly
widespread. Most studies publish a small set of analyses and so the existing literature does not
provide much insight into the degree to which published results are contingent on analytical
decisions.

Despite the potential major impacts of analytical decisions on variance in results, the outcomes of
different individuals’ data analysis choices have only recently begun to receive much empirical
attention. The only formal exploration of this that we were aware of when we submitted our Stage 1
manuscript were (1) an analysis in social science that asked whether male professional football
(soccer) players with darker skin tone were more likely to be issued red cards (ejection from the
game for rule violation) than players with lighter skin tone (Silberzahn et al. 2018) and (2) an analysis
in neuroimaging which evaluated nine separate hypotheses involving the neurological responses
detected with fMRI in 108 participants divided between two treatments in a decision making

task (Botvinik-Nezer et al. 2020). Several others have been published since (e.g., Huntington-Klein et
al. 2021; Schweinsberg et al. 2021; Breznau et al. 2022; Coretta et al. 2023), and we recently learned
of an earlier small study in ecology (Stanton-Geddes, Freitas, and Sales Dambros 2014). In the red
card study, 29 teams designed and implemented analyses of a dataset provided by the study
coordinators (Silberzahn et al. 2018). Analyses were peer reviewed (results blind) by at least two
other participating analysts; a level of scrutiny consistent with standard pre-publication peer review.
Among the final 29 analyses, odds-ratios varied from 0.89 to 2.93, meaning point estimates varied
from having players with lighter skin tones receive more red cards (odds ratio < 1) to a strong effect
of players with darker skin tones receiving more red cards (odds ratio > 1). Twenty of the 29 teams
found a statistically-significant effect in the predicted direction of players with darker skin tones
being issued more red cards. This degree of variation in peer-reviewed analyses from identical data is
striking, but the generality of this finding has only just begun to be formally

investigated (e.g., Huntington-Klein et al. 2021; Schweinsberg et al. 2021; Breznau et al.

2022; Coretta et al. 2023).

In the neuroimaging study, 70 teams evaluated each of the nine different hypotheses with the
available fMRI data (Botvinik-Nezer et al. 2020). These 70 teams followed a divergent set of
workflows that produced a wide range of results. The rate of reporting of statistically significant
support for the nine hypotheses ranged from 21% to 84%, and for each hypothesis on average, 20%
of research teams observed effects that differed substantially from the majority of other teams.
Some of the variability in results among studies could be explained by analytical decisions such as
choice of software package, smoothing function, and parametric versus non-parametric corrections
for multiple comparisons. However, substantial variability among analyses remained unexplained,
and presumably emerged from the many different decisions each analyst made in their long
workflows. Such variability in results among analyses from this dataset and from the very different
red-card dataset suggests that sensitivity of analytical outcome to analytical choices may characterize
many distinct fields, as several more recent many-analyst studies also suggest (Huntington-Klein et al.
2021; Schweinsberg et al. 2021; Breznau et al. 2022).
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To further develop the empirical understanding of the effects of analytical decisions on study
outcomes, we chose to estimate the extent to which researchers’ data analysis choices drive
differences in effect sizes, model predictions, and qualitative conclusions in ecology and evolutionary
biology. This is an important extension of the meta-research agenda of evaluating factors influencing
replicability in ecology, evolutionary biology, and beyond (Fidler et al. 2017). To examine the effects
of analytical decisions, we used two different datasets and recruited researchers to analyze one or
the other of these datasets to answer a question we defined. The first question was “To what extent
is the growth of nestling blue tits (Cyanistes caeruleus) influenced by competition with siblings?” To
answer this question, we provided a dataset that includes brood size manipulations from 332 broods
conducted over three years at Wytham Wood, UK. The second question was “How does grass cover
influence Eucalyptus spp. seedling recruitment?” For this question, analysts used a dataset that
includes, among other variables, number of seedlings in different size classes, percentage cover of
different life forms, tree canopy cover, and distance from canopy edge from 351 quadrats spread
among 18 sites in Victoria, Australia.

We explored the impacts of data analysts’ choices with descriptive statistics and with a series of tests
to attempt to explain the variation among effect sizes and predicted values of the dependent variable
produced by the different analysis teams for both datasets separately. To describe the variability, we
present forest plots of the standardized effect sizes and predicted values produced by each of the
analysis teams, estimate heterogeneity (both absolute,72, and proportional, /) in effect size and
predicted values among the results produced by these different teams, and calculate a similarity
index that quantifies variability among the predictor variables selected for the different statistical
models constructed by the different analysis teams. These descriptive statistics provide the first
estimates of the extent to which explanatory statistical models and their outcomes in ecology and
evolutionary biology vary based on the decisions of different data analysts. We then quantified the
degree to which the variability in effect size and predicted values could be explained by (1) variation
in the quality of analyses as rated by peer reviewers and (2) the similarity of the choices of predictor
variables between individual analyses.

Methods

This project involved a series of steps (1-6) that began with identifying datasets for analyses and
continued through recruiting independent groups of scientists to analyze the data, allowing the
scientists to analyze the data as they saw fit, generating peer review ratings of the analyses (based
on methods, not results), evaluating the variation in effects among the different analyses, and
producing the final manuscript.

Step 1: Select datasets

We used two previously unpublished datasets, one from evolutionary ecology and the other from
ecology and conservation.

Evolutionary ecology

Our evolutionary ecology dataset is relevant to a sub-discipline of life-history research which focuses
on identifying costs and trade-offs associated with different phenotypic conditions. These data were
derived from a brood-size manipulation experiment imposed on wild birds nesting in boxes provided
by researchers in an intensively studied population. Understanding how the growth of nestlings is
influenced by the numbers of siblings in the nest can give researchers insights into factors such as the
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evolution of clutch size, determination of provisioning rates by parents, and optimal levels of sibling
competition (Vander Werf 1992; DeKogel 1997; Royle et al. 1999; Verhulst, Holveck, and Riebel
2006; Nicolaus et al. 2009). Data analysts were provided this dataset and instructed to answer the
following question: “To what extent is the growth of nestling blue tits (Cyanistes caeruleus)
influenced by competition with siblings?”

Researchers conducted brood size manipulations and population monitoring of blue tits at Wytham
Wood, a 380 ha woodland in Oxfordshire, U.K (12 20°W, 512 47’N). Researchers regularly checked
approximately 1100 artificial nest boxes at the site and monitored the 330 to 450 blue tit pairs
occupying those boxes in 2001-2003 during the experiment. Nearly all birds made only one breeding
attempt during the April to June study period in a given year. At each blue tit nest, researchers
recorded the date the first egg appeared, clutch size, and hatching date. For all chicks alive at age 14
days, researchers measured mass and tarsus length and fitted a uniquely numbered, British Trust for
Ornithology (BTO) aluminium leg ring. Researchers attempted to capture all adults at their nests
between day 6 and day 14 of the chick-rearing period. For these captured adults, researchers
measured mass, tarsus length, and wing length and fitted a uniquely numbered BTO leg ring. During
the 2001-2003 breeding seasons, researchers manipulated brood sizes using cross fostering. They
matched broods for hatching date and brood size and moved chicks between these paired nests one
or two days after hatching. They sought to either enlarge or reduce all manipulated broods by
approximately one fourth. To control for effects of being moved, each reduced brood had a portion
of its brood replaced by chicks from the paired increased brood, and vice versa. Net manipulations
varied from plus or minus four chicks in broods of 12 to 16 to plus or minus one chick in broods of 4
or 5. Researchers left approximately one third of all broods unmanipulated. These unmanipulated
broods were not selected systematically to match manipulated broods in clutch size or laying date.
We have mass and tarsus length data from 3720 individual chicks divided among 167 experimentally
enlarged broods, 165 experimentally reduced broods, and 120 unmanipulated broods. The full list of
variables included in the dataset is publicly available (https://osf.io/hdv8m), along with the data
(https://osf.io/qjzby).

Ecology and conservation

Additional Explanation:

Shortly after beginning to recruit analysts, several analysts noted a small set of related errors in
the blue tit dataset. We corrected the errors, replaced the dataset on our OSF site, and emailed
the analysts on 19 April 2020 to instruct them to use the revised data. The email to analysts is
available here (https://osf.io/4h53z). The errors are explained in that email.

Our ecology and conservation dataset is relevant to a sub-discipline of conservation research which
focuses on investigating how best to revegetate private land in agricultural landscapes. These data
were collected on private land under the Bush Returns program, an incentive system where
participants entered into a contract with the Goulburn Broken Catchment Management Authority
and received annual payments if they executed predetermined restoration activities. This particular
dataset is based on a passive regeneration initiative, where livestock grazing was removed from the
property in the hopes that the Eucalyptus spp. overstorey would regenerate without active (and
expensive) planting. Analyses of some related data have been published (Miles 2008; Vesk et al.
2016) but those analyses do not address the question analysts answered in our study. Data analysts
were provided this dataset and instructed to answer the following question: “How does grass cover
influence Eucalyptus spp. seedling recruitment?”.
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Researchers conducted three rounds of surveys at 18 sites across the Goulburn Broken catchment in
northern Victoria, Australia in winter and spring 2006 and autumn 2007. In each survey period, a
different set of 15 x 15 m quadrats were randomly allocated across each site within 60 m of existing
tree canopies. The number of quadrats at each site depended on the size of the site, ranging from
four at smaller sites to 11 at larger sites. The total number of quadrats surveyed across all sites and
seasons was 351. The number of Eucalyptus spp. seedlings was recorded in each quadrat along with
information on the GPS location, aspect, tree canopy cover, distance to tree canopy, and position in
the landscape. Ground layer plant species composition was recorded in three 0.5 x 0.5 m sub-
quadrats within each quadrat. Subjective cover estimates of each species as well as bare ground,
litter, rock and moss/lichen/soil crusts were recorded. Subsequently, this was augmented with
information about the precipitation and solar radiation at each GPS location. The full list of variables
included in the dataset is publicly available (https://osf.io/r5gbn), along with the data
(https://osf.io/qz5cu).

Step 2: Recruitment and initial survey of analysts
The lead team (TP, HF, SN, EG, SG, PV, DH, FF) created a publicly available document providing a

Preregistration Deviation:

Due to the large number of recruited analysts and reviewers and the anticipated challenges of
receiving and integrating feedback from so many authors, we limited analyst and reviewer
participation in the production of the final manuscript to an invitation to call attention to serious
problems with the manuscript draft.

general description of the project (https://osf.io/mn5aj/). The project was advertised at conferences,
via Twitter, using mailing lists for ecological societies (including Ecolog, Evoldir, and lists for the
Environmental Decisions Group, and Transparency in Ecology and Evolution), and via word of mouth.
The target population was active ecology, conservation, or evolutionary biology researchers with a
graduate degree (or currently studying for a graduate degree) in a relevant discipline. Researchers

could choose to work independently or in a small team. For the sake of simplicity, we refer to these
as ‘analysis teams’ though some comprised one individual. We aimed for a minimum of 12 analysis
teams independently evaluating each dataset (see sample size justification below). We
simultaneously recruited volunteers to peer review the analyses conducted by the other volunteers
through the same channels. Our goal was to recruit a similar number of peer reviewers and analysts,
and to ask each peer reviewer to review a minimum of four analyses. If we were unable to recruit at
least half the number of reviewers as analysis teams, we planned to ask analysts to serve also as
reviewers (after they had completed their analyses), but this was unnecessary. Therefore, no data
analysts peer reviewed analyses of the dataset they had analyzed. All analysts and reviewers were
offered the opportunity to share co-authorship on this manuscript and we planned to invite them to
participate in the collaborative process of producing the final manuscript. All analysts signed
[digitally] a consent (ethics) document (https://osf.io/xyp68/) approved by the Whitman College
Institutional Review Board prior to being allowed to participate.

We identified our minimum number of analysts per dataset by considering the number of effects
needed in a meta-analysis to generate an estimate of heterogeneity (t2) with a 95% confidence
interval that does not encompass zero. This minimum sample size is invariant regardless of T2. This is
because the same t-statistic value will be obtained by the same sample size regardless of variance
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(T2). We see this by first examining the formula for the standard error, SE for variance, (72) or (SEt?)
assuming normality in an underlying distribution of effect sizes (Knight 2000):

274
-1

SE(1?) =

and then rearranging the above formula to show how the t-statistic is independent of T2, as seen
below.

72 n—1

"= Sem T 2

We then find a minimum n = 12 according to this formula.

Step 3: Primary data analyses

Analysis teams registered and answered a demographic and expertise survey (https://osf.io/seqzy/).
We then provided them with the dataset of their choice and requested that they answer a specific
research question. For the evolutionary ecology dataset that question was “To what extent is the
growth of nestling blue tits (Cyanistes caeruleus) influenced by competition with siblings?” and for
the conservation ecology dataset it was “How does grass cover influence Eucalyptus spp. seedling
recruitment?” Once their analysis was complete, they answered a structured survey
(https://osf.io/neyc7/), providing analysis technique, explanations of their analytical choices,
quantitative results, and a statement describing their conclusions. They also were asked to upload
their analysis files (including the dataset as they formatted it for analysis and their analysis code [if
applicable]) and a detailed journal-ready statistical methods section.

Additional Information:

As is common in many studies in ecology and evolutionary biology, the datasets we provided
contained many variables, and the research questions we provided could be addressed by our
datasets in many different ways. For instance, volunteer analysts had to choose the dependent
(response) variable and the independent variable, and make numerous other decisions about
which variables and data to use and how to structure their model.

Preregistration Deviation:

We originally planned to have analysts complete a single survey (https://osf.io/neyc7/), but after
we evaluated the results of that survey, we realized we would need a second survey
(https://osf.io/8w3v5/) to adequately collect the information we needed to evaluate
heterogeneity of results (step 5). We provided a set of detailed instructions with the follow-up
survey, and these instructions are publicly available and can be found within the following files
(blue tit: https://osf.io/kr2g9, Eucalyptus: https://osf.io/dfvym).
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Step 4: Peer reviews of analyses

At minimum, each analysis was evaluated by four different reviewers, and each volunteer peer
reviewer was randomly assigned methods sections from at least four analyst teams (the exact
number varied). Each peer reviewer registered and answered a demographic and expertise survey
identical to that asked of the analysts, except we did not ask about ‘team name’ since reviewers did
not work in teams. Reviewers evaluated the methods of each of their assigned analyses one at a time
in a sequence determined by the project leaders. We systematically assigned the sequence so that, if
possible, each analysis was allocated to each position in the sequence for at least one reviewer. For
instance, if each reviewer were assigned four analyses to review, then each analysis would be the
first analysis assigned to at least one reviewer, the second analysis assigned to another reviewer, the
third analysis assigned to yet another reviewer, and the fourth analysis assigned to a fourth reviewer.
Balancing the order in which reviewers saw the analyses controls for order effects, e.g. a reviewer
might be less critical of the first methods section they read than the last.

The process for a single reviewer was as follows. First, the reviewer received a description of the
methods of a single analysis. This included the narrative methods section, the analysis team’s
answers to our survey questions regarding their methods, including analysis code, and the dataset.
The reviewer was then asked, in an online survey (https://osf.io/4t36u/), to rate that analysis on a
scale of 0-100 based on this prompt: “Rate the overall appropriateness of this analysis to answer the
research question (one of the two research questions inserted here) with the available data. To help
you calibrate your rating, please consider the following guidelines:

e 100. A perfect analysis with no conceivable improvements from the reviewer

e 75. Animperfect analysis but the needed changes are unlikely to dramatically alter outcomes

e 50. A flawed analysis likely to produce either an unreliable estimate of the relationship or an
over-precise estimate of uncertainty

e 25, Aflawed analysis likely to produce an unreliable estimate of the relationship and an over-
precise estimate of uncertainty

e 0. Adangerously misleading analysis, certain to produce both an estimate that is wrong and
a substantially over-precise estimate of uncertainty that places undue confidence in the
incorrect estimate.

*Please note that these values are meant to calibrate your ratings. We welcome ratings of any
number between 0 and 100.

After providing this rating, the reviewer was presented with this prompt, in multiple-choice format:
“Would the analytical methods presented produce an analysis that is (a) publishable as is, (b)
publishable with minor revision, (c) publishable with major revision, (d) deeply flawed and
unpublishable?” The reviewer was then provided with a series of text boxes and the following
prompts: “Please explain your ratings of this analysis. Please evaluate the choice of statistical analysis
type. Please evaluate the process of choosing variables for and structuring the statistical model.
Please evaluate the suitability of the variables included in (or excluded from) the statistical model.
Please evaluate the suitability of the structure of the statistical model. Please evaluate choices to
exclude or not exclude subsets of the data. Please evaluate any choices to transform data (or, if there
were no transformations, but you think there should have been, please discuss that choice).” After
submitting this review, a methods section from a second analysis was then made available to the
reviewer. This same sequence was followed until all analyses allocated to a given reviewer were
provided and reviewed. After providing the final review, the reviewer was simultaneously provided
with all four (or more) methods sections the reviewer had just completed reviewing, the option to
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revise their original ratings, and a text box to provide an explanation. The invitation to revise the
original ratings was as follows: “If, now that you have seen all the analyses you are reviewing, you
wish to revise your ratings of any of these analyses, you may do so now.” The text box was prefaced
with this prompt: “Please explain your choice to revise (or not to revise) your ratings.”

Additional Information: unregistered analysis

To determine how consistent peer reviewers were in their ratings, we assessed inter-rater
reliability among reviewers for both the categorical and quantitative ratings combining blue tit
and Eucalyptus data using Krippendorff’s alpha for ordinal and continuous data respectively. This
provides a value that is between -1 (total disagreement between reviewers) and 1 (total
agreement between reviewers).

Step 5: Evaluate variation

Additional Information: analysis schematic

The lead team conducted a range of preregistered and exploratory analyses to understand
variation between analyses and their results. Figure 1 is intended to clarify the analyses
described below.

Analysis of heterogeneity
Analyses requiring major revisions (and worse) removed

Analyses from teams without at least one person highly proficient
(or better) in statistics removed

QOutliers removed

Results Blue tit analyses with 2 highly colinear predictors removed

Text explanation Apparently unreliable effects removed

Analyses of Survey response
blue tit and including effect size
Eucalyptus estimate — A
datasets S_tandar_dl%e Bl Box-cox transformed deviation score explained by:
Out-of-sample Sl R Sorensen index

Standardise to Zr Full dataset

predictions (yi) v) Inclusion of random effects

Retain Review rating {continuous) + Reviewer 1D + Effect 1D
Eucalyptus < < < =
L T T

predictions on
natural scale (y;) Review rating (continuous) + Reviewer 1D
Peer review of Review rating (categorical) + Reviewer 1D

analysis
methods

Review rating (continuous) + review rating (categorical) +
Sorensen + inclusion of random effects + Reviewer ID

Figure 1: Schematic of research process showing recruited analyst and reviewer contributions in
orange and core team contributions in blue. Items that are crossed out were preregistered but
could not be conducted. Items with a greyed background were added as exploratory analyses
after preregistration.
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The lead team conducted the analyses outlined in this section. We described the variation in model
specification in several ways. We calculated summary statistics describing variation among analyses,
including mean, SD, and range of number of variables per model included as fixed effects, the
number of interaction terms, the number of random effects, and the mean, SD, and range of sample
sizes. We also present the number of analyses in which each variable was included. We summarized
the variability in standardized effect sizes and predicted values of dependent variables among the
individual analyses using standard random effects meta-analytic techniques. First, we derived
standardized effect sizes from each individual analysis. We did this for all linear models or
generalized linear models by converting the t value and the degree of freedom (df) associated with
regression coefficients (e.g. the effect of the number of siblings [predictor] on growth [response] or
the effect of grass cover [predictor] on seedling recruitment [response]) to the correlation
coefficient, r, using the following:

£2
(t? + df)

This formula can only be applied if t and df values originate from linear or generalized linear models
[GLMs; Nakagawa and Cuthill (2007)]. If, instead, linear mixed-effects models (LMMs) or generalized
linear mixed-effects models (GLMMs) were used by a given analysis, the exact df cannot be
estimated. However, adjusted df can be estimated, for example, using the Satterthwaite
approximation of df, dfs, [note that SAS uses this approximation to obtain df for LMMs and

GLMMs; Luke (2017)]. For analyses using either LMMs or GLMMs that do not produce dfs we
planned to obtain dfs by rerunning the same (G)LMMs using the Imer() or glmer() function in

the ImerTest package in R (Kuznetsova, Brockhoff, and Christensen 2017; R Core Team 2024).

Preregistration Deviation:

Rather than re-run these analyses ourselves, we sent a follow-up survey (referenced above under
“Primary data analyses”) to analysts and asked them to follow our instructions for producing this
information. The instructions are publicly available and can be found within the following files
(blue tit: https://osf.io/kr2g9, Eucalyptus: https://osf.io/dfvym).

We then used the t values and dfs from the models to obtain r as per the formula above. All r and
accompanying df (or dfs) were converted to Fisher’s Z.

1 1+r
Zrzzln(l—r)

and its sampling variance; 1/(n—3) where n=df+1. Any analyses from which we could not derive a
signed Z,, for instance one with a quadratic function in which the slope changed sign, were
considered unusable for analyses of Z,. We expected such analyses would be rare. In fact, most
submitted analyses excluded from our meta-analysis of Z, were excluded because of a lack of
sufficient information provided by the analyst team rather than due to the use of effects that could
not be converted to Z,. Regardless, as we describe below, we generated a second set of standardized
effects (predicted values) that could (in principle) be derived from any explanatory model produced
by these data.

Besides Z,, which describes the strength of a relationship based on the amount of variation in a
dependent variable explained by variation in an independent variable, we also examined differences




774
775
776
777
778

779

780
781
782
783
784
785
786

787

788
789

in the shape of the relationship between the independent and dependent variables. To accomplish
this, we derived a point estimate (out-of-sample predicted value) for the dependent variable of
interest for each of three values of our primary independent variable. We originally described these
three values as associated with the 25th percentile, median, and 75th percentile of the independent
variable and any covariates.

Preregistration Deviation:

The original description of the out-of-sample specifications did not account for the facts that (a)
some variables are not distributed in a way that allowed division in percentiles and that (b)
variables could be either positively or negatively correlated with the dependent variable. We
provide a more thorough description here:

We derived three point-estimates (out-of-sample predicted values) for the dependent variable of
interest; one for each of three values of our primary independent variable that we specified. We
also specified values for all other variables that could have been included as independent
variables in analysts’ models so that we could derive the predicted values from a fully specified
version of any model produced by analysts. For all potential independent variables, we selected
three values or categories. Of the three we selected, one was associated with small, one with
intermediate, and one with large values of one typical dependent variable (day 14 chick weight
for the blue tit data and total number of seedlings for the Eucalyptus data; analysts could select
other variables as their dependent variable, but the others typically correlated with the two
identified here). For continuous variables, this means we identified the 25th percentile, median,
and 75th percentile and, if the slope of the linear relationship between this variable and the
typical dependent variable was positive, we left the quartiles ordered as is. If, instead, the slope
was negative, we reversed the order of the independent variable quartiles so that the ‘lower’
quartile value was the one associated with the lower value for the dependent variable. In the
case of categorical variables, we identified categories associated with the 25th percentile,
median, and 75th percentile values of the typical dependent variable after averaging the values
for each category. However, for some continuous and categorical predictors, we also made
selections based on the principle of internal consistency between certain related variables, and
we fixed a few categorical variables as identical across all three levels where doing so would
simplify the modelling process (specification tables available: blue

tit: https://osf.io/86akx; Eucalyptus: https://osf.io/jh7g5).

We used the 25th and 75th percentiles rather than minimum and maximum values to reduce the
chance of occupying unrealistic parameter space. We planned to derive these predicted values from
the model information provided by the individual analysts. All values (predictions) were first
transformed to the original scale along with their standard errors (SE); we used the delta

method (Ver Hoef 2012) for the transformation of SE. We used the square of the SE associated with
predicted values as the sampling variance in the meta-analyses described below, and we planned to
analyze these predicted values in exactly the same ways as we analyzed Z; in the following analyses.

We plotted individual effect size estimates (Z) and predicted values of the dependent variable (y))
and their corresponding 95% confidence / credible intervals in forest plots to allow visualization of
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Preregistration Deviation:
1. Standardizing blue tit out-of-sample predictions (y))

Because analysts of blue tit data chose different dependent variables on different scales, after
transforming out-of-sample values to the original scales, we standardized all values as z scores
(‘standard scores’) to put all dependent variables on the same scale and make them comparable.
This involved taking each relevant value on the original scale (whether a predicted point estimate
or a SE associated with that estimate) and subtracting the value in question from the mean value
of that dependent variable derived from the full dataset and then dividing this difference by the
standard deviation, SD, corresponding to the mean from the full dataset (Supplementary
Material B, Equation B.1).

Note that we were unable to standardise some analyst-constructed variables, so these analyses
were excluded from the final out-of-sample estimates meta-analysis, see Supplementary Material
B, section B.1.2.1 for details and explanation.

2. Log-transforming Eucalyptus out-of-sample predictions yi

All analyses of the Eucalyptus data chose dependent variables that were on the same scale, that
is, Eucalyptus seedling counts. Although analysts may have used different size-classes

of Eucalyptus seedlings for their dependent variable, we considered these choices to be akin to
subsetting, rather than as different response variables, since changing the size-class of the
dependent variable ultimately results in observations being omitted or included. Consequently,
we did not standardise Eucalyptus out-of-sample predictions.

We were unable to fit quasi-Poisson or Poisson meta-regressions, as desired (O’Hara and Kotze
2010), because available meta-analysis packages (e.g. metafor:: and metainc::) do not provide
implementation for outcomes as estimates-only, methods are only provided for outcomes as
ratios or rate-differences between two groups. Consequently, we log-transformed the out-of-
sample predictions for the Eucalyptus data and use the mean estimate for each prediction
scenario as the dependent variable in our meta-analysis with the associated SE as the sampling
variance in the meta-analysis (Nakagawa et al. 2023, Table 2).

the range and precision of effect size and predicted values. Further, we included these estimates in
random effects meta-analyses (Higgins et al. 2003; Borenstein et al. 2017) using the metafor package
in R (Viechtbauer 2010; R Core Team 2024):

Z.~14+ (1|Effect ID)
yi~1+ (1|Effect ID)

where y;is the predicted value for the dependent variable at the 25th percentile, median, or 75th
percentile of the independent variables. The individual Z. effect sizes were weighted with the inverse
of sampling variance for Z.. The individual predicted values for dependent variable (y;) were weighted
by the inverse of the associated SE? (original registration omitted “inverse of the” in error). These
analyses provided an average Z score (Z,.) or an average y; (¥;) with corresponding 95% confidence
interval and allowed us to estimate two heterogeneity indices, T2 and /2. The former, T2, is the
absolute measure of heterogeneity or the between-study variance (in our case, between-effect
variance) whereas /? is a relative measure of heterogeneity. We obtained the estimate of relative
heterogeneity (/%) by dividing the between-effect variance by the sum of between-effect and within-
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effect variance (sampling error variance). I is thus, in a standard meta-analysis, the proportion of
variance that is due to heterogeneity as opposed to sampling error. When calculating /2, within-study
variance is amalgamated across studies to create a “typical” within-study variance which serves as
the sampling error variance (Higgins et al. 2003; Borenstein et al. 2017). Our goal here was to
visualize and quantify the degree of variation among analyses in effect size estimates (Nakagawa and
Cuthill 2007). We did not test for statistical significance.

Additional explanation:

Our use of I? to quantify heterogeneity violates an important assumption, but this violation does
not invalidate our use of | as a metric of how much heterogeneity can derive from analytical
decisions. In standard meta-analysis, the statistic 12 quantifies the proportion of variance that is
greater than we would expect if differences among estimates were due to sampling error

alone (Rosenberg 2013). However, it is clear that this interpretation does not apply to our value
of I because I? assumes that each estimate is based on an independent sample (although these
analyses can account for non-independence via hierarchical modelling), whereas all our effects
were derived from largely or entirely overlapping subsets of the same dataset. Despite this, we
believe that /? remains a useful statistic for our purposes. This is because, in calculating /%, we are
still setting a benchmark of expected variation due to sampling error based on the variance
associated with each separate effect size estimate, and we are assessing how much (if at all) the
variability among our effect sizes exceeds what would be expected had our effect sizes been
based on independent data. In other words, our estimates can tell us how much proportional
heterogeneity is possible from analytical decisions alone when sample sizes (and therefore meta-
analytic within-estimate variance) are similar to the ones in our analyses. Among other
implications, our violation of the independent sample assumption means that we (dramatically)
over-estimate the variance expected due to sampling error, and because /? is a proportional
estimate, we thus underestimate the actual proportion of variance due to differences among
analyses other than sampling error. However, correcting this underestimation would create a
trivial value since we designed the study so that much of the variance would derive from analytic
decisions as opposed to differences in sampled data. Instead, retaining the /? value as typically
calculated provides a useful comparison to /2 values from typical meta-analyses.

Interpretation of t2 also differs somewhat from traditional meta-analysis, and we discuss this
further in the Results.

Finally, we assessed the extent to which deviations from the meta-analytic mean by individual effect
sizes (Z;) or the predicted values of the dependent variable (y;) were explained by the peer rating of
each analysis team’s method section, by a measurement of the distinctiveness of the set of predictor

variables included in each analysis, and by the choice of whether or not to include random effects in
the model. The deviation score, which served as the dependent variable in these analyses, is the

absolute value of the difference between the meta-analytic mean Z, (or ¥;) and the
individual Z, (or y;) estimate for each analysis. We used the Box-Cox transformation on the absolute

values of deviation scores to achieve an approximately normal distribution (c.f. Fanelli and loannidis

2013; Fanelli, Costas, and loannidis 2017). We described variation in this dependent variable with
both a series of univariate analyses and a multivariate analysis. All these analyses were general linear



822 (mixed) models. These analyses were secondary to our estimation of variation in effect sizes
823 described above. We wished to quantify relationships among variables, but we had no a
824  priori expectation of effect size and made no dichotomous decisions about statistical significance.

825 When examining the extent to which reviewer ratings (on a scale from 0 to 100) explained deviation
826  from the average effect (or predicted value), each analysis had been rated by multiple peer

827 reviewers, so for each reviewer score to be included, we include each deviation score in the analysis
828 multiple times. To account for the non-independence of multiple ratings of the same analysis, we
829 planned to include analysis identity as a random effect in our general linear mixed model in

830 the/me4 package in R (Bates et al. 2015; R Core Team 2024). To account for potential differences
831 among reviewers in their scoring of analyses, we also planned to include reviewer identity as a

Additional explanation:

In our meta-analyses based on Box-Cox transformed deviation scores, we leave these deviation
scores unweighted. This is consistent with our registration, which did not mention weighting
these scores. However, the fact that we did not mention weighting the scores was actually an
error: we had intended to weight them, as is standard in meta-analysis, using the inverse
variance of the Box-Cox transformed deviation scores Supplementary Material C, equation C.1.
Unfortunately, when we did conduct the weighted analyses, they produced results in which some
weighted estimates differed radically from the unweighted estimate because the weights were
invalid. Such invalid weights can sometimes occur when the variance (upon which the weights
depend) is partly a function of the effect size, as in our Box-Cox transformed deviation

scores (Nakagawa et al. 2022). In the case of the Eucalyptus analyses, the most extreme outlier
was weighted much more heavily (by close to two orders of magnitude) than any other effect
sizes because the effect size was, itself, so high. Therefore, we made the decision to avoid
weighting by inverse variance in all analyses of the Box-Cox transformed deviation scores. This
was further justified because (a) most analyses have at least some moderately unreliable
weights, and (b) the sample sizes were mostly very similar to each other across submitted
analyses, and so meta-analytic weights are not particularly important here (Buck et al. 2022). We
systematically investigated the impact of different weighting schemes and random effects on
model convergence and results, see Supplementary Material C, section C.8 for more details.

832 random effect:

833 DeviationScore; = BoxCox(DeviationFromMeanj)

834 DeviationScore;j~Rating;; + ReviewerlD; + Ef fectID;
835 ReviewerID;~N (0, 67)

836 EffectID ~N(0,07)

837  Where DeviationFromMean,; is the deviation from the meta-analytic mean for the jth

838  analysis, Reviewer ID; is the random intercept assigned to each i reviewer, and Effect ID; is the

839 random intercept assigned to each j analysis, both of which are assumed to be normally distributed
840  with a mean of 0 and a variance of 6%. Absolute deviation scores were Box-Cox transformed using
841  the step_box_cox() function from the timetk package in R (Dancho and Vaughan 2023; R Core Team
842 2024).
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We conducted a similar analysis with the four categories of reviewer ratings ((1) deeply flawed and
unpublishable, (2) publishable with major revision, (3) publishable with minor revision, (4)
publishable as is) set as ordinal predictors numbered as shown here. As with the analyses above, we
planned for these analyses to also include random effects of analysis identity and reviewer identity.
Both of these analyses (1: 1-100 ratings as the fixed effect, 2: categorical ratings as the fixed effects)
were planned to be conducted eight times for each dataset. Each of the four responses

(Z:, y2s, Yso, Y75) Were to be compared once to the initial ratings provided by the peer reviewers, and
again based on the revised ratings provided by the peer reviewers.

Preregistration deviation:

1. We planned to include random effects of both analysis identity and reviewer identity in these
models comparing reviewer ratings with deviation scores. However, after we received the
analyses, we discovered that a subset of analyst teams had either conducted multiple
analyses and/or identified multiple effects per analysis as answering the target question. We
therefore faced an even more complex potential set of random effects. We decided that
including Team ID and Effect ID along with Reviewer ID as random effects in the same model
would almost certainly lead to model fit problems, and so we started with simpler models
including just Effect ID and Reviewer ID. However, even with this simpler structure, our
dataset was sparse, with reviewers rating a small number of analyses, resulting in models
with singular fit (Supplementary Material C, section C.2). Removing one of the random
effects was necessary for the models to converge. For both models of deviation from the
meta-analytic mean explained by categorical or continuous reviewer ratings, we removed the
random effect of Effect ID, leaving Reviewer ID as the only random effect.

2. We conducted analyses only with the final peer ratings after the opportunity for revision, not
with the initial ratings. This was because when we recorded the final ratings, the initial
ratings were over-written, therefore we did not have access to those initial values.

The next set of univariate analyses sought to explain deviations from the mean effects based on a
measure of the distinctiveness of the set of variables included in each analysis. As a ‘distinctiveness’
score, we used Sorensen’s Similarity Index (an index typically used to compare species composition
across sites), treating variables as species and individual analyses as sites. To generate an individual
Sorensen’s value for each analysis required calculating the pairwise Sorensen’s value for all pairs of
analyses (of the same dataset), and then taking the average across these Sorensen’s values for each
analysis. We calculated the Sorensen’s index values using the betapart package (Baselga et al.
2023)in R:

b+c

S =
BSorensen atbtec
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where a is the number of variables common to both analyses, b is the number of variables that occur
in the first analysis but not in the second and c is the number of variables that occur in the second
analysis. We then used the per-model average Sorensen’s index value as an independent variable to
predict the deviation score in a general linear model, and included no random effect since each
analysis is included only once, in R (R Core Team 2024):

DeviationScore;j~[pSorensen;

Additional explanation:

When we planned this analysis, we anticipated that analysts would identify a single primary
effect from each model, so that each model would appear in the analysis only once. Our
expectation was incorrect because some analysts identified >1 effect per analysis, but we still
chose to specify our model as registered and not use a random effect. This is because most
models produced only one effect and so we expected that specifying a random effect to account
for the few cases where >1 effect was included for a given model would prevent model
convergence.

Note that this analysis contrasts with the analyses in which we used reviewer ratings as
predictors because in the analyses with reviewer ratings, each effect appeared in the analysis
approximately four times due to multiple reviews of each analysis, and so it was much more
important to account for that variance through a random effect.

Next, we assessed the relationship between the inclusion of random effects in the analysis and the
deviation from the mean effect size. We anticipated that most analysts would use random effects in a
mixed model framework, but if we were wrong, we wanted to evaluate the differences in outcomes
when using random effects versus not using random effects. Thus, if there were at least 5 analyses
that did and 5 analyses that did not include random effects, we would add a binary predictor variable
“random effects included (yes/no)” to our set of univariate analyses and would add this predictor
variable to our multivariate model described below. This standard was only met for

the Eucalyptus analyses, and so we only examined inclusion of random effects as a predictor variable
in meta-analysis of this set to analyses.

Finally, we conducted a multivariate analysis with the five predictors described above (peer ratings 0-
100 and peer ratings of publishability 1-4; both original and revised and Sorensen’s index, plus a sixth
for Eucalyptus, presence / absence of random effects) with random effects of analysis identity and
reviewer identity in the Ime4 package in R (Bates et al. 2015; R Core Team 2024). We had stated here
in the text that we would use only the revised (final) peer ratings in this analysis, so the absence of
the initial ratings is not a deviation from our plan:

DeviationScorej = BoxCox(DeviationFromMeanj)

DeviationScore;j~RatingContinuous;; + RatingCategorical;; + fSorensen; + ReviewerID;
+ Effect ID;

ReviewerID;~N (0, 6?)

EffectID;~N (0, 67)
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We conducted all the analyses described above eight times; for each of the four responses
(Z:, y2s, Ys0, Y75) one time for each of the two datasets.

We have publicly archived all relevant data, code, and materials on the Open Science Framework
(https://osf.io/mn5aj/). Archived data includes the original datasets distributed to all analysts, any
edited versions of the data analyzed by individual groups, and the data we analyzed with our meta-
analyses, which include the effect sizes derived from separate analyses, the statistics describing
variation in model structure among analyst groups, and the anonymized answers to our surveys of
analysts and peer reviewers. Similarly, we have archived both the analysis code used for each
individual analysis (where available) and the code from our meta-analyses. We have also archived

copies of our survey instruments from analysts and peer reviewers.

Our rules for excluding data from our study were as follows. We excluded from our synthesis any
individual analysis submitted after we had completed peer review or those unaccompanied by
analysis files that allow us to understand what the analysts did. We also excluded any individual
analysis that did not produce an outcome that could be interpreted as an answer to our primary
question (as posed above) for the respective dataset. For instance, this means that in the case of the
data on blue tit chick growth, we excluded any analysis that did not include something that can be
interpreted as growth or size as a dependent (response) variable, and in the case of

the Eucalyptus establishment data, we excluded any analysis that did not include a measure of grass
cover among the independent (predictor) variables. Also, as described above, any analysis that could
not produce an effect that could be converted to a signed Z. was excluded from analyses of Z..

Preregistration Deviation:

Some analysts had difficulty implementing our instructions to derive the out-of-sample
predictions, and in some cases (especially for the Eucalyptus data), they submitted predictions
with implausibly extreme values. We believed these values were incorrect and thus made the
conservative decision to exclude out-of-sample predictions where the estimates were > 3
standard deviations from the mean value from the full dataset provided to teams for analysis.
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Additional explanation: unregistered analyses

1. Evaluating model fit.

We evaluated all fitted models using the performance::performance() function from

the performance package (Lidecke, Ben-Shachar, et al. 2021) and the glance() function from

the broom.mixed package (Bolker et al. 2024). For all models, we calculated the square root of
the residual variance (Sigma) and the root mean squared error (RMSE). For

GLMMs performance::performance() calculates the marginal and conditional R? values as well as
the contribution of random effects (ICC), based on Nakagawa et al. (2017). The

conditional R? accounts for both the fixed and random effects, while the marginal R? considers
only the variance of the fixed effects. The contribution of random effects is obtained by
subtracting the marginal R? from the conditional R?.

2. Exploring outliers and analysis quality.

After seeing the forest plots of Zr values and noticing the existence of a small number of extreme
outliers, especially from the Eucalyptus analyses, we wanted to understand the degree to which
our heterogeneity estimates were influenced by these outliers. To explore this question, we
removed the highest two and lowest two values of Zr in each dataset and re-calculated our
heterogeneity estimates.

To help understand the possible role of the quality of analyses in driving the heterogeneity we
observed among estimates of Zr, we created forest plots and recalculated our heterogeneity
estimates after removing all effects from analysis teams that had received at least one rating of
“deeply flawed and unpublishable” and then again after removing all effects from analysis teams
with at least one rating of either “deeply flawed and unpublishable” or “publishable with major
revisions”. We also used self-identified levels of statistical expertise to examine heterogeneity
when we retained analyses only from analysis teams that contained at least one member who
rated themselves as “highly proficient” or “expert” (rather than “novice” or “moderately
proficient”) in conducting statistical analyses in their research area in our intake survey.
Additionally, to assess potential impacts of highly collinear predictor variables on estimates

of Zr in blue tit analyses, we created forest plots (Supplementary Material B, Figure B.5) and
recalculated our heterogeneity estimates after we removed analyses that contained the brood
count after manipulation and the highly correlated (correlation of 0.89, Supplementary Material
D, Figure D.2) brood count at day 14. This removal included the one effect based on a model that
contained both these variables and a third highly correlated variable, the estimate of number of
chicks fledged (the only model that included the estimate of number of chicks fledged). We did
not conduct a similar analysis for the Eucalyptus dataset because there were no variables highly
collinear with the primary predictors (grass cover variables) in that dataset (Supplementary
Material D, Figure D.1).

3. Exploring possible impacts of lower quality estimates of degrees of freedom.

Our meta-analyses of variation in Z,. required variance estimates derived from estimates of the
degrees of freedom in original analyses from which Z,. estimates were derived. While processing
the estimates of degrees of freedom submitted by analysts, we identified a subset of these
estimates in which we had lower confidence because two or more effects from the same analysis
were submitted with identical degrees of freedom. We therefore conducted a second set of
(more conservative) meta-analyses that excluded these Z, estimates with identical estimates of
degrees of freedom and we present these analyses in the supplement.
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Additional explanation: Best practices in many-analysts research

After we initiated our project, a paper was published outlining best practices in many-analysts
studies (Aczel et al. 2021). Although we did not have access to this document when we
implemented our project, our study complies with these practices nearly completely. The one
exception is that although we requested analysis code from analysts, we did not require
submission of code.

Step 6: Facilitated Discussion and Collaborative Write-Up of
Manuscript

We planned for analysts and initiating authors to discuss the limitations, results, and implications of
the study and collaborate on writing the final manuscript for review as a stage-2 Registered Report.

Preregistration deviation:

As described above, due to the large number of recruited analysts and reviewers and the
anticipated challenges of receiving and integrating feedback from so many authors, we limited
analyst and reviewer participation in the production of the final manuscript to an invitation to
call attention to serious problems with the manuscript draft.

We built an R package, ManyEcoEvo:: to conduct the analyses described in this study (Gould et al.
2023), which can be downloaded from https://github.com/egouldo/ManyEcoEvo/ to reproduce our
analyses or replicate the analyses described here using alternate datasets. Data cleaning and
preparation of analysis-data, as well as the analysis, is conducted in R (R Core Team

2024) reproducibly using the targets package (Landau 2021). This data and analysis pipeline is stored
in the ManyEcoEvo:: package repository and its outputs are made available to users of the package
when the library is loaded.

The full manuscript, including further analysis and presentation of results is written in Quarto (Allaire
et al. 2024). The source code to reproduce the manuscript is hosted at
https://github.com/egouldo/ManyAnalysts/ (Gould et al. 2024), and the rendered version of the
source code may be viewed at https://egouldo.github.io/ManyAnalysts/. All R packages and their
versions used in the production of the manuscript are listed in Table 7 at the end of this paper.

Results

Summary Statistics

In total, 173 analyst teams, comprising 246 analysts, contributed 182 usable analyses (compatible
with our meta-analyses and provided with all information needed for inclusion) of the two datasets
examined in this study which yielded 215 effects. Analysts produced 134 distinct effects that met our
criteria for inclusion in at least one of our meta-analyses for the blue tit dataset. Analysts produced
81 distinct effects meeting our criteria for inclusion for the Eucalyptus dataset. Excluded analyses and
effects either did not answer our specified biological questions, were submitted with insufficient
information for inclusion in our meta-analyses, or were incompatible with production of our effect
size(s). We expected cases of this final scenario (incompatible analyses), for instance we cannot
extract a Z, from random forest models, which is why we analyzed two distinct types of effects, Z, and
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out-of-sample predictions. Some effects only provided sufficient information for a subset of analyses
and were only included in that subset. For both datasets, most submitted analyses incorporated
mixed effects. Submitted analyses of the blue tit dataset typically specified normal error and analyses
of the Eucalyptus dataset typically specified a non-normal error distribution (Supplementary Material
A, Table A.1).

For both datasets, the composition of models varied substantially in regards to the number of fixed
and random effects, interaction terms, and the number of data points used, and these patterns
differed somewhat between the blue tit and Eucalyptus analyses (See Supplementary Material A,
Table A.2). Focusing on the models included in the Z; analyses (because this is the larger sample),
blue tit models included a similar number of fixed effects on average (mean 5.2 £ 2.92 SD, range: 1 to
19) as Eucalyptus models (mean 5.01 + 3.83 SD, range: 1 to 13), but the standard deviation in
number of fixed effects was somewhat larger in the Eucalyptus models. The average number of
interaction terms was much larger for the blue tit models (mean 0.44 + 1.11 SD, range: 0 to 10) than
for the Eucalyptus models (mean 0.16 * 0.65 SD, range: 0 to 5), but still under 0.5 for both, indicating
that most models did not contain interaction terms. Blue tit models also contained more random
effects (mean 3.53 + 2.08 SD, range: 0 to 10) than Eucalyptus models (mean 1.41 + 1.09 SD, range: 0
to 4). The maximum possible sample size in the blue tit dataset (3720 nestlings) was an order of
magnitude larger than the maximum possible in the Eucalyptus dataset (351 plots), and the means
and standard deviations of the sample size used to derive the effects eligible for our study were also
an order of magnitude greater for the blue tit dataset (mean 2611.09 + 937.48 SD, range: 76 to 76)
relative to the Eucalyptus models (mean 298.43 + 106.25 SD, range: 18 to 351). However, the
standard deviation in sample size from the Eucalyptus models was heavily influenced by a few cases
of dramatic sub-setting (described below). Approximately three quarters of Eucalyptus models used
sample sizes within 3% of the maximum. In contrast, fewer than 20% of blue tit models relied on
sample sizes within 3% of the maximum, and approximately 50% of blue tit models relied on sample
sizes 29% or more below the maximum.

Analysts provided qualitative descriptions of the conclusions of their analyses. Each analysis team
provided one conclusion per dataset. These conclusions could take into account the results of any
formal analyses completed by the team as well as exploratory and visual analyses of the data. Here
we summarize all qualitative responses, regardless of whether we had sufficient information to use
the corresponding model results in our quantitative analyses below. We classified these conclusions
into the categories summarized below (Table 1):

e Mixed: some evidence supporting a positive effect, some evidence supporting a negative effect

e Conclusive negative: negative relationship described without caveat

e Quadlified negative: negative relationship but only in certain circumstances or where analysts
express uncertainty in their result

e Conclusive none: analysts interpret the results as conclusive of no effect

e Quadlified none: analysts describe finding no evidence of a relationship but they describe the
potential for an undetected effect

e Quadlified positive: positive relationship described but only in certain circumstances or where
analysts express uncertainty in their result

e Conclusive positive: positive relationship described without caveat

For the blue tit dataset, most analysts concluded that there was negative relationship between
measures of sibling competition and nestling growth, though half the teams expressed qualifications
or described effects as mixed or absent. No analysts concluded that there was a positive relationship
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even though some individual effect sizes were positive, apparently because all analysts who
produced effects indicating positive relationships also produced effects indicating negative
relationships and therefore described their results as qualified, mixed, or absent. For

the Eucalyptus dataset, there was a broader spread of conclusions with at least one analyst team

providing conclusions consistent with each conclusion category. The most common conclusion for
the Eucalyptus dataset was that there was no relationship between grass cover
and Eucalyptus recruitment (either conclusive or qualified description of no relationship), but more
than half the teams concluded that there were effects; negative, positive, or mixed.

Table 1: Tallies of analysts’ qualitative answers to the research questions addressed by their analyses.

Dataset Mixed Negative Negative None None Positive Positive
Conclusive | Qualified Conclusive | Qualified Qualified Conclusive

blue tit 5 37 27 4 1 0 0

Eucalyptus | 8 6 12 19 12 4 2

Distribution of effects

Effect sizes (Z)

Although the majority (118 of 131) of the usable Zr effects from the blue tit dataset found nestling
growth decreased with sibling competition, and the meta-analytic mean Z; (Fisher’s transformation
of the correlation coefficient) was convincingly negative (-0.35 = 0.06 95%Cl), there was substantial
variability in the strength and the direction of this effect. Z, ranged from -1.55 to 0.38, and
approximately continuously from -0.93 to 0.19 (Figure 2a and Table 4), and of the 118 effects with
negative slopes, 93 had confidence intervals excluding 0. Of the 13 with positive slopes indicating
increased nestling growth in the presence of more siblings, 2 had confidence intervals excluding zero
(Figure 2a).

Meta-analysis of the Eucalyptus dataset also showed substantial variability in the strength of effects
as measured by Z,, and unlike with the blue tits, a notable lack of consistency in the direction of
effects (Figure 2b, Table 4). Z, ranged from -4.47 (Supplementary Material A, Figure A.2), indicating a

strong tendency for reduced Eucalyptus seedling success as grass cover increased, to 0.39, indicating
the opposite. Although the range of reported effects skewed strongly negative, this was due to a
small number of substantial outliers. Most values of Z, were relatively small with values <|0.2| and
the meta-analytic mean effect size was close to zero (-0.09 + 0.12 95%Cl). Of the 79 effects, fifty-
three had confidence intervals overlapping zero, approximately a quarter (fifteen) crossed the
traditional threshold of statistical significance indicating a negative relationship between grass cover
and seedling success, and eleven crossed the significance threshold indicating a positive relationship
between grass cover and seedling success (Figure 2b).
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Figure 2: Forest plots of meta-analytic estimated standardized effect sizes (Z, blue triangles) and
their 95% confidence intervals for each effect size included in the meta-analysis model. (A) Blue tit
analyses: Points where Z; are less than 0 indicate analyses that found a negative relationship
between sibling number and nestling growth. (B) Eucalyptus analyses: Points where Z, are less than 0
indicate a negative relationship between grass cover and Eucalyptus seedling success. The meta-
analytic mean effect size is denoted by a black circle and a dashed vertical line, with error bars also
representing the 95% confidence interval. The solid black vertical line demarcates effect size of 0,
indicating no relationship between the test variable and the response variable. Note that

the Eucalyptus plot omits one extreme outlier with the value of -4.47 (Supplementary Material A,
Figure A.2) in order to standardize the x-axes on these two panels.

Out-of-sample predictions (y;)

As with the effect size Z;, we observed substantial variability in the size of out-of-sample predictions
derived from the analysts’ models. Blue tit predictions (Figure 3a), which were z-score-standardised
to accommodate the use of different response variables, always ranged far in excess of one standard
deviation. In the y;s scenario, model predictions ranged from -1.84 to 0.42 (a range of 2.68 standard
deviations), in the yso they ranged from -0.52 to 1.08 (a range of 1.63 standard deviations), and in
the y7s scenario they ranged from -0.03 to 1.59 (a range of 1.9 standard deviations). As should be
expected given the existence of both negative and positive Z;values, all three out-of-sample
scenarios produced both negative and positive predictions, although as with the Z, values, there is a
clear trend for scenarios with more siblings to be associated with smaller nestlings. This is supported
by the meta-analytic means of these three sets of predictions which were -0.66 (95%Cl -0.82-0.5) for
the y,s, 0.34 (95%Cl 0.2-0.48) for the yso, and 0.67 (95%Cl 0.57-0.77) for the yys.

Eucalyptus out-of-sample predictions also varied substantially (Figure 3b), but because they were not
z-score-standardised and are instead on the original count scale, the types of interpretations we can
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make differ. The predicted Eucalyptus seedling counts per 15 x 15 m plot for the y,s scenario ranged
from 0.04 to 26.99, for the yso scenario ranged from 0.04 to 44.34, and for the y7s scenario they
ranged from 0.03 to 61.34. The meta-analytic mean predictions for these three scenarios were
similar; 1.27 (95%Cl 0.59-2.3) for the y;s, 2.92 (95%Cl 0.98-3.89) for the yso, and 2.92 (95%Cl 1.59-
4.9) for the y;5 scenarios respectively.
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Figure 3: Forest plot of meta-analytic estimated out-of-sample predictions. A) Standardized (z-score)
blue tit out-of-sample predictions, y.. B) response-scale (stem counts) Eucalyptus out-of-sample
predictions. Triangles represent individual estimates. Circles represent the meta-analytic mean for
each prediction scenario. Dark-blue points correspond to yzs scenario, medium-blue points
correspond to the yso scenario, while light blue points correspond to the yss scenario. Error bars are
95% confidence intervals. Note that, for the Eucalyptus analysis, outliers (observations more than 3
SD above the mean) have been removed prior to model fitting and do not appear on this figure. The
x-axis is truncated to approximately 140, and thus some error bars are incomplete.

See Supplementary Material B, Figure B.6 for full figure.

Quantifying heterogeneity

Effect sizes (Z)

We quantified both absolute (t2) and relative (/?) heterogeneity resulting from analytical variation.
Both measures suggest that substantial variability among effect sizes was attributable to the
analytical decisions of analysts.
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The total absolute level of variance beyond what would typically be expected due to sampling

error, T (Table 2), among all usable blue tit effects was 0.08 and for Eucalyptus effects was 0.27. This
is similar to or exceeding the median value (0.105) of T2 found across 31 recent meta-

analyses (calculated from the data in Yang et al. 2023). The similarity of our observed values to
values from meta-analyses of different studies based on different data suggest the potential for a
large portion of heterogeneity to arise from analytical decisions. For further discussion of
interpretation of T2 in our study, please consult discussion of post hoc analyses below.

Table 2: Heterogeneity in the estimated effects Z, for meta-analyses of: the full dataset, as well as
from post hoc analyses wherein analyses with outliers are removed, analyses with effects from
analysis teams with at least one “unpublishable” rating are excluded, analyses receiving at least one
“major revisions” rating or worse excluded, analyses from teams with at least one analyst self-rated
as “highly proficient” or “expert” in statistical analysis are included, and (blue tit only) analyses that
did not included the pair of highly collinear predictors together. Tram is the absolute heterogeneity
for the random effect Team. Tesect 10 is the absolute heterogeneity for the random effect Effect

ID nested under Team. Effect ID is the unique identifier assigned to each individual statistical effect
submitted by an analysis team. We nested Effect ID within analysis team identity (Team) because
analysis teams often submitted >1 statistical effect, either because they considered >1 model or
because they derived >1 effect per model, especially when a model contained a factor with multiple
levels that produced >1 contrast. T2l is the total absolute heterogeneity. ’rl is the proportional
heterogeneity; the proportion of the variance among effects not attributable to sampling

error, ’ream is the subset of the proportional heterogeneity due to differences

among Teams and /ream, effect 10 IS SUbset of the proportional heterogeneity attributable to among-
Effect ID differences.

Dataset | NObs TZTotaI TzTeam TZEffect ID IzTotaI IZTeam IzTeam, Effect ID
All Analyses

Eucalyptus | 79 0.27 0.02 0.25 98.59% 6.89% 91.70%
blue tit 131 0.08 0.03 0.05 97.61% 36.71% 60.90%
Blue tit analyses containing highly collinear predictors removed

blue tit 117 | 0.07 | 0.04 | 0.03 |96.92% |58.18% |38.75%
All analyses, outliers removed

Eucalyptus | 75 0.01 0.00 0.01 66.19% 19.25% 46.94%
blue tit 127 0.07 0.04 0.02 96.84% 64.63% 32.21%
Analyses receiving at least one 'Unpublishable' rating removed

Eucalyptus | 55 0.01 0.01 0.01 79.74% 28.31% 51.43%
blue tit 109 0.08 0.03 0.05 97.52% 35.68% 61.84%
Analyses receiving at least one 'Unpublishable' and or 'Major Revisions' rating removed
Eucalyptus | 13 0.03 0.03 0.00 88.91% 88.91% 0.00%
blue tit 32 0.14 0.01 0.13 98.72% 5.17% 93.55%
Analyses from teams with highly proficient or expert data analysts

Eucalyptus | 34 0.58 0.02 0.56 99.41% 3.47% 95.94%
blue tit 89 0.09 0.03 0.06 97.91% 31.43% 66.49%

In our analyses, I is a plausible index of how much more variability among effect sizes we have
observed, as a proportion, than we would have observed if sampling error were driving variability.
We discuss our interpretation of /? further in the methods, but in short, it is a useful metric for
comparison to values from published meta-analyses and provides a plausible value for how much
heterogeneity could arise in a normal meta-analysis with similar sample sizes due to analytical
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variability alone. In our study, total /? for the blue tit Z, estimates was extremely large, at 97.61%, as
was the Eucalyptus estimate (98.59% Table 2).

Although the overall ? values were similar for both Eucalyptus and blue tit analyses, the relative
composition of that heterogeneity differed. For both datasets, the majority of heterogeneity

in Z, was driven by differences among effects as opposed to differences among teams, though this
was more prominent for the Eucalyptus dataset, where nearly all of the total heterogeneity was
driven by differences among effects (91.7%) as opposed to differences among teams (6.89%)
(Table 2).

Out-of-sample predictions (y))

We observed substantial heterogeneity among out-of-sample estimates, but the pattern differed
somewhat from the Z, values (Table 3). Among the blue tit predictions, /? ranged from medium-high
for the y»s scenario (68.54) to low (27.9) for the y;s scenario. Among

the Eucalyptus predictions, I? values were uniformly high (>82%). For both datasets, most of the
existing heterogeneity among predicted values was attributable to among-team differences, with the
exception of the yso analysis of the Eucalyptus dataset. We are limited in our interpretation of t2 for
these estimates because, unlike for the Z, estimates, we have no benchmark for comparison with
other meta-analyses.

Table 3: Heterogeneity among the out-of-sample predictions y; for both blue tit

and Eucalyptus datasets. Tram is the absolute heterogeneity for the random effect Team. T%trect 10 iS
the absolute heterogeneity for the random effect Effect ID nested under Team. Effect ID is the unique
identifier assigned to each individual statistical effect submitted by an analysis team. We

nested Effect ID within analysis team identity (Team) because analysis teams often submitted >1
statistical effect, either because they considered >1 model or because they derived >1 effect per
model, especially when a model contained a factor with multiple levels that produced >1

contrast. Tt is the total absolute heterogeneity. I*rtl is the proportional heterogeneity; the
proportion of the variance among effects not attributable to sampling error, [Pream is the subset of the
proportional heterogeneity due to differences among Teams and Pream,efrect 10 i Subset of the
proportional heterogeneity attributable to among-Effect ID differences.

Prediction Nobs Trotal TZTeam TZEffect D IZTotaI IzTeam IzTeam, Effect ID
Scenario

blue tit

y25 63 0.23 0.11 0.03 68.54% 53.43% 15.11%
y50 60 0.23 0.06 0.00 50% 46.29% 3.71%

y75 63 0.23 0.02 0.00 27.9% 27.89% 0.01%
Eucalyptus

y25 38 5.75 1.48 0.68 86.93% 59.54% 27.39%
y50 38 5.75 1.32 0.83 89.63% 55% 34.64%
y75 38 5.75 1.03 0.41 80.19% 57.41% 22.78%
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Post-hoc analysis: Exploring outlier characteristics and the effect of
outlier removal on heterogeneity

Effect sizes (Z,)

The outlier Eucalyptus Zr values were striking and merited special examination. The three negative
outliers had very low sample sizes that were based on either small subsets of the dataset or, in one
case, extreme aggregation of data. The outliers associated with small subsets had sample sizes
(n=117, 90, 18) that were less than half of the total possible sample size of 351. The case of extreme
aggregation involved averaging all values within each of the 351 sites in the dataset.

Surprisingly, both the largest and smallest effect sizes in the blue tit analyses (Figure 2a) come from
the same analyst (anonymous ID: ‘Adelong’), with identical models in terms of the explanatory
variable structure, but with different response variables. However, the radical change in effect was
primarily due to collinearity with covariates. The primary predictor variable (brood count after
manipulation) was accompanied by several collinear variables, including the highly collinear
(correlation of 0.89 Supplementary Material D, Figure D.2) covariate (brood count at day 14) in both
analyses. In the analysis of nestling weight, brood count after manipulation showed a strong positive
partial correlation with weight after controlling for brood count at day 14 and treatment category
(increased, decreased, unmanipulated). In that same analysis, the most collinear covariate (the day
14 count) had a negative partial correlation with weight. In the analysis with tarsus length as the
response variable, these partial correlations were almost identical in absolute magnitude, but
reversed in sign and so brood count after manipulation was now the collinear predictor with the
negative relationship. The two models were therefore very similar, but the two collinear predictors
simply switched roles, presumably because a subtle difference in the distribution of weight and
tarsus length data.

When we dropped the Eucalyptus outliers, I decreased from high (98.59 %), using Higgins’ (Higgins
et al. 2003) suggested benchmark, to between moderate and high (66.19 %, Table 2). However, more
notably, T2 dropped from 0.27 to 0.01, indicating that, once outliers were excluded, the observed
variation in effects was similar to what we would expect if sampling error were driving the
differences among effects (since T2 is the variance beyond that driven by sampling error). The
interpretation of this value of T2 in the context of our many-analyst study is somewhat different than
a typical meta-analysis, however, since in our study (especially for Eucalyptus, where most analyses
used almost exactly the same data points), there is almost no role for sampling error in driving the
observed differences among the estimates. Thus, rather than concluding that the variability we
observed among estimates (after removing outliers) was due only to sampling

error (because t2 became small: 10% of the median from Yang et al. 2023), we instead conclude that
the observed variability, which must be due to the divergent choices of analysts rather than sampling
error, is approximately of the same magnitude as what we would have expected if, instead, sampling
error, and not analytical heterogeneity, were at work. Conversely, dropping outliers from the set of
blue tit effects did not meaningfully reduce /2, and only modestly reduced T2 (Table 2). Thus, effects
at the extremes of the distribution were much stronger contributors to total heterogeneity for effects
from analyses of the Eucalyptus than for the blue tit dataset.

Table 4: Estimated mean value of the standardised correlation coefficient, Z_r, along with its standard
error and 95% confidence intervals. We re-computed the meta-analysis for different post hoc subsets
of the data: All eligible effects, removal of effects from blue tit analyses that contained a pair of
highly collinear predictor variables, removal of effects from analysis teams that received at least one
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peer rating of “deeply flawed and unpublishable”, removal of any effects from analysis teams that
received at least one peer rating of either “deeply flawed and unpublishable” or “publishable with
major revisions”,, inclusion of only effects from analysis teams that included at least one member
who rated themselves as “highly proficient” or “expert” at conducting statistical analyses in their
research area.

Dataset a | SE[u] | 95% Cl | statistic p

All analyses

Eucalyptus -0.09 0.06 [-0.22,0.03] -1.47 0.14
blue tit -0.35 0.03 [-0.41,-0.29] | -11.02 <0.001
Blue tit analyses containing highly collinear predictors removed

blue tit -0.36 0.03 | [-0.42,-0.29] | -10.97 <0.001
All analyses, outliers removed

Eucalyptus -0.03 0.01 [-0.06,0.00] -2.23 0.026
blue tit -0.36 0.03 [-0.42,-0.30] | -11.48 <0.001
Analyses receiving at least one 'Unpublishable' rating removed

Eucalyptus -0.02 0.02 [-0.07,0.02] -1.15 0.3
blue tit -0.36 0.03 [-0.43,-0.30] | -10.82 <0.001
Analyses receiving at least one 'Unpublishable' and or 'Major Revisions' rating removed
Eucalyptus -0.04 0.05 [-0.15,0.07] -0.77 0.4
blue tit -0.37 0.07 [-0.51,-0.23] | -5.34 <0.001
Analyses from teams with highly proficient or expert data analysts

Eucalyptus -0.17 0.13 [-0.43,0.10] -1.24 0.2
blue tit -0.36 0.04 [-0.44,-0.28] -8.93 <0.001

Out-of-sample predictions (y;)

We did not conduct these post hoc analyses on the out-of-sample predictions as the number of
eligible effects was smaller and the pattern of outliers differed.

Post hoc analysis: Exploring the effect of removing analyses with poor
peer ratings on heterogeneity

Effect sizes (Z)

Removing poorly rated analyses had limited impact on the meta-analytic means (Supplementary
Material B, Figure B.3). For the Eucalyptus dataset, the meta-analytic mean shifted from -0.09 to -
0.02 when effects from analyses rated as unpublishable were removed, and to -0.04 when effects

from analyses rated, at least once, as unpublishable or requiring major revisions were removed.
Further, the confidence intervals for all of these means overlapped each of the other means

(Table 4). We saw similar patterns for the blue tit dataset, with only small shifts in the meta-analytic
mean, and confidence intervals of all three means overlapping each other mean (Table 4). Refitting
the meta-analysis with a fixed effect for categorical ratings also showed no indication of differences
in group meta-analytic means due to peer ratings (Supplementary Material B, Figure B.1).

For the blue tit dataset, removing poorly-rated analyses led to only negligible changes in Fot and
relatively minor impacts on t2. However, for the Eucalyptus dataset, removing poorly-rated analyses
led to notable reductions in It and substantial reductions in T2. When including all analyses,

the Eucalyptus [P Was 98.59% and t2 was 0.27, but eliminating analyses with ratings of
“unpublishable” reduced /ot to 79.74% and T2 to 0.01, and removing also those analyses “needing



1190
1191
1192
1193
1194
1195
1196
1197
1198

1199

1200
1201
1202

1203

1204

1205
1206

1207

1208
1209
1210
1211
1212

1213
1214

1215

1216

1217
1218
1219
1220
1221

1222
1223

1224

1225
1226

major revisions” left 1 at 88.91% and T2 at 0.03 (Table 2). Additionally, the allocations of /? to the
team versus individual effect were altered for both blue tit and Eucalyptus meta-analyses by
removing poorly-rated analyses, but in different ways. For blue tit meta-analysis, between a third and
two-thirds of the total /> was attributable to among-team variance in most analyses until both
analyses rated “unpublishable” and analyses rated in need of “major revision” were eliminated, in
which case almost all remaining heterogeneity was attributable to among-effect differences. In
contrast, for Eucalyptus meta-analysis, the among-team component of /? was less than third until
both analyses rated “unpublishable” and analyses rated in need of “major revision” were eliminated,
in which case almost 90% of heterogeneity was attributable to differences among teams.

Out-of-sample predictions (y;)

We did not conduct these post hoc analyses on the out-of-sample predictions as the number of
eligible effects was smaller and our ability to interpret heterogeneity values for these analyses was
limited

Post hoc analysis: Exploring the effect of including only analyses
conducted by analysis teams with at least one member self-rated as
“highly proficient” or “expert” in conducting statistical analyses in

their research area

Effect sizes (Z)

Including only analyses conducted by teams that contained at least one member who rated
themselves as “highly proficient” or “expert” in conducting the relevant statistical methods had
negligible impacts on the meta-analytic means (Table 4), the distribution of Z, effects (Supplementary
Material B, Figure B.4), or heterogeneity estimates (Table 2), which remained extremely high.

Out-of-sample predictions (y))

We did not conduct these post hoc analyses on the out-of-sample predictions as the number of
eligible effects was smaller.

Post hoc analysis: Exploring the effect of excluding estimates of Z; in
which we had reduced confidence

As described in our addendum to the methods, we identified a subset of estimates of Z, in which we
had less confidence because of features of the submitted degrees of freedom. Excluding these effects
in which we had lower confidence had minimal impact on the meta-analytic mean and the estimates
of total I and t? for both blue tit and Eucalyptus meta-analyses, regardless of whether outliers were
also excluded (Supplementary Material B, Table B.1).

Post hoc analysis: Exploring the effect of excluding effects from blue
tit models that contained two highly collinear predictors

Effect sizes (Z)

Excluding effects from blue tit models that contained the two highly collinear predictors (brood count
after manipulation and brood count at day 14) had negligible impacts on the meta-analytic means
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(Table 4), the distribution of Z, effects (Supplementary Material B, Figure B.5), or heterogeneity
estimates (Table 2), which remained high.

Out-of-sample predictions

Inclusion of collinear predictors does not harm model prediction, and so we did not conduct these
post hoc analyses.

Explaining Variation in Deviation Scores

None of the pre-registered predictors explained substantial variation in deviation among submitted
statistical effects from the meta-analytic mean (Table 5, Table 6).

Table 5: Summary metrics for registered models seeking to explain deviation (Box-Cox transformed
absolute deviation scores) from Z,. as a function of Sorensen’s Index, categorical peer ratings, and
continuous peer ratings for blue tit and Eucalyptus analyses, and as a function of the presence or
absence of random effects (in the analyst’s models) for Eucalyptus analyses. We report coefficient of
determination, R?, for our models including only fixed effects as predictors of deviation, and we
report R%conditional, R2marginal and the intra-class correlation (ICC) from our models that included both
fixed and random effects. For all our models, we calculated the residual standard deviation o and
root mean squared error (RMSE).

Dataset NObs | R? | R%onditional | Rowarginal | 1CC o RMSE
Deviation explained by categorical ratings

Eucalyptus | 346 0.13 0.01 0.12 1.06 1.02
blue tit 473 0.09 7.47 x 10 | 0.08 0.5 0.48
Deviation explained by continuous ratings

Eucalyptus | 346 0.12 7.44x103 | 0.11 1.06 1.03
blue tit 473 0.09 3.44x103 | 0.09 0.5 0.48
Deviation explained by Sorensen's index

Eucalyptus | 79 1.84 x 10 1.12 1.1
blue tit 131 6.32 x 103 0.51 0.51
Deviation explained by inclusion of random effects

Eucalyptus | 79 | 8.75x10¢ | | 1.12 1.1

Table 6: Parameter estimates from models of Box-Cox transformed deviation scores from Z,. as a
function of continuous and categorical peer ratings, Sorensen scores, and the inclusion of random
effects. Standard Errors (SE), 95% confidence intervals (95% Cl) are reported for all estimates, while t
values, degrees of freedom and p-values are presented for fixed-effects. Note that positive
parameter estimates mean that as the predictor variable increases, so does the absolute value of the
deviation from the meta-analytic mean.

Parameter Random Coefficient SE 95% Cl t df p
effect

Deviation explained by inclusion of random effects - Eucalyptus

(Intercept) -2.53 0.27 [-3.06, -1.99] -9.31 77 <0.001

Mixed model 0.00 0.31 [-0.60, 0.60] 0.00 77 >0.9

Deviation explained by Sorensen’s index - Eucalyptus

(Intercept) -2.65 1.05 [-4.70, -0.60] -2.53 77 0.011

Mean Sorensen's 0.18 151 |[2.78,3.14] |012 |77 >0.9

index

Deviation explained by Sorensen’s index - blue tit




(Intercept) -1.53 0.28 [-2.08, -0.98] -5.42 129 <0.001
Mean Sorensen's 0.42 0.47 |[-049,1.34] |091 |129 0.4
index

Deviation explained by continuous ratings - Eucalyptus

(Intercept) 2.23 0.23 | [-2.69,-1.78] | -9.65 | 342 <0.001
RateAnalysis -0.004 0 [-0.011, 0] -1.44 342 0.15
SD (Intercept) Reviewer ID | 0.37 0.09 [0.24, 0.60]

SD (Observations) Residual 1.06 0.04 [0.98, 1.15]

Deviation explained by continuous ratings - blue tit

(Intercept) -1.16 0.11 [-1.37,-0.94] -10.60 | 469 <0.001
RateAnalysis -0.002 0 [-0.004, 0] -1.22 469 0.2

SD (Intercept) Reviewer ID | 0.16 0.03 [0.10,0.24]

SD (Observations) Residual 0.5 0.02 [0.46,0.53]

Deviation explained by categorical ratings - Eucalyptus

(Intercept) -2.66 0.27 [-3.18,-2.13] -9.97 340 <0.001
Publishable with 0.29 029 |[027,085 |1.02 |340 0.3
major revision

Publishable with 0.01 028 | [0.54,056] |0.04 |340 >0.9
minor revision

Publishable as is 0.05 0.31 [-0.55, 0.66] 0.17 340 0.9

SD (Intercept) Reviewer ID | 0.39 0.09 [0.25,0.61]

SD (Observations) Residual 1.06 0.04 [0.98, 1.15]

Deviation explained by categorical ratings - blue tit

(Intercept) -1.11 0.11 [-1.33, -0.89] -9.91 467 <0.001
Publishable with -0.19 012 | [0.42,004] |-162 |467 0.10
major revision

Publishable with -0.19 0.12 | [-042,004] |-165 | 467 0.10
minor revision

Publishable as is -0.13 0.13 [-0.39,0.12] -1.02 467 0.3

SD (Intercept) Reviewer ID | 0.15 0.04 [0.10, 0.24]

SD (Observations) Residual 0.5 0.02 [0.46, 0.53]

1250
1251  Deviation scores as explained by reviewer ratings

1252  Effect sizes (Z))

1253  We obtained reviews from 153 reviewers who reviewed analyses for a mean of 3.27 (range 1 - 11)
1254  analysis teams. Analyses of the blue tit dataset received a total of 240 reviews, each was reviewed by
1255 a mean of 3.87 (SD 0.71, range 3-5) reviewers. Analyses of the Eucalyptus dataset received a total of
1256 178 reviews, each was reviewed by a mean of 4.24 (SD 0.79, range 3-6) reviewers. We tested for
1257 inter-rater-reliability (IRR) to examine how similarly reviewers reviewed each analysis and found
1258 approximately no agreement among reviewers. When considering continuous ratings, IRR was 0.01,
1259  and for categorical ratings, IRR was -0.14.

1260 Many of the models of deviation as a function of peer ratings faced issues of failure to converge or
1261  singularity due to sparse design matrices with our pre-registered random effects (Effect ID and
1262 Reviewer ID) (see Supplementary Material C). These issues persisted after increasing the tolerance
1263 and changing the optimizer. For both Eucalyptus and blue tit datasets, models with continuous
1264 ratings as a predictor were singular when both pre-registered random effects were included.

1265 When using both categorical and continuous ratings as predictors, only models converged and
1266  allowed 95% confidence intervals to be calculated when specifying Reviewer ID as a random effect.
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The categorical ratings model had a R%: of 0.09 and a R?y of 0.01, the continuous ratings model had
a R%c of 0.09 and a Ry of 0.01 for the blue tit dataset and a R% of 0.12 and a Ry of 0.01 for the
Eucalyptus dataset. Neither continuous or categorical reviewer ratings of the analyses meaningfully
predicted deviance from the meta-analytic mean (Table 6, Figure 4). We re-ran the multi-level meta-
analysis with a fixed effect for the categorical publishability ratings and found no difference in mean
standardised effect sizes among publishability ratings (Supplementary Material B, Figure B.1).
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Figure 4: Violin plot of Box-Cox transformed deviation from meta-analytic mean Z, as a function of
categorical peer rating. Grey points for each rating group denote model-estimated marginal mean
deviation, and error bars denote 95%Cl of the estimate. A Blue tit dataset, B Eucalyptus dataset.

Out-of-sample predictions (y;)

Some models of the influence of reviewer ratings on out-of-sample predictions (y;) had issues with
convergence and singularity of fit (see Supplementary Material C, Table C.3) and those models that
converged and were not singular showed no strong relationship (Supplementary Material C,

Figure C.2, Supplementary Material C, Figure C.3), as with the Z, analyses.




1282
1283

1284

1285
1286
1287

1288
1289
1290

1291

1292
1293
1294
1295

1296

1297
1298

1299

1300

1301
1302
1303
1304
1305
1306
1307

Deviation scores as explained by the distinctiveness of variables in
each analysis

Effect sizes (Z)

We employed Sorensen’s index to calculate the distinctiveness of the set of predictor variables used
in each model (Figure 5). The mean Sorensen’s score for blue tit analyses was 0.59 (SD: 0.1, range
0.43-0.86), and for Eucalyptus analyses was 0.69 (SD: 0.08, range 0.55-0.98).

We found no meaningful relationship between distinctiveness of variables selected and deviation
from the meta-analytic mean (Table 6, Figure 5) for either blue tit (mean 0.42, 95%Cl -0.49,1.34)
or Eucalyptus effects (mean 0.18, 95%Cl -2.78,3.14).
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Figure 5: Fitted model of the Box-Cox-transformed deviation score (deviation in effect size from
meta-analytic mean) as a function of the mean Sorensen’s index showing distinctiveness of the set of
predictor variables. Grey ribbons on predicted values are 95% Cl’s. A) blue tit dataset, B) Eucalyptus
dataset.

Out-of-sample predictions (y;)

As with the Z, estimates, we did not observe any convincing relationships between deviation scores
of out-of-sample predictions and Sorensen’s index values (see Supplementary Material C4.1).

Deviation scores as explained by the inclusion of random effects

Effect sizes (Z)

There were only three blue tit analyses that did not include random effects, which is below the pre-
registered threshold for fitting a model of the Box-Cox transformed deviation from the meta-analytic
mean as a function of whether the analysis included random-effects. However,

17 Eucalyptus analyses included only fixed effects, which crossed our pre-registered threshold.
Consequently, we performed this analysis for the Eucalyptus dataset only. There was no relationship
between random-effect inclusion and deviation from meta-analytic mean among

the Eucalyptus analyses (Table 6, Figure 6).
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Figure 6: Violin plot of mean Box-Cox transformed deviation from meta-analytic mean as a function
of random-effects inclusion in Eucalyptus analyses. White point for each group of analyses denotes
model-estimated marginal mean deviation, and error bars denote 95% Cl of the estimate.

Out-of-sample predictions (y;)

As with the Z, estimates, we did not examine the possibility of a relationship between the inclusion
of random effects and the deviation scores of the blue tit out-of-sample predictions. When we
examined the possibility of this relationship for the Eucalyptus effects, we found consistent evidence
of somewhat higher Box-Cox-transformed deviation values for models including a random effect,
meaning the models including random effects averaged slightly higher deviation from the meta-
analytic means (Supplementary Material C, Figure C.5).

Multivariate Analysis Effect size (Z;) and out-of-sample predictions (y;)

Like the univariate models, the multivariate models did a poor job of explaining deviations from the
meta-analytic mean. Because we pre-registered a multivariate model that contained collinear
predictors that produce results which are not readily interpretable, we present these models in the
supplement. We also had difficulty with convergence and singularity for multivariate models of out-
of-sample (y;) result, and had to adjust which random effects we included (Supplementary Material
C, Table C.8). However, no multivariate analyses of Eucalyptus out-of-sample results avoided
problems of convergence or singularity, no matter which random effects we included
(Supplementary Material C, Table C.8). We therefore present no multivariate Eucalyptus y; models.
We present parameter estimates from multivariate Z, models for both datasets (Supplementary
Material C, Table C.6, Table C.7) and from y; models from the blue tit dataset (Supplementary
Material C, Table C.10, Table C.9). We include interpretation of the results from these models in the
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supplement, but the results do not change the interpretations we present above based on the
univariate analyses.

Discussion

When a large pool of ecologists and evolutionary biologists analyzed the same two datasets to
answer the corresponding two research questions, they produced substantially heterogeneous sets
of answers. Although the variability in analytical outcomes was high for both datasets, the patterns
of this variability differed distinctly between them. For the blue tit dataset, there was nearly
continuous variability across a wide range of Z, values. In contrast, for the Eucalyptus dataset, there
was less variability across most of the range, but more striking outliers at the tails. Among out-of-
sample predictions, there was again almost continuous variation across a wide range (2 SD) among
blue tit estimates. For Eucalyptus, out-of-sample predictions were also notably variable, with about
half the predicted stem count values at <2 but the other half being much larger, and ranging to
nearly 40 stems per 15 m x 15 m plot. We investigated several hypotheses for drivers of this
variability within datasets, but found little support for any of these. Most notably, even when we
excluded analyses that had received one or more poor peer reviews, the heterogeneity in results
largely persisted. Regardless of what drives the variability, the existence of such dramatically
heterogeneous results when ecologists and evolutionary biologists seek to answer the same
questions with the same data should trigger conversations about how ecologists and evolutionary
biologists analyze data and interpret the results of their own analyses and those of others in the
literature (e.g., Silberzahn et al. 2018; Simonsohn, Simmons, and Nelson 2020; Auspurg and Briderl|
2021; Breznau et al. 2022).

Our observation of substantial heterogeneity due to analytical decisions is consistent with a small
earlier study in ecology (Stanton-Geddes, de Freitas and de Sales Dambros 2014) and a growing body
of work from the quantitative social sciences (e.g., Silberzahn et al. 2018; Botvinik-Nezer et al.

2020; Huntington-Klein et al. 2021; Schweinsberg et al. 2021; Breznau et al. 2022; Coretta et al.
2023). In these studies, when volunteers from the discipline analyzed the same data, they produced
a worryingly diverse set of answers to a pre-set question. This diversity included a wide range of
effect sizes, and in most cases, even involved effects in opposite directions. Thus, our result should
not be viewed as an anomalous outcome from two particular datasets, but instead as evidence from
additional disciplines regarding the heterogeneity that can emerge from analyses of complex
datasets to answer questions in probabilistic science. Not only is our major observation consistent
with other studies, it is, itself, robust because it derived primarily from simple forest plots that we
produced based on a small set of decisions that were mostly registered before data gathering and
which conform to widely accepted meta-analytic practices.

Unlike the strong pattern we observed in the forest plots, our other analyses, both registered

and post hoc, produced either inconsistent patterns, weak patterns, or the absence of patterns. Our
registered analyses found that deviations from the meta-analytic mean by individual effect sizes (Zr)
or the predicted values of the dependent variable (y) were poorly explained by our hypothesized
predictors: peer rating of each analysis team’s method section, a measurement of the distinctiveness
of the set of predictor variables included in each analysis, or whether the model included random
effects. However, in our post hoc analyses, we found that dropping analyses identified as
unpublishable or in need of major revision by at least one reviewer modestly reduced the observed
heterogeneity among the Z. outcomes, but only for Eucalyptus analyses, apparently because this led
to the dropping of the major outlier. This limited role for peer review in explaining the variability in
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our results should be interpreted cautiously because the inter-rater reliability among peer reviewers
was extremely low, and at least some analyses that appeared flawed to us were not marked as
flawed by reviewers. Thus, it seems that the peer reviews we received were of mixed quality, possibly
due to lack of expertise or lack of care on the part of some reviewers. However, the hypothesis that
poor quality analyses drove a substantial portion of the heterogeneity we observed was also
contradicted by our observation that analysts’ self-declared statistical expertise appeared unrelated
to heterogeneity. When we retained only analyses from teams including at least one member with
high self-declared levels of expertise, heterogeneity among effect sizes remained high. Thus, our
results suggest lack of statistical expertise is not the primary factor responsible for the heterogeneity
we observed, although further work is merited before rejecting a role for statistical expertise.
Besides variability in expertise, it is also possible that the volunteer analysts varied in the effort they
invested, and low effort presumably drove at least some heterogeneity in results. However, analysts
often submitted thoughtful and extensive code, tables, figures, and textual explanation and
interpretations, which is evidence of substantial investment. Further, we are confident that low effort
alone is an insufficient explanation for the heterogeneity we observed because we have worked with
these datasets ourselves, and we know from experience that there are countless plausible modeling
alternatives that can produce a diversity of effects. Additionally, heterogeneity in analytical outcomes
differed notably between datasets, and there is no reason to expect that one set of analysts took this
project less seriously than the other. Returning to our exploratory analyses, not surprisingly, simply
dropping outlier values of Z, for Eucalyptus analyses, which had more extreme outliers, led to less
observable heterogeneity in the forest plots, and also reductions in our quantitative measures of
heterogeneity. We did not observe a similar effect in the blue tit dataset because that dataset had
outliers that were much less extreme and instead had more variability across the core of the
distribution.

Our major observations raise two broad questions; why was the variability among results so high,
and why did the pattern of variability differ between our two datasets. One important and plausible
answer to the first question is that much of the heterogeneity derives from the lack of a precise
relationship between the two biological research questions we posed and the data we provided. This
lack of a precise relationship between data and question creates many opportunities for different
model specifications, and so may inevitably lead to varied analytical outcomes (Auspurg and Bruder|
2021). However, we believe that the research questions we posed are consistent with the kinds of
research question that ecologists and evolutionary biologists typically work from. When designing
the two biological research questions, we deliberately sought to represent the level of specificity we
typically see in these disciplines. This level of specificity is evident when we look at the research
guestions posed by some recent meta-analyses in these fields:

e “how [does] urbanisation impact mean phenotypic values and phenotypic variation ... [in]
paired urban and non-urban comparisons of avian life-history traits” (Capilla-Lasheras et al.
2022)

o “[what are] the effects of ocean acidification on the crustacean exoskeleton, assessing both
exoskeletal ion content (calcium and magnesium) and functional properties (biomechanical
resistance and cuticle thickness)” (Siegel et al. 2022)

e “[what is] the extent to which restoration affects both the mean and variability of
biodiversity outcomes ... [in] terrestrial restoration” (Atkinson et al. 2022)

e “[does] drought stress [have] a negative, positive, or null effect on aphid fitness” (Leybourne
et al. 2021)
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e “[what is] the influence of nitrogen-fixing trees on soil nitrous oxide emissions” (Kou-
Giesbrecht and Menge 2021)

There is not a single precise answer to any of these questions, nor to the questions we posed to
analysts in our study. And this lack of single clear answers will obviously continue to cause
uncertainty since ecologists and evolutionary biologists conceive of the different answers from the
different statistical models as all being answers to the same general question. A possible response
would be a call to avoid these general questions in favor of much more precise alternatives (Auspurg
and Briderl 2021). However, the research community rewards researchers who pose broad
questions (Simons, Shoda, and Lindsay 2017), and so researchers are unlikely to narrow their scope
without a change in incentives. Further, we suspect that even if individual studies specified narrow
research questions, other scientists would group these more narrow questions into broader
categories, for instance in meta-analyses, because it is these broader and more general questions
that often interest the research community.

Although variability in statistical outcomes among analysts may be inevitable, our results raise
questions about why this variability differed between our two datasets. We are particularly
interested in the differences in the distribution of Z. since the distributions of out-of-sample
predictions were on different scales for the two datasets, thus limiting the value of comparisons. The
forest plots of Z. from our two datasets showed distinct patterns, and these differences are
consistent with several alternative hypotheses. The results submitted by analysts of

the Eucalyptus dataset showed a small average (close to zero) with most estimates also close to zero
(£ 0.2), though about a third far enough above or below zero to cross the traditional threshold of
statistical significance. There were a small number of striking outliers that were very far from zero. In
contrast, the results submitted by analysts of the blue tit dataset showed an average much further
from zero (- 0.35) and a much greater spread in the core distribution of estimates across the range
of Z, values (% 0.5 from the mean), with few modest outliers. So, why was there more spread in effect
sizes (across the estimates that are not outliers) in the blue tit analyses relative to

the Eucalyptus analyses?

One possible explanation for the lower heterogeneity among most Eucalyptus Z, effects is that weak
relationships may limit the opportunities for heterogeneity in analytical outcome. Some evidence for
this idea comes from two sets of “many labs” studies in psychology (Klein et al. 2014, 2018). In these
studies, many independent lab groups each replicated a large set of studies, including, for each
study, the experiment, data collection, and statistical analyses. These studies showed that, when the
meta-analytic mean across the replications from different labs was small, there was much less
heterogeneity among the outcomes than when the mean effect sizes were large (Klein et al.

2014, 2018). Of course, a weak average effect size would not prevent divergent effects in all
circumstances. As we saw with the Eucalyptus analyses, taking a radically smaller subset of the data
can lead to dramatically divergent effect sizes even when the mean with the full dataset is close to
zero.

Our observation that dramatic sub-setting in the Eucalyptus dataset was associated with
correspondingly dramatic divergence in effect sizes leads us towards another hypothesis to explain
the differences in heterogeneity between the Eucalyptus and blue tit analysis sets. It may be that
when analysts often divide a dataset into subsets, the result will be greater heterogeneity in
analytical outcome for that dataset. Although we saw sub-setting associated with dramatic outliers in
the Eucalyptus dataset, nearly all other analyses of Eucalyptus data used close to the same set of 351
samples, and as we saw, these effects did not vary substantially. However, analysts often analyzed
only a subset of the blue tit data, and as we observed, sample sizes were much more variable among



1466
1467
1468
1469
1470

1471
1472
1473
1474
1475
1476
1477
1478
1479
1480
1481

1482
1483
1484
1485
1486
1487

1488
1489
1490
1491
1492
1493
1494
1495
1496
1497
1498
1499

1500
1501
1502
1503
1504
1505
1506
1507
1508
1509
1510

blue tit effects, and the effects themselves were also much more variable. Important to note here is
that subsets of data may differ from each other for biological reasons, but they may also differ due to
sampling error. Sampling error is a function of sample size, and sub-samples are, by definition,
smaller samples, and so more subject to variability in effects due to sampling error (Jennions et al.
2013).

Other features of datasets are also plausible candidates for driving heterogeneity in analytical
outcomes, including features of covariates. In particular, relationships between covariates and the
response variable as well as relationships between covariates and the primary independent variable
(collinearity) can strongly influence the modeled relationship between the independent variable of
interest and the dependent variable (Morrissey and Ruxton 2018; Dormann et al. 2013). Therefore,
inclusion or exclusion of these covariates can drive heterogeneity in effect sizes (Z;). Also, as we saw
with the two most extreme Z. values from the blue tit analyses, in multivariate models with collinear
predictors, extreme effects can emerge when estimating partial correlation coefficients due to high
collinearity, and conclusions can differ dramatically depending on which relationship receives the
researcher’s attention. Therefore, differences between datasets in the presence of strong and/or
collinear covariates could influence the differences in heterogeneity in results among those datasets.

Although it is too early in the many-analyst research program to conclude which analytical decisions
or which features of datasets are the most important drivers of heterogeneity in analytical outcomes,
we must still grapple with the possibility that analytical outcomes may vary substantially based on
the choices we make as analysts. If we assume that, at least sometimes, different analysts will
produce dramatically different statistical outcomes, what should we do as ecologists and
evolutionary biologists? We review some ideas below.

The easiest path forward after learning about this analytical heterogeneity would be simply to
continue with “business as usual”, where researchers report results from a small number of statistical
models. A case could be made for this path based on our results. For instance, among the blue tit
analyses, the precise values of the estimated Z, effects varied substantially, but the average effect
was convincingly different from zero, and a majority of individual effects (84%) were in the same
direction. Arguably, many ecologists and evolutionary biologists appear primarily interested in the
direction of a given effect and the corresponding p-value (Fidler et al. 2006), and so the variability we
observed when analyzing the blue tit dataset may not worry these researchers. Similarly, most
effects from the Eucalyptus analyses were relatively close to zero, and about two-thirds of these
effects did not cross the traditional threshold of statistical significance. Therefore, a large proportion
of people analyzing these data would conclude that there was no effect, and this is consistent with
what we might conclude from the meta-analysis.

However, we find the counter arguments to “business as usual” to be compelling. For blue tits, there
were a substantial minority of calculated effects that would be interpreted by many biologists as
indicating the absence of an effect (28%), and there were three traditionally ‘significant’ effects in
the opposite direction to the average. The qualitative conclusions of analysts also reflected
substantial variability, with fully half of teams drawing a conclusion distinct from the one we draw
from the distribution as a whole. These teams with different conclusions were either uncertain about
the negative relationship between competition and nestling growth, or they concluded that effects
were mixed or absent. For the Eucalyptus analyses, this issue is more concerning. Around two-thirds
of effects had confidence intervals overlapping zero, and of the third of analyses with confidence
intervals excluding zero, almost half were positive, and the rest were negative. Accordingly, the
qualitative conclusions of the Eucalyptus teams were spread across the full range of possibilities. But,
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as we describe in the next paragraph, even this striking lack of consensus may be much less of a
problem than what could emerge as scientists select which results to publish.

A potentially larger argument against “business as usual” is that it provides the raw material for
biasing the literature. When different model specifications readily lead to different results, analysts
may be tempted to report the result that appears most interesting, or that is most consistent with
expectation (Gelman and Loken 2013; Forstmeier, Wagenmakers and Parker 2017). There is growing
evidence that researchers in ecology and evolutionary biology often report a biased subset of the
results they produce (Deressa et al. 2023; Kimmel, Avolio and Ferraro 2023), and that this bias
exaggerates the average size of effects in the published literature between 30 and 150% (Yang et al.
2023; Parker and Yang 2023). The bias then accumulates in meta-analyses, apparently more than
doubling the rate of conclusions of “statistical significance” in published meta-analyses above what
would have been found in the absence of bias (Yang et al. 2023). Thus, “business as usual” does not
just create noisy results, it helps create systematically misleading results.

If we move away from “business as usual”, where do we go? Many obvious options involve multiple
analyses per dataset. For instance, there is the traditional robustness or sensitivity check (e.g., Pei et
al. 2020; Briga and Verhulst 2021), in which the researcher presents several alternative versions of an
analysis to demonstrate that the result is ‘robust’ (Lu and White 2014). Unfortunately, robustness
checks are at risk of the same potential biases of reporting found in other studies (Silberzahn et al.
2018), especially given the relatively few models typically presented. However, these risks could be
minimized by running more models and doing so with a pre-registration or registered report.
Another option is model averaging. Averages across models often perform well (e.g. Taylor and Taylor
2023), and in some forms this may be a relatively simple solution. Model averaging, as most often
practiced in ecology and evolutionary biology, involves first identifying a small suite of candidate
models (see Burnham and Anderson 2002), then using Akaike weights, based on Akaike’s Information
Criterion (AIC), to calculate weighted averages for parameter estimates from those models. As with
typical robustness checks, the small number of models limits the exploration of specification space,
but examining a larger number of models could become the norm. However, there are more
concerning limitations. The largest of these limitations is that averaging regression coefficients is
problematic when models differ in interaction terms or collinear variables (Cade 2015). Additionally,
weighting by AIC may often be inconsistent with our modelling goals. AIC balances the trade-off
between model complexity and predictive ability, but penalizing models for complexity may not be
suited for testing hypotheses about causation (Arif and MacNeil 2022). So, AIC may often not offer
the weight we want to use, and we may also not wish to just generate an average at all. Instead, if we
hope to understand an extensive universe of possible modelling outcomes, we could conduct a
multiverse analysis, possibly with a specification curve (Simonsohn, Simmons, and Nelson

2015, 2020). This could mean running hundreds or thousands of models (or more!) to examine the
distribution of possible effects, and to see how different model specification choices map onto these
effects. However, exploring large areas of specification space may come at the cost of including
biologically implausible specifications. Thus, we expect a trade-off, and attempts to limit models to
the most biologically plausible may become increasingly difficult in proportion to the number of
variables and modeling choices. To make selecting plausible models easier, one could recruit multiple
analysts to design one or a few plausible specifications each as with our ‘many analyst’

study (Silberzahn et al. 2018). An alternative that may be more labor intensive for the primary
analyst, but which may lead to a more plausible set of models, could involve hypothesizing about
causal pathways with DAGs [directed acyclic graphs; Arif and MacNeil (2023)] to constrain the model
set. As with other options outlined above, generating model specifications with DAGs could be
partnered with pre-registration to hinder bias from undisclosed data dredging.
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Responses to heterogeneity in analysis outcomes need not be limited to simply conducting more
analyses, especially if it turns out that analysis quality drives some of the observed heterogeneity. As
we noted above, we cannot yet rule out the possibility that insufficient statistical expertise or poor-
quality analyses might drive some portion of the heterogeneity we observed. Improving the quality
of analyses might be accomplished with a deliberate increase in investment in statistical education.
Many ecology and evolutionary biology students learn their statistical practice informally, with many
ecology doctoral programs in the USA not requiring a statistics course (Touchon and McCoy 2016),
and no formal courses of any kind included in doctoral degrees in most other countries. In cases
where formal investment in statistical education is lacking, informal resources, such as guidelines and
checklists, may help researchers avoid common mistakes. However, unless following guidelines or
checklists is enforced for publication, the adherence to guidelines is patchy. For example, despite the
publication of guidelines for conducting meta-analyses in ecology, the quality of meta-analyses did
not improve substantially over time (Koricheva and Gurevitch 2014). Even in medical research where
adherence to guidelines such as the PRISMA standards for systematic reviews and meta-analyses is
more highly valued, adherence is often poor (Page and Moher 2017).

Although we have reviewed a variety of potential responses to the existence of variability in
analytical outcomes, we certainly do not wish to imply that this is a comprehensive set of possible
responses. Nor do we wish to imply that the opinions we have expressed about these options are
correct. Determining how the disciplines of ecology and evolutionary biology should respond to
knowledge of the variability in analytical outcome will benefit from the contribution and discussion
of ideas from across these disciplines. We look forward to learning from these discussions and to
seeing how these disciplines ultimately respond.

Conclusions

Overall, our results suggest to us that, where there is a diverse set of plausible analysis options, no
single analysis should be considered a complete or reliable answer to a research question. Further,
because of the evidence that ecologists and evolutionary biologists often present a biased subset of
the analyses they conduct (Deressa et al. 2023; Yang et al. 2023; Kimmel, Avolio and Ferraro 2023),
we do not expect that even a collection of different effect sizes from different studies will accurately
represent the true distribution of effects (Yang et al. 2023). Therefore, we believe that an increased
level of skepticism of the outcomes of single analyses, or even single meta-analyses, is warranted
going forward. We recognize that some researchers have long maintained a healthy level of
skepticism of individual studies as part of sound and practical scientific practice, and it is possible
that those researchers will be neither surprised nor concerned by our results. However, we doubt
that many researchers are sufficiently aware of the potential problems of analytical flexibility to be
appropriately skeptical. We hope that our work leads to conversations in ecology, evolutionary
biology, and other disciplines about how best to contend with heterogeneity in results that is
attributable to analytical decisions.
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1598  Table 7: R packages used to generate this manuscript. Please see the ManyEcoEvo:: package for a full
1599 list of packages used in the analysis pipeline.

Package Version Citation

base 4.4.0 R Core Team (2024)
betapart 1.6 Baselga et al. (2023)
broom.mixed 0.2.9.5 Bolker et al. (2024)
colorspace 2.1.0 Zeileis et al. (2020)
cowplot 1.1.3 Wilke (2024)

devtools 2.4.5 Wickham et al. (2022)
EnvStats 2.8.1 Millard (2013)

GGally 2.2.1 Schloerke et al. (2024)
ggforestplot 0.1.0 Scheinin et al. (2020)
gghdx 0.2.8 van den Brand (2024)
ggpubr 0.6.0 Kassambara (2023)
ggrepel 0.9.5 Slowikowski (2024)
ggthemes 5.1.0 Arnold (2024)

glmmTMB 1.1.8 Brooks et al. (2017)

gt 0.10.1 lannone et al. (2024)
gtsummary 1.7.2 Sjoberg et al. (2021)
here 1.0.1 Miller (2020)

Hmisc 5.1.2 Harrell Jr (2024)

irr 0.84.1 Gamer, Lemon, and Singh (2019)
janitor 2.2.0 Firke (2023)

knitr 1.46 Xie (2024a)

latex2exp 0.9.6 Meschiari (2022)

Ime4 1.1.35.3  Bates et al. (2015)
ManyEcoEvo 2.7.6 Gould et al. (2023)
metafor 4.6.0 Viechtbauer (2010)
modelbased 0.8.7 Makowski et al. (2020)
multilevelmod 1.0.0 Kuhn and Frick (2022)
MuMin 1.47.5 Barton (2023)

naniar 1.1.0 Tierney and Cook (2023)
NatParksPalettes 0.2.0 Blake (2022)

orchaRd 2 Nakagawa, Lagisz, et al. (2023)
parameters 0.21.7 Lidecke et al. (2020)
patchwork 1.2.0 Pedersen (2024)
performance 0.11.0 Ludecke, Ben-Shachar, et al. (2021)

renv 1.0.2 Ushey and Wickham (2023)
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rmarkdown 2.27 Allaire et al. (2024)

sae 1.3 Molina and Marhuenda (2015)
scales 1.3.0 Wickham, Pedersen, and Seidel (2023)
see 0.8.4 Lidecke, Patil, et al. (2021)
showtext 0.9.7 Qiu (2024)

specr 1.0.0 Masur and Scharkow (2020)
targets 1.7.0 Landau (2021)

tidymodels 1.1.1 Kuhn and Wickham (2020)
tidytext 0.4.2 Silge and Robinson (2016)
tidyverse 2.0.0 Wickham et al. (2019)

withr 3.0.0 Hester et al. (2024)

xfun 0.44 Xie (2024b)
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A: Summarising Variation Among Analysis Specifications

library(tidyverse)
library(targets)
library(withr)
library(here)
library(metafor)
library(ManyEcoEvo)
library(tidyverse)
library(broom)
library(gt)
library(specr)
library(colorspace)
library(ggthemes)
library(ggh4x)
library(showtext)

set.seed(1234)
source(here: :here("utils.R"))
# extrafont::font install("Lato")

A.1 Summary Statistics

A.1.1 Number of analyses of different types

As described in the summary statistics section of the manuscript, 63 teams submitted 131 Z,.
model estimates and 43 teams submitted 64 y; predictions for the blue tit dataset. Similarly, 40
submitted 79 Z,. model estimates and 14 teams submitted 24 y; predictions for the Eucalytpus
dataset. The majority of the blue tit analyses specified normal error distributions and were non-
Bayesian mixed effects models. Analyses of the Eucalyptus dataset rarely specified normal error
distributions, likely because the response variable was in the form of counts. Mixed effects
models were also common for Eucalytpus analyses (Table A.1).

Tablel %>%
rename(subset = subset name) %>%
rename_with(~ str_remove(., "sum_ ")) %>%
group_by(dataset) %>%
gt::gt(rowname_col = "subset") %>%
gt::cols label(dataset = "dataset",

subset = "Subset",
totalanalyses = "No. Analyses"”,
teams = "No. Teams",

linear = "Normal Distribution",

mixed = "Mixed Effect") %>%
gt::sub_values(columns = subset, values = c("effects"),

replacement = gt::md("$$Z r$$")) %>%
gt::sub_values(columns = subset, values = c("predictions"),

replacement = gt::md("$$y i$$")) %>%
gt::sub_values(columns = subset, values = c("all"),
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replacement = gt::md("All analyses")) %>%
gt::opt_stylize(style = 6, color = "gray") %>%
gt::text_transform(fn = function(x) ifelse(x == "eucalyptus",
gt::md(paste("*Eucalyptus*")), x

)s

locations = gt::cells_row_groups()) %>%
gt::text_transform(fn = function(x) map(x, gt::md),

locations = gt::cells row _groups()) %>%
gt::cols move(teams,after = totalanalyses) %>%
gt::as_raw_html()

Table A.1: Summary of the number of analysis teams, total analyses, models with normal
error distributions, mixed effects models, and models developed with Bayesian statistical
methods for effect size analyses only (Z,.) and out-of-sample prediction only (y;).

Normal
No. Analyses No. Teams Distribution Mixed Effect Bayesian
blue tit
Z, 131 63 124 128 10
Yi 64 43 59 63 10
Eucalyptus
Z 79 40 'S 62 5
Yi 24 14 1 16 3

A.1.2 Model composition

The composition of models varied substantially (Table A.2) in regards to the number of fixed
and random effects, interaction terms and the number of data points used. For the blue tit
dataset, models used up to 19 fixed effects, 12 random effects, and 10 interaction terms and
had sample sizes ranging from 76 to 3720. For the Eucalyptus dataset models had up to 13 fixed
effects, 4 random effects, 5 interaction terms and sample sizes ranging from 18 to 351.
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Table2 %>%
rename(SD = sd, subset = subset name) %>%
group_by(variable) %>%
pivot_wider(
names_from = dataset,

names_sep = ".",
values from = c(mean, SD, min, max)

) %>%

mutate(variable = case_when(variable == "samplesize" ~ "N",

TRUE ~ variable)) %>%
gt::gt(rowname_col = "subset") %>%
gt::row_group_order(groups = c("fixed", "random", "interactions", "N")) %>%
gt::tab_spanner_delim(delim = ".") %>%
gt::fmt_scientific(columns = "mean.blue tit",
rows = “mean.blue tit® < 0.01,
decimals = 2) %>%
gt::fmt_scientific(columns = "SD.blue tit",
rows = “SD.blue tit® < 0.01,
decimals = 2) %>%

gt::fmt_scientific(columns = "mean.eucalyptus",
rows = “mean.eucalyptus’ < 0.01,
decimals = 2) %>%

gt::fmt_scientific(columns = "SD.eucalyptus",

rows = ~SD.eucalyptus™ < 0.01,
decimals = 2) %>%
gt::cols_label with(fn = Hmisc::capitalize) %>%
gt::tab_style(
style = gt::cell text(transform = "capitalize"),
locations = gt::cells column_spanners()
) %>%
gt::tab_style(style = gt::cell text(transform = "capitalize"),locations = ¢
ells row_groups()) %>%
gt::tab_style(style = gt::cell text(style = "italic"), locations = cells row_
groups(groups = "N")) %>%
gt::cols label with(c(contains("Eucalyptus")),
fn = ~ gt::md(pasted("*",.x, "*"))) %>%
gt::sub_values(columns = subset, values = c("effects"),
replacement = gt::md("$$Z r$$")) %>%
gt::sub_values(columns = subset, values = c("predictions"),
replacement = gt::md("$$y_i$%$")) %>%
gt::sub_values(columns = subset, values = c("all"),
replacement = gt::md("All analyses")) %>%
gt::opt_stylize(style = 6, color = "gray") %>%
gt::as_raw_html()

Table A.2: Mean, standard deviation and range of number of fixed and random variables,
interaction terms used in models and analysis sample size (N). Repeated for effect-size
analyses only (Z,.) and out-of-sample predictions only (y;).
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Mean SD Min Max

Eucalyptus Eucalyptus Eucalyptus Eucalyptus

Blue tit Blue tit Blue tit Blue tit

Zy 5.20 5.01 2.92 3.83 1 1 19 13

Yi 4.78 4.67 285 3.45 1 il 10 13
Random

7 3.53 141 2.08 1.09 0 0 10 4

Yi 4.42 0.96 2.78 0.81 1 0 12 3

Interactions

iz 0.44 0.16 111 0.65 0 0 10 5

Yi 0.28 0.17 0.63 0.48 0 0 3 2
N

Z, 2611.09 298.43  937.48 106.25 76 18 3720 351

Yi 2816.71 3255507321 64.17 396 90 3720 350

A.1.3 Choice of variables

The choice of variables also differed substantially among analyses (Table A.3) and some analysts
constructed new variables that transformed or aggregated one or more existing variables. The
blue tit dataset had a total of 52 candidate variables. These variables were included in a mean
of 20.5 Z,. analyses (range 0- 100). The Eucalyptus dataset had a total of 59 candidate variables.
The variables in the Eucalyptus dataset were included in a mean of 8.92 Z,. analyses (range O-
55).

#table 3 - summary of mean, sd and range for the number of analyses in which
each variable was used
Table3 %>%

rename(SD = sd, subset = subset name) %>%

pivot wider(
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names_from = dataset,

names_sep = ".",
values from = c(mean, SD, min, max)
) %>%

ungroup %>%

gt::gt(rowname_col = "subset") %>%

gt::tab_spanner_delim(delim = ".") %>%

gt::fmt_scientific(columns = "mean.blue tit",
rows = “mean.blue tit® < 0.01,
decimals = 2) %>%

gt::fmt_scientific(columns = "SD.blue tit",

rows = “SD.blue tit® < 0.01,
decimals = 2) %>%

gt::fmt_scientific(columns = "mean.eucalyptus",
rows = “mean.eucalyptus’ < 0.01,
decimals = 2) %>%

gt::fmt_scientific(columns = "SD.eucalyptus",

rows = ~SD.eucalyptus™ < 0.01,
decimals = 2) %>%
gt::fmt_number(decimals = 2,drop_trailing zeros = T, drop_trailing dec_mark
=T) %%
gt::cols_label with(fn = Hmisc::capitalize) %>%
gt::cols_label with(c(contains("Eucalyptus")), fn = ~ gt::md(paste@("*", .x,
"*"))) %>%
gt::sub_values(columns = subset, values = c("effects"),
replacement = gt::md("$$Z r$$")) %>%
gt::sub_values(columns = subset, values = c("predictions"),
replacement = gt::md("$$y_i$$")) %>%
gt::sub_values(columns = subset, values = c("all"),
replacement = gt::md("All analyses")) %>%
gt::opt_stylize(style = 6, color = "gray") %>%
gt::tab_style(
style = gt::cell text(transform = "capitalize"),
locations = gt::cells_column_spanners()
) %>%
gt::as_raw_html()

Table A.3: Mean, SE, minimum and maximum number of analyses in which each variable was
used, for effect size analyses only (Z,.), out-of-sample prediction only (y;), using the full
dataset.
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Mean SD Min Max
Eucalyptus Eucalyptus Eucalyptus Eucalyptus
Blue tit Blue tit Blue tit Blue tit
Z, 20.5 8.92 27 12.28 0 0 100 55
Yi 10.79 222 13.87 37 0 0 52 17

A.2 Effect Size Specification Analysis

We used a specification curve (Simonsohn, Simmons, and Nelson 2015) to look for relationships
between Z,. values and several modeling decisions, including the choice of independent and
dependent variable, transformation of the dependent variable, and other features of the
models that produced those Z,. values (Figure A.1, Figure A.2). Each effect can be matched to
the model features that produced it by following a vertical line down the figure.

A.2.1 Blue tit

We observed few clear trends in the blue tit specification curve (Figure A.1). The clearest trend
was for the independent variable ‘contrast: reduced broods vs. unmanipulated broods’ to
produce weak or even positive relationships, but never strongly negative relationships. The
biological interpretation of this pattern is that nestlings in reduced broods averaged similar
growth to nestlings in unmanipulated broods, and sometimes the nestlings in reduced broods
even grew less than the nestlings in unmanipulated broods. Therefore, it may be that
competition limits nestling growth primarily when the number of nestlings exceeds the clutch
size produced by the parents, and not in unmanipulated broods. The other relatively clear trend
was that the strongest negative relationships were never based on the independent variable
‘contrast: unmanipulated broods vs. enlarged broods’. These observations demonstrate the
potential value of specification curves.

coefs_MA mod <- bind_rows( ManyEcoEvo viz %>%

filter(model name == "MA mod",
exclusion_set == "complete",
expertise subset == "All"),
ManyEcoEvo viz %>%
filter(model _name == "MA mod",
exclusion set == "complete-rm outliers",
expertise subset == "All")

) %>%
hoist(tidy_mod_summary) %>%
select(-starts_with("mod"), -ends _with("plot"), -estimate_type) %>%
unnest(cols = c(tidy_mod_summary))
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analytical choices_bt <- ManyEcoEvo_results$effects_analysis[[1]] %>%
select(study id,
response_transformation_description, # Don't need constructed, as th
is is accounted for in y
response_variable name,
test_variable,
Bayesian,
linear_model,
model subclass,
sample size,
starts_with("num"),
link_function_reported,
mixed_model) %>%
mutate(across(starts with("num"), as.numeric),
response_transformation_description = case_when(is.na(response_trans
formation _description) ~ "None",
TRUE ~ response_tran
sformation_description)) %>%
rename(y = response_variable name, x = test_variable, model = linear_model)
%>%
select(study_id,x,y,model, model subclass, response_transformation_descript
ion, link_function_reported, mixed_model, sample_size) %>%
pivot longer(-study_id, names_to = "variable type", values _to = "variable n
ame",values_transform = as.character) %>%
left_join(forest_plot_new_labels) %>%
mutate(variable name = case when(is.na(user_friendly name) ~ variable_ name,
TRUE ~ user_friendly name)) %>%
select(-user_friendly name) %>%
pivot wider(names_from = variable type, values from = variable name) %>%
mutate(sample size = as.numeric(sample_size))

MA_mean_bt <- ManyEcoEvo_viz$model[[1]] %>%
broom: :tidy(conf.int = TRUE) %>%
rename(study_id = term)

results_bt <- ManyEcoEvo_viz$model[[1]] %>%
broom: :tidy(conf.int = TRUE, include_studies = TRUE) %>%
rename(study_id = term) %>%
semi_join(analytical choices_bt) %>%
left join(analytical choices_bt)

samp_size hist bt <- specr::plot_samplesizes(results_bt %>%
rename(fit_nobs = sample_size)
) +

cowplot::theme_half open() +
theme(axis.ticks.x = element_blank(),
axis.text.x = element blank())
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curve_bt <- specr::plot_curve(results_bt) +
geom_hline(yintercept = 0,
linetype = "dashed",
color = "black") +
geom_pointrange(mapping = aes(x = @, y = estimate, ymin = conf.low, ymax =
conf.high ),
data = MA_mean_bt,
colour = "black", shape = "diamond") +
labs(x = "", y = "Standardized Effect Size Zr") +
cowplot::theme_half open() +
theme(axis.ticks.x = element_blank(),
axis.text.x = element_blank())

specs_bt <- specr::plot _choices(results bt %>%
rename("Independent\nVariable" = x,
"Dependent\nVariable" =y,
Model = model,
"Model Subclass" = model subclass,
"Mixed Model" = mixed_model,
"Response\nTransformation\nDescripti
on" = response_transformation_description,
"Link Function" = 1link_function_repo
rted),
choices = c("Independent\nVariable",
"Dependent\nVariable",
"Model™,
"Model Subclass",
"Mixed Model",
"Response\nTransformation\nDescri
ption",
"Link Function")) +
labs(x = "specifications (ranked)") +
theme(strip.text.x = element_blank(),
strip.text.y element_text(size
axis.ticks.x = element_blank(),
axis.text.x = element _blank())

8, angle = 360, face = "bold"),

cowplot::plot grid(curve_bt, specs_bt, samp_size hist bt,
ncol = 1,
align = "v",
rel heights = c(1.5, 2.2, 0.8),
axis = "rbl",labels = "AUTO")
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Figure A.1: A. Forest plot for blue tit analyses: standardized effect-sizes (circles) and their 95%
confidence intervals are displayed for each analysis included in the meta-analysis model. The

meta-analytic mean effect-size is de

noted by a black diamond, with error bars also

representing the 95% confidence interval. The dashed black line demarcates effect sizes of O,
whereby no effect of the test variable on the response variable is found. Blue points where Zr
and its associated confidence intervals are greater than 0 indicate analyses that found a
negative effect of sibling number on nestling growth. Gray coloured points have confidence
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intervals crossing 0, indicating no relationship between the test and response variable. Red
points indicate the analysis found a positive relationship between sibling number and nestling
growth. B. Analysis specification plot: for each analysis plotted in A, the corresponding
combination of analysis decisions is plotted. Each decision and its alternative choices is
grouped into its own facet, with the decision point described on the right of the panel, and the
option shown on the left. Lines indicate the option chosen used in the corresponding point in
plot A. C. Sample sizes of each analysis. Note that empty bars indicate analyst did not report
sample size and sample size could not be derived by lead team.

A.2.2 Eucalyptus

In the Eucalyptus specification curve, there are no strong trends (Figure A.2). It is, perhaps, the
case that choosing the dependent variable ‘count of seedlings 0-0.5m high’ corresponds to
more positive results and choosing ‘count of all Eucalytpus seedlings’ might find more negative
results. Choosing the independent variable ‘sum of all grass types (with or without non-grass
graminoids)’ might be associated with more results close to zero consistent with the absence of
an effect.

analytical choices_euc <- ManyEcoEvo_results$effects_analysis[[2]] %>%
select(study id,
response_transformation_description, # Don't need constructed, as th
is is accounted for in y
response_variable name,
test_variable,
Bayesian,
linear_model,
model subclass,
sample size,
starts_with("num"),
transformation,
mixed_model,
link_function_reported) %>%
mutate(across(starts_with("num"), as.numeric),
response_transformation_description = case_when(is.na(response_trans
formation_description) ~ "None",
TRUE ~ response_tran
sformation_description),
response_variable name = case_when(response_variable name == "averag
e.proportion.of.plots.containing.at.least.one.euc.seedling.of.any.size" ~ "me
an.prop.plots>=1seedling”,
TRUE ~ response_variable name)) %
>%
rename(y = response_variable name, x = test_variable, model = linear_model)
%>%
select(study_id,x,y,model, model subclass, response_transformation_descript
ion, link_function_reported, mixed_model, sample_size) %>%
pivot longer(-study_id, names_to = "variable type", values _to = "variable n
ame",values_transform = as.character) %>%

11
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left_join(forest_plot_new_labels) %>%

mutate(variable name = case_when(is.na(user_friendly name) ~ variable_ name,
TRUE ~ user_friendly name)) %>%

select(-user_friendly_name) %>%

pivot wider(names_from = variable type, values from = variable name, values
_fn = 1list) %>%

unnest(cols = everything()) %>%

mutate(sample size = as.numeric(sample size))

MA_mean_euc <- ManyEcoEvo_viz %>%

filter(model_name == "MA mod", publishable subset == "All", dataset == "euc
alyptus", exclusion_set == "complete") %>%

pluck("model", 1) %>%

broom: :tidy(conf.int = TRUE) %>%

rename(study id = term)

results_euc <- ManyEcoEvo_viz %>%

filter(model_name == "MA mod", publishable subset == "All", dataset == "euc
alyptus", exclusion_set == "complete") %>%

pluck("model", 1) %>%

broom: :tidy(conf.int = TRUE, include_studies = TRUE) %>%

rename(study_id = term) %>%

semi_join(analytical choices_euc) %>%

left_join(analytical choices_euc)

samp_size hist_euc <- specr::plot_samplesizes(results_euc %>% rename(fit_nobs
= sample_size)) +

cowplot::theme_half open() +

theme(axis.ticks.x = element_blank(), axis.text.x = element blank())

curve_euc <- specr::plot curve(results euc) +
geom_hline(yintercept = 0,
linetype = "dashed",
color = "black") +
geom_pointrange(mapping = aes(x = @, y = estimate, ymin = conf.low, ymax =
conf.high ),
data = MA_mean_euc,
colour = "black", shape = "diamond") +
labs(x = "", y = "Standardized Effect Size Zr") +
cowplot::theme_half open() +
theme(axis.ticks.x = element_blank(),
axis.text.x = element blank())

specs_euc <- specr::plot choices(results_euc %>%
rename("Independent\nVariable" = x,
"Dependent\nVariable" =y,
Model = model,
"Model Subclass" = model_subclass,
"Mixed Model" = mixed model,

12
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"Response\nTransformation\nDescripti
on" = response_transformation_description,
"Link Function" = 1link_function_repo
rted),
choices = c("Independent\nVariable",
"Dependent\nVariable",
"Model™,
"Model Subclass",
"Mixed Model",
"Response\nTransformation\nDescri

ption",
"Link Function")) +
labs(x = "specifications (ranked)") +
theme(strip.text.x = element_blank(),
strip.text.y = element_text(size = 8, angle = 360, face = "bold"),

axis.ticks.x = element_blank(),
axis.text.x = element _blank())

cowplot::plot grid(curve euc, specs_euc, samp_size hist euc,
ncol = 1,
align = "v",
rel heights = c(1.5, 2.2, 0.8),
axis = "rbl",labels = "AUTO")
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Figure A.2: A. Forest plot for Eucalyptus analyses: standardized effect-sizes (circles) and their
95% confidence intervals are displayed for each analysis included in the meta-analysis model.
The meta-analytic mean effect-size is denoted by a black diamond, with error bars also
representing the 95% confidence interval. The dashed black line demarcates effect sizes of 0,
whereby no effect of the test variable on the response variable is found. Blue points where Z,
and its associated confidence intervals are greater than 0 indicate analyses that found a
positive relationship of grass cover on Eucalyptus seedling success. Gray coloured points have
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confidence intervals crossing 0, indicating no relationship between the test and response
variable. Red points indicate the analysis found a negative relationship between grass cover
and Eucalyptus seedling success. B. Analysis specification plot: for each analysis plotted in A,
the corresponding combination of analysis decisions is plotted. Each decision and its
alternative choices is grouped into its own facet, with the decision point described on the right
of the panel, and the option shown on the left. Lines indicate the option chosen used in the
corresponding point in plot A. C. Sample sizes of each analysis. Note that empty bars indicate
analyst did not report sample size and sample size could not be derived by lead team.
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SM B: Effect Size Analysis

library(withr)
library(here)
library(tidyverse)
library(performance)
library(broom.mixed)
library(gt)
library(gtExtras)
library(1lme4d)
library(MuMIn)
library(ManyEcoEvo)
library(ggrepel)
library(glue)
library(gluedown)
set.seed(1234)
source(here: :here("utils.R"))

ManyEcoEvo_results <-
ManyEcoEvo _results %>%
mutate(effects_analysis =
map (effects_analysis,
rename,
id_col = study_id)) #%>%
# mutate_at(c("data",
# "diversity data",
# "diversity_indices",
# "effects _analysis"),
# .funs = ~ map(.x, anonymise teams,
# TeamIdentifier_lookup))

B.1 Meta-analysis
B.1.1 Effect Sizes Z,

Effect of categorical review rating

The figures below (Figure B.1, Figure B.2) hows the fixed effect of categorical review rating on
deviation from the meta-analytic mean. There is very little difference in deviation for analyses
in any of the review categories. It is worth noting that each analysis features multiple times in
these figures corresponding to the multiple reviewers that provided ratings.

orchard_publishability <- function(dat){
rma_mod_rating <-
metafor::rma.mv(yi = Zr,

V = VZr,

data = dat,

control = list(maxiter = 1000),mods = ~ PublishableAsIs,
sparse = TRUE,

random = list(~1|response_id, ~1|ReviewerId))
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orchaRd: :orchard_plot(rma_mod_rating,
mod = "PublishableAsIs",
group = "id _col",

xlab = "Standardised Correlation Coefficient (Zr)",

cb = TRUE,angle = 45)
}

ManyEcoEvo_results$effects_analysis[[2]] %>%

filter(Zr > -4) %>%

unnest(review data) %>%

select(Zr, VZr, id_col, PublishableAsIs, ReviewerId, response_id) %>%

mutate(PublishableAsIs = forcats::as factor(PublishableAsIs) %>%

forcats::fct_relevel(c("deeply flawed and unpublishable",

"publishable with major revision",
"publishable with minor revision",
"publishable as is" ))) %>%

orchard_publishability() +

theme(text = element text(size = 20),axis.text.y = element text(size =

)) +

20

scale x_discrete(labels=c("Deeply Flawed\n & Unpublishable", "Publishable
With\n Major Revision", "Publishable With\n Minor Revision", "Publishable\n A

s Is"))
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Figure B.1: Orchard plot of meta-analytic model fitted to all Eucalyptus analyses with a fixed
effect for categorical peer-review ratings, and random effects for analyst ID and reviewer ID.

Black circles denote coefficient mean for each categorical publishability rating. Thick error
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bars represent 95% confidence intervals and whiskers indicate 95% prediction intervals. Effect
sizes are represented by circles and their size corresponds to the precision of the estimate.

ManyEcoEvo_results$effects_analysis[[1]] %>%
# filter(Zr > -4) %>%
unnest(review data) %>%
select(Zr, VZr, id_col, PublishableAsIs, ReviewerId, response_id) %>%
mutate(PublishableAsIs = forcats::as_factor(PublishableAsIs) %>%
forcats::fct_relevel(c("deeply flawed and unpublishable",
"publishable with major revision",
"publishable with minor revision",
"publishable as is" ))) %>%
orchard_publishability() +
theme(text = element text(size = 20),axis.text.y = element text(size = 20
)) +
scale x_discrete(labels=c("Deeply Flawed\n & Unpublishable", "Publishable
With\n Major Revision", "Publishable With\n Minor Revision", "Publishable\n A
s Is"))
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Figure B.2: Orchard plot of meta-analytic model fitted to all blue tit analyses with a fixed
effect for categorical peer-review ratings, and random effects for analyst ID and reviewer ID.
Black circles denote coefficient mean for each categorical publishability rating. Thick error
bars represent 95% confidence intervals and whiskers indicate 95% prediction intervals. Effect
sizes are represented by circles and their size corresponds to the precision of the estimate.
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Post-hoc analysis: Exploring the effect of removing analyses with poor peer-review ratings on
heterogeneity

The forest plots in Figure B.3 compare the distributions of Z, effects from our full set of
analyses with the distributions of Z,. effects from our post-hoc analyses, which removed either
analyses that were reviewed at least once as being ‘unpublishable’, and analyses that were
reviewed at least once as being ‘unpublishable’ or requiring ‘major revisions’. Removing these
analyses from the blue tit data had little impact on the overall distribution of the results. When
‘unpublishable’ analyses of the Eucalyptus dataset were removed, the extreme outlier
‘Brooklyn-2-2-1’ was also removed, resulting in a substantial difference to the amount of
observed deviation from the meta-analytic mean.

plot_forest <- function(data, intercept = TRUE, MA mean = TRUE){
if (MA_mean == FALSE){
data <- filter(data, Parameter != "overall")

}

p <- ggplot(data, aes(y = estimate,
X = term,
ymin = conf.low,
ymax = conf.high,
shape = point_shape,
colour = parameter_type)) +
geom_pointrange(fatten = 2) +
ggforestplot::theme forest() +
theme(axis.line = element_line(linewidth = 0.10,
colour = "black"),
axis.line.y = element_blank(),
text = element_text(family = "Helvetica")#,
# axis.text.y = element_blank()
) +
guides(shape = "none", colour = "none") +
coord flip() +
ylab(bquote(Standardised~Effect~Size~Z[r])) +
xlab(element_blank()) +
# scale_y continuous(breaks = c(-4,-3,-2,-1,0,1),
# minor_breaks = seq(from = -4.5, to = 1.5, by = 90.5)) +
NatParksPalettes::scale_color natparks_d("Glacier")

if(intercept == TRUE){
p <- p + geom _hline(yintercept = 0)
}
if(MA_mean == TRUE){
p <- p + geom _hline(aes(yintercept = meta_analytic_mean),
data = data,
colour = "#01353D",
linetype = "dashed")
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return(p)
¥

publishable subsets forest data <-
ManyEcoEvo_viz %>%

filter(model name == "MA mod",
exclusion_set == "complete",
expertise_subset == "All") %>%

select(ends with("set"), model, -expertise subset) %>%
mutate(plot_data =
map (model,
.f =
~broom: :tidy(.x,
conf.int = TRUE,
include_studies = TRUE) %>%
mutate(Parameter =
forcats::fct_reorder(term, estimate))),
meta_analytic_mean =
map_dbl(plot_data,
~ filter(.x,
Parameter == "overall") %>%
pull(estimate))) %>%
select(dataset,
publishable subset,
plot_data,
meta_analytic_mean) %>%
unnest(cols = c("plot _data")) %>%
mutate(parameter_type =
case_when(
str_detect(Parameter, "overall") ~ "mean",
TRUE ~ "study")) %>%
group_by(dataset, publishable subset) %>%
dplyr::mutate(point_shape =
ifelse(stringr::str_detect(term, "overall"),
"diamond",
"circle"))

# publishable subsets forest_data <-

# publishable subsets forest data %>%

# rename(id _col = term) %>%

#  group_by(type) %>%

#  group_split() %>%

# set _names(., publishable subsets forest data$type %>% unique) %>%
# # map_if(.x = ., names(.) == "study",

# # .f = ~ anonymise_teams(.x, TeamIdentifier_lookup)) %>%

#  bind _rows() %>%

#  rename(term = id_col)

library(tidytext)
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tidy_overall labeller <- . %>%
str_split(" ") %>%
flatten_chr() %>%
pluck(1)

tidy forest_labels <- Vectorize(tidy_overall labeller)

publishable subsets forest_data %>%
group_by(dataset, publishable subset) %>%

mutate(term = case_when(term == "overall" ~

paste(term,
dataset,
publishable subset,

sep = "_"),

TRUE ~ term),
dataset = case_when(dataset == "blue tit" ~ "Blue tit",
dataset == "eucalyptus" ~ "Eucalyptus",

TRUE ~ NA)) %>%
arrange(across(.cols = c(type, estimate)),
.by _group = TRUE) %>%
rowid_to_column() %>%
mutate(term = reorder(term, rowid),
publishable subset =

case_when(publishable_ subset == "All" ~
"All analyses",
publishable _subset == "data_flawed" ~
""Unpublishable'\nremoved",
publishable subset == "data_flawed_major" ~

"'Unpublishable' &\n'Major Revisions'\nremoved",
TRUE ~ "")) %>%
plot forest() +

scale_x_reordered(labels = tidy forest_labels) +
gghdx: :facet_nested(dataset ~ publishable_subset,
independent = "y",
scales = "free")
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Figure B.3: Forest plots of meta-analytic estimated standardized effect sizes (Z,, blue circles)
and their 95% confidence intervals for each effect size included in the meta-analysis model.
The meta-analytic mean effect size is denoted by a black triangle and a dashed vertical line,
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with error bars also representing the 95% confidence interval. The solid black vertical line
demarcates effect size of 0, indicating no relationship between the test variable and the
response variable. The left side of each panel shows the analysis team names (anonymous
arbitrary names assigned by us), each followed by three numbers. The first number is the
submission ID (some analyst teams submitted results to us on >1 submission form), the
second number is the analysis ID (some analyst teams included results of >1 analysis in a
given submission), and the third number is the effect ID (some analysts submitted values for
>1 effect per analysis). Thus, each row in each forest plot is uniquely identified, but it is
possible to determine which effects come from which analyses and which analysis teams. The
plots in the top row depict effects from analyses of blue tit data, and the bottom row plots
depict effects from analyses of Eucalyptus data. The right-most plots depict all usable effect
sizes. The plots on the left exclude effects from analysis sets that received at least one rating
of “unpublishable” from peer reviewers, and the plots in the middle exclude effects from
analysis sets that received at least one rating of either “unpublishable” or “major revision”
from peer reviewers.

Post-hoc analysis: Exploring the effect of excluding estimates in which we had reduced
confidence

For each dataset (blue tit, Eucalyptus), we created a second, more conservative version, that
excluded effects based on estimates of df that we considered less reliable (Table B.1). We
compared the outcomes of analyses of the primary dataset (constituted according to our
registered plan) with the outcomes of analyses of the more conservative version of the dataset.
We also compared results from analyses of both of these versions of the dataset to versions
with our post-hoc removal of outliers described in the main text. Our more conservative
exclusions (based on unreliable estimates of df ) had minimal impact on the meta-analytic
mean for both blue tit and Eucalyptus analyses, regardless of whether outliers were excluded
(Table B.1).

ManyEcoEvo _viz %>%
dplyr::filter(estimate_type == "Zr",
model name == "MA mod",
collinearity subset != "collinearity removed",
publishable subset == "All",
expertise subset == "All") %>%
select(dataset, exclusion_set, tidy mod_summary) %>%
unnest(tidy_mod_summary) %>%
filter(type == "summary") %>%
select(-term, -type) %>%
mutate(exclusion_set =
case_when(exclusion_set == "complete" ~
"Primary dataset”,
exclusion_set == "complete-rm_outliers" ~
"Primary dataset, outliers removed",
exclusion_set == "partial" ~
"Conservative exclusions",
TRUE ~ "Conservative exclusions, outliers removed")) %>%
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group_by(exclusion_set) %>%

ptus")

gt::
gt:
gt:

gt:
gt:
gt:

gt:
gt:

gt() %>%

:opt_stylize(style = 6, color = "gray") %>%
:fmt(columns = "p.value",

fns = function(x) gtsummary::style pvalue(x, prepend p = FALSE)) %>

:fmt_number(columns = c(-p.value, -dataset)) %>%
:cols_label(estimate = gt::md("$$\\hat\\mu$$"),

std.error = gt::md("$$\text{SE}[\\hat\\mu]$$"),
conf.low = gt::md("95\\%CI")) %>%

:cols_merge(columns = starts with("conf"),

pattern = "[{1},{2}]") %>%

:cols_move(columns = conf.low, after = std.error) %>%

:tab_style(

style = list(gt::cell text(transform = "capitalize"),

gt::cell text(style = "italic")),

locations = gt::cells body(columns = "dataset", rows = dataset == "eucaly

)

Table B.1: Estimated meta-analytic mean, standard error, and 95% confidence intervals, from

analyses of the primary data set, the more conservative version of the dataset which excluded
effects based on less reliable estimates of df, and both of these datasets with outliers
removed.

dataset 95%Cl statistic

Primary dataset

blue tit -0.35 0.03 [-0.41,-0.29] -11.02 <0.001
Eucalyptus -0.09 0.06 [-0.22,0.03] -1.47 0.14

Conservative exclusions

blue tit -0.36 0.03 [-0.42,-0.29] -10.77 <0.001
Eucalyptus -0.11 0.07 [-0.24,0.03] -1.55 0.12

Primary dataset, outliers removed

blue tit -0.36 0.03 [-0.42,-0.30] -11.48 <0.001
Eucalyptus -0.03 0.01 [-0.06,0.00] -2.23 0.026

Conservative exclusions, outliers removed

blue tit -0.36 0.03 [-0.43,-0.30] -11.38 <0.001
Eucalyptus -0.04 0.02 [-0.07,-0.01] -2.52 0.012
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plot_forest <- function(data, intercept = TRUE, MA mean = TRUE ){
if (MA_mean == FALSE) {

}

data <- filter(data, term != "Overall")

p <- ggplot(data, aes(y = term,
x = estimate,
ymin = conf.low,
ymax = conf.high,
# shape = point_shape,
colour = parameter_type)) +
geom_pointrange() +
ggforestplot::theme forest() +

theme(axis.line = element_line(size = ©.10, colour = "black"),

axis.line.y = element_blank(),
text = element_text(family = "Helvetica"),
axis.text.y = element_blank()) +
guides(shape = "none", colour = "none") +
coord _flip() +
labs(y = "Standardised Effect Size, Zr",
x = element_blank()) +
scale x_continuous(breaks = c(-4,-3,-2,-1,0,1),

minor_breaks = seq(from = -4.5, to = 1.5, by = 0.5)) +

NatParksPalettes::scale color natparks_d("Glacier")

if (intercept == TRUE) {
p <- p + geom_hline(yintercept = 0)
¥
if (MA_mean == TRUE) {
p <- p + geom_hline(aes(yintercept = meta_analytic_mean),
data = data,
colour = "#01353D",
linetype = "dashed")

}

return(p)

}

complete_euc_data <-
ManyEcoEvo_viz %>%
filter(exclusion_set == "complete",

estimate_type == "Zr",

model name == "MA mod",
dataset == "eucalyptus"”,
publishable subset == "All",
expertise_subset == "All") %>%

select(tidy_mod_summary) %>%
mutate(plot_data = map(tidy_mod_summary,

.f = ~ dplyr::mutate(.x,
point_shape =
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ifelse(stringr::str_detect(term

, "overall"),
"diamond",
"circle"),
Parameter =

forcats::fct_reorder(term,

estimate)

%>%
forcats: :fct_reorder(.,

point_shap
e)
.desc = TR
UE))
)>
meta_analytic_mean = map_dbl(plot_data,
~ filter(.x, Parameter == "overall") %>%

pull(estimate))) %>%
select(plot_data, meta_analytic_mean) %>%
unnest(cols = c("plot_data")) %>%

mutate(parameter_ type = case_when(str_detect(Parameter, "overall") ~ "mean"

TRUE ~ "study"))

# ManyEcoEvo_viz %>%

# filter(exclusion_set == "complete",
estimate_type == "Zr",

model name == "MA mod",
dataset == "eucalyptus",
publishable subset == "All",
expertise subset == "All") %>%

oo OH OH R

)

min_outlier_euc <- complete_euc_data %>%

filter(type == "study") %>%
slice min(estimate, n = 3) %>%
pull(term)

sample size euc_Zr <- ManyEcoEvo results %>%
filter(exclusion_set == "complete", dataset == "eucalyptus") %>%
pluck("data", 1) %>%
select(id_col, sample size) %>%
rename(term = id_col) %>%
mutate(sample_size = as.numeric(sample_size))

mean_n_euc_Zr <- sample_size_euc_Zr %>%
drop_na(sample_size) %>%
pull(sample_size) %>%
mean() %>%
round(2)
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N_outliers_Zr_euc <- sample_size_ euc_Zr %>%
filter(term %in% min_outlier_euc) %>%
arrange(desc(sample_size))

Post-hoc analysis: Exploring the effect of including only analyses conducted by analysis teams
with at least one member self-rated as “highly proficient” or “expert” in conducting statitistical
analyses in their research area

The anonymous Team Identifiers in the reduced subset of “expert” or “highly proficient”
analysts are exported internally in the ManyEcoEvo package as ManyEcoEvo: : :expert_subset.
Analyses from the following teams are retained in the reduced subset: Bell, Berr, Brim, Bruc,
Burr, Byng, Cape, Clar, Clev, Alban, Alpha, Bargo, Berry, Bowen, Bulli, Aldgat, Alding, Anakie,
Aramac, August, Bamaga, Barham, Barmah, Batlow, Beltan, Bethan, Beulah, Bindoo, Boonah,
Bowral, Bright, Buchan, Burnie, Cairns, Casino, Cattai, Adelong, Angasto, Antwerp, Arltung,
Ashford, Babinda, Bargara, Barooga, Barraba, Belmont, Bemboka, Benalla, Bendigo, Berrima,
Berwick, Beverle, Bicheno, Biloela, Birchip, Bombala, Bonalbo, Brookto, Bruthen, Buderim,
Candelo, Capella, Carcoar, Carnama, Chewton, Anglesea, Ardrossa, Armidale, Atherton,
Balaklav, Ballarat, Barellan, Belgrave, Berrigan, Binalong, Binnaway, Blackall, Boggabri,
Bridport, Brooklyn, Buckland, Bundeena, Bungonia, Busselto, Calliope, Cardwell, Cassilis,
Cessnock, Charlton.

plot_forest <- function(data, intercept = TRUE, MA mean = TRUE){
if (MA_mean == FALSE){
data <- filter(data, Parameter != "overall")

}

p <- ggplot(data, aes(y = estimate,
x = term,
ymin = conf.low,
ymax = conf.high,
shape = parameter_type,
colour = parameter_type)) +
geom_pointrange(fatten = 2) +
ggforestplot::theme forest() +
theme(axis.line = element_line(linewidth = 0.10, colour = "black"),
axis.line.y = element_blank(),
text = element_text(family = "Helvetica")#,
# axis.text.y = element_blank()
) +
guides(shape = guide legend(title = NULL),
colour = guide_legend(title = NULL)) +
coord flip() +
ylab(bquote(Standardised~Effect~Size~Z[r])) +
xlab(element_blank()) +
# scale_y continuous(breaks = c(-4,-3,-2,-1,0,1),
# minor_breaks = seq(from = -4.5, to = 1.5, by = 0.5)) +
NatParksPalettes::scale color natparks_d("Glacier")
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}

if(intercept == TRUE){
p <- p + geom_hline(yintercept = @)
}
if(MA_mean == TRUE){
p <- p + geom _hline(aes(yintercept = meta_analytic mean),
data = data,
colour = "#01353D",
linetype = "dashed")

}

return(p)

filter_experts <-

rlang: :exprs(
exclusion_set == "complete",
estimate_type == "Zr",
model name == "MA_mod",
publishable subset == "All",
expertise_subset == "expert")

bt_experts_only «<-

ManyEcoEvo_viz %>%
filter(!!!filter_experts,
dataset == "blue tit") %>%
select(tidy_mod_summary) %>%
mutate(plot _data = map(tidy_mod_summary,
.f = ~ dplyr::mutate(.x,
point_shape =

ifelse(stringr::str_detect(term

, "overall"),
"diamond",
"circle"),
Parameter =
forcats::fct_reorder(term,
estimate)
%>%
forcats: :fct_reorder(.,
point_shap
€,
.desc = TR
UE))
)>
meta_analytic_mean = map_dbl(plot_data,
~ filter(.x, Parameter == "overall") %>%

pull(estimate))) %>%
select(plot_data, meta_analytic_mean) %>%
unnest(cols = c("plot_data")) %>%
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mutate(parameter_type = case_when(str_detect(Parameter, "overall") ~ "mean"

TRUE ~ "study"))

bt_experts_only <-
bt _experts_only %>%
rename(id_col = term) %>%
group_by(type) %>%
group_split() %>%
set_names(., bt_experts_only$type %>% unique) %>%
# map_if(.x = ., names(.) == "study",
# .f = ~ anonymise teams(.x, TeamIdentifier_lookup)) %>%
bind_rows() %>%
rename(term = id col)

HoH O HEFEHHEFHHEFH

bt_forest_experts <- bt_experts_only %>%
arrange(desc(type)) %>%
mutate(type = forcats::as_factor(type)) %>%
group_by(type) %>%
arrange(desc(estimate), .by group = TRUE) %>%
mutate(term = forcats::as_factor(term),
point_shape = case_when(str_detect(type, "summary") ~ "mean",
TRUE ~ "study")) %>%
plot_forest(intercept = TRUE, MA_mean = TRUE) +
theme(axis.text.x = element_text(size = 15),
axis.title.x = element_text(size = 15),
axis.text.y = element_blank()
) +

scale y continuous(limits = c(-1.6, 0.65))

euc_experts_only <-
ManyEcoEvo_viz %>%
filter(!!!filter_experts,
dataset == "eucalyptus") %>%
select(model) %>%
mutate(plot_data = map(model,
.f = ~ broom: :tidy(.x,
conf.int = TRUE,
include_studies = TRUE) %>%
dplyr::mutate(point_shape =
ifelse(stringr::str_detect(term, "
overall"),
"diamond",
"circle"),
Parameter =
forcats: :fct reorder(term,
estimate) %>%
forcats::fct_reorder(.,
point_shape,
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)
meta_analytic_mean = map_dbl(plot_data,

~ filter(.x, Parameter == "overall") %>%
pull(estimate))) %>%

select(plot_data, meta_analytic_mean) %>%
unnest(cols = c("plot _data")) %>%

mutate(parameter_type = case when(str_detect(Parameter, "overall") ~ "mean'

TRUE ~ "study"))

euc_experts_only <-
euc_experts_only %>%
rename(id_col = term) %>%
group_by(type) %>%
group_split() %>%

# map_if(.x = ., names(.) == "study",
# .f

bind _rows() %>%

rename(term = id_col)

HoH H H HHHHEHH

euc_forest_experts <- euc_experts_only %>%
arrange(desc(type)) %>%
mutate(type = forcats::as_factor(type)) %>%
group_by(type) %>%
arrange(desc(estimate), .by group = TRUE) %>%
mutate(term = forcats::as_factor(term),

point_shape = case_when(str_detect(type, "summary") ~ "mean",
TRUE ~ "study")) %>%
plot forest(intercept = TRUE, MA _mean = TRUE) +

theme(axis.text.x = element_text(size = 15),
axis.title.x = element_text(size = 15),
axis.text.y = element_blank()

) +

scale y continuous(limits

breaks

C(_S) 1):

# ---- Extract Viz ----
bt forest_experts

euc_forest_experts

set_names(., euc_experts only$type %>% unique) %>%

~ anonymise_teams(.x, TeamIdentifier_lookup)) %>%

C(_SJ -4J '3: '2: -1J 9, 1) )

TRUE)
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Figure B.4: Estimated meta-analytic mean effect size (Z,.), standard error, and 95% confidence
intervals, from analyses of the primary data set with at least one member self-rated as “highly
proficient” or “expert” in conducting statistical analyses in their research area.

Post-hoc analysis: Exploring the effect of excluding analyses of the blue tit dataset containing
highly collinear predictor variables

For the blue tit dataset, we created a subset of analyses that excluded effects based on
analyses containing highly correlated predictor variables. Excluded analyses are exported
internally in the ManyEcoEvo package as ManyEcoEvo: :collinearity subset. Analyses with
the following identifiers are excluded in the reduced subset: Armadal-1-1-1, Babinda-1-1-1,
Babinda-2-2-1, Barham-1-1-1, Barham-2-2-1, Bega-1-1-1, Bega-1-1-2, Bega-2-2-1, Bega-2-2-2,
Borde-1-1-1, Bruc-1-1-1, Caigun-1-1-1, Caigun-2-2-1, Adelong-1-1-1, Adelong-2-2-1.

filter_collinear <- rlang::exprs(exclusion set == "complete",
publishable subset == "All",
expertise_subset == "All",
collinearity subset == "collinearity removed",
model name == "MA mod",
dataset == "blue tit")
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# summary_output_params <- rlang::exprs(tidy_mod_summary, MA fit stats, mod_f
it _stats)

ManyEcoEvo_viz %>%
filter(!!!filter_collinear) %>%
mutate(plot_data = map(tidy_mod_summary,
.f = ~ dplyr::mutate(.x,
point_ shape =
ifelse(stringr::str_detect(term
, 'overall"),
"diamond",
"circle"),
Parameter =
forcats::fct_reorder(term,
estimate)
%>%
forcats::fct_reorder(.,

point_shap
€,
.desc = TR
UE))
)>
meta_analytic_mean = map_dbl(plot_data,
~ filter(.x, Parameter == "overall") %>%

pull(estimate))) %>%
select(plot_data, meta_analytic_mean) %>%
unnest(cols = c("plot _data")) %>%
mutate(parameter_type = case _when(str_detect(Parameter, "overall") ~ "mean"

TRUE ~ "study")) %>%
arrange(desc(type)) %>%
mutate(type = forcats::as_factor(type)) %>%
group_by(type) %>%
arrange(desc(estimate), .by group = TRUE) %>%
mutate(term = forcats::as_factor(term),
point_shape = case_when(str_detect(type, "summary") ~ "mean",
TRUE ~ "study")) %>%

plot_forest(intercept = TRUE, MA_mean = TRUE) +
theme(axis.text.x = element_text(size = 15),

axis.title.x = element_text(size = 15),

axis.text.y = element_blank()

) +
scale_y continuous(limits

= 5, 0.5),
breaks = c(

c(-1.
-1.5, -1, -0.5, 8, 0.5) )
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Figure B.5: Forest plot of meta-analytic estimated effect-sizes Z,, standard error and 95%
confidence intervals of blue tit analyses with highly collinear analyses removed. The meta-
analytic mean for the reduced subset is denoted by the black triangle, and a dashed vertical
line, with error bars representing the 95% confidence interval. The solid black vertical line
demarcates effect size of O.
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B.1.2 Out of sample predictions y;

Excluded analyses with constructed variables
by <- join_by(response_variable name) # don't join on id _col: inc. other excl

# Analyst Constructed Variables
all constructed_vars <-
ManyEcoEvo %>%

pull(data, dataset) %>%
list rbind(names_to = "dataset") %>%
filter(str_detect(response variable type, "constructed")) %>%
distinct(dataset,response variable name) %>%
drop_na() %>%
arrange()

# Constructed Variables Included in the ManyAnalysts meta-analysis
# (i.e. we have included them in the parameter tables)
ManyEcoEvo_yi constructed_vars <-
ManyEcoEvo: ::analysis data_param_tables %>%
distinct(variable, dataset) %>%
rename(response_variable name = variable) %>%
semi_join(all_constructed vars, by) %>%
filter(!str_detect(response_variable_ name,
"average.proportion.of")) # was excluded

yi constructed <-
ManyEcoEvo_yi results %>%
pull(data, dataset) %>%
list rbind(names_to = "dataset") %>%
filter(str_detect(response_variable_ type, "constructed")) %>%
distinct(dataset, id_col, TeamIdentifier, response_variable_ name) %>%
drop_na()

excluded_yi constructed <-
ManyEcoEvo %>%
pull(data, dataset) %>%
list _rbind(names_to = "dataset") %>%
filter(str_detect(response_variable_type, "constructed"),
str_detect(exclusions_all, "retain")) %>%
distinct(dataset, id_col, TeamIdentifier, response_variable name) %>%
drop_na() %>%
anti_join(yi_constructed, by) #rm response vars in yi constructed

n_dropped_analyses <-
excluded_yi_constructed %>%
n_distinct("id col")

n_teams_w_dropped_analyses <-
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excluded yi constructed %>%
group_by(TeamIdentifier) %>%
count() %>%

n_distinct("TeamIdentifier")

We standardized the y; estimates and their standard errors for the blue tit analyses using the
population mean and standard deviations of the corresponding dependent variable for that
analysis, as shown in Equation B.1, using the function ManyEcoEvo: :Z_VZ_preds(). Note that
this is NOT the same process as standardizing the effect sizes Z,.. We used the mean and
standard deviation of the relevant raw datasets as our ‘population” parameters.

Equation B1

Hi — Xj
Z.
] SD;
VAR SEy
)

Where u is the population parameter taken from our original dataset for variable i, and X; and
SD; are the out of sample point estimate values supplied for analysis j. SE,. is the standard
error of the population mean for variable i, while VARZj and Z; are the standardized variance

and mean estimate for analysis j. Note that for the response variables that were scaled-and-
centered, or else mean-centred before model fitting, we do not need to standardise because
these are already on the Z-scale. In doing so we make the assumption that analysts’ data
subsetting will have little effect on the outcomes. For some analyses of the blue tit dataset,
analysts constructed their own unique response variables, which meant we needed to
reconstruct these variables in order to calculate the population parameters. Unfortunately we
were not able to re-construct all variables used by the analysts, as we were unable to
reproduce the data required for their re-construction, e.g. we were unable to reproduce
principal component analyses or fitted models for extracting residuals Table B.2. A total of 15
were excluded from out-of-sample meta-analysis, from 10 teams, including the following
analysis identifiers: Bruc-1-1-1, Clar-2-2-1, Clar-1-1-1, Batlow-1-1-1, Batlow-1-1-2, Bindoo-1-1-1,
Bourke-1-1-1, Buchan-1-1-1, Arltung-4-4-1, Bargara-1-1-1, Bendigo-5-5-1, Booligal-3-3-1,
Booligal-2-2-1, Booligal-4-4-1 and Booligal-5-5-1.

all constructed vars %>%
semi_ join(ManyEcoEvo_yi constructed vars, by) %>%
mutate(included _in_yi = TRUE) %>%
bind rows(
{
all constructed_vars %>%
anti_join(ManyEcoEvo_yi constructed_vars, by) %>%
mutate(included in yi = FALSE)
}
) %>%
dplyr::mutate(included in yi =
case_match(included_in_yi,
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TRUE ~ "check",
FALSE ~ "xmark" ),
response_variable name =
gluedown: :md_code(response_variable _name)) %>%
group_by(dataset) %>%
gt::gt() %>%
gt::cols_label(response_variable name = "Constructed Variable",

included in_yi = gt::md("Variable reconstructed for meta-ana

lysis?")) %>%
gt::fmt_icon(included_in_yi) %>%

gt::tab_style(style = cell text(style = "italic", transform = "capitalize")

locations = cells_row_groups(groups = "eucalyptus")) %>%

gt::tab_style(style = cell text(align = "center"),
locations = cells body(columns = included_in_yi)) %>%
gt::tab_style(style = cell text(align = "left"),

locations = cells body(columns = response_variable name)) %>%

gt::tab_style(style = cell text(align = "left"),

locations = cells_column_labels(response_variable_name)) %>%

gt::tab_style(locations = cells body(columns = response variable name),

style = cell text(size = "small")) %>%
gt::fmt_markdown(columns = response_variable_name) %>%

gt::opt_stylize(style = 6, color = "gray", add_row_striping = TRUE) %>%

gt::opt_row_striping(row_striping = TRUE)
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Table B.2: Analyst-constructed variables and their inclusion in meta-analyses of out-of-sample

predictions, y;.

Constructed Variable

Variable reconstructed

blue tit

for meta-analysis?

day_14_weight/day_14_tarsus_length

day_14_weight/(day_14_tarsus_length”2)

SMI

day_14_tarsus_length_group_deviation

day_14_weight_group_deviation

PCl.day_14_weight.day_14_tarsus_length

day_14_tarsus_length_deviation

residual_dayl4_weight

residual_day_14_weight_males

X X X X X X x < X

Eucalyptus

euc_sdlgs@_2m

euc_sdlgs_all

euc_sdlgs>50cm

smallx@.25+medium*1l.25+large*2.5

average.proportion.of.plots.containing.at.least.one.euc.seedling.of.any.size

XEESE S BSE <

Non-truncated y; meta-analysis forest plot

Below is the non-truncated version of Figure 4.3 showing a forest plot of the out-of-sample
predictions, y;, on the response-scale (stem counts), for Eucalyptus analyses, showing the full

error bars of all model estimates.

plot forest 2 <- function(data, intercept

meric(2L)){
if(MA_mean == FALSE){

TRUE, MA_mean

data <- filter(data, study_id != "overall")

}

plot data <- data %>%
group_by(study_id) %>%
group_nest() %>%

TRUE, y_zoom

nu
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hoist(data, "estimate",.remove = FALSE) %>%

hoist(estimate, y50 = 2) %>%

select(-estimate) %>%

unnest(data) %>%

arrange(desc(type)) %>%

mutate(type = forcats::as_factor(type)) %>%

group_by(type) %>%

arrange(desc(y50), .by group = TRUE) %>%

mutate(study id = forcats::as_factor(study id),
point_shape = case_when(str_detect(type, "summary") ~ "diamond",

TRUE ~ "circle"))

p <- ggplot(plot _data, aes(y = estimate,
x = study_id,
ymin = conf.low,
ymax = conf.high,
# shape = type,
shape = point_shape,
colour = estimate_type
)) +
geom_pointrange(position = position_dodge(width = @©.5)) +
ggforestplot::theme forest() +
theme(axis.line = element_line(linewidth = ©0.10, colour = "black"),
axis.line.y = element_blank(),
text = element_text(family = "Helvetica")) +

guides(shape = "none", colour = "none") +
coord flip(ylim = y_zoom) +
labs(y = "Model estimated out of sample predictions, stem counts”,

x = element_blank()) +
scale_ y continuous(breaks = scales::breaks_extended(10)) +
NatParksPalettes::scale color_natparks_d("Glacier")

if(intercept == TRUE){
p <- p + geom_hline(yintercept = @)

}
if(MA_mean == TRUE){
p<-p+
geom_hline(aes(yintercept = plot_data %>%
filter(type == "summary", estimate_type == "y25") %>%
pluck("estimate")),
data = data,

colour = "#01353D",
linetype = "dashed") +
geom_hline(aes(yintercept = plot_data %>%

filter(type == "summary", estimate_type == "y50") %>%
pluck("estimate")),
data = data,

colour = "#088096",
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linetype = "dashed")
geom_hline(aes(yintercept = plot
filter(type ==
pluck("estimate
data = data,
colour = "#58B3C7" ,
linetype = "dashed")
}
print(p)
}
# ---- new code ----

eucalyptus_yi plot_data <-
ManyEcoEvo_yi_viz %>%
filter(dataset == "eucalyptus", mode
unnest(cols = tidy mod_summary) %>%
mutate(response_scale = list(log _bac
.by = c(dataset, estimate_typ
.keep = "used") %>%
select(-estimate, -std.error) %>%
unnest_wider(response_scale) %>%
rename(estimate = mean_origin, conf.
nest(tidy _mod summary = c(-dataset,
for plotting (on count scale, not log
select(dataset, estimate_type, tidy
unnest(cols = tidy_mod_summary) %>%
rename(study_id = term) %>%

ungroup()

max_x_axis <-
eucalyptus yi plot data %>%
pluck("conf.high", max) %>%
round() + 10

eucalyptus yi plot data %>%
plot forest 2(MA mean = T, y zoom =
theme(axis.text.y = element_blank())

+

_data %>%

"summary", estimate_type == "y75") %>%
")),

1 name == "MA_mod") %>%

k(estimate, std.error, 1000)),
e, term, type),

low = lower, conf.high = upper) %>%
-estimate_type)) %>% #extract euc data
scale)

mod_summary) %>%

c(9, max_x_axis)) +
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Figure B.6: Forest plot of meta-analytic estimated out of sample predictions, y;, on the
response-scale (stem counts) for Eucalyptus analyses. Circles represent individual analysis
estimates. Triangles represent the meta-analytic mean for each prediction scenario. Navy blue
coloured points correspond to y,s scenario, blue coloured points correspond to the ys,
scenario, while light blue points correspond to the y-c scenario. Error bars are 95% confidence
intervals. Outliers (i.e. observations with mean estimates more than 3SD above the population
parameter mean, see Section B.1.2.1) have been removed prior to model fitting.

42



Supplement to: Gould et al. Same data, different analysts: variation in effect sizes due to
analytical decisions in ecology and evolutionary biology.

SM C: Explaining Variation in Deviation Scores

library(withr)
library(here)
library(tidyverse)
library(performance)
library(broom.mixed)
library(gt)
library(1lme4)
library(parameters) #must be loaded directly else parameters fail
library(MuMIn)
library(ManyEcoEvo)
library(tidymodels)
library(multilevelmod)
library(rlang)

set.seed(1234)
source(here: :here("utils.R"))

plot_forest <- function(data, intercept = TRUE, MA _mean = TRUE){
if (MA_mean == FALSE) {
data <- filter(data, study id != "overall")
}

data <- data %>%
group_by(study id) %>%
group_nest() %>%
hoist(data, "estimate",.remove = FALSE) %>%
hoist(estimate, y50 = 2) %>%
select(-estimate) %>%
unnest(data) %>%
arrange(y50) %>%
mutate(point_shape = case_when(str_detect(type, "summary") ~ "diamond",
TRUE ~ "circle"))

p <- ggplot(data, aes(y = estimate,
x = reorder(study_id, y50),
ymin = conf.low,
ymax conf.high,
shape = point_shape,
colour = estimate_type

)) +

geom_pointrange(position = position_jitter(width = 0.1)) +

ggforestplot::theme_forest() +

theme(axis.line = element_line(linewidth = ©0.10, colour = "black"),
axis.line.y = element_blank(),
text = element text(family = "Helvetica")) +

guides(shape = "none", colour = "none") +

coord flip() +

43



Supplement to: Gould et al. Same data, different analysts: variation in effect sizes due to
analytical decisions in ecology and evolutionary biology.

labs(y = "Standardised Out of Sample Predictions, Z",
x = element_blank()) +
scale_y continuous(breaks = seq(from = round(min(data$conf.low)), to = ro
und(max(data$conf.high)), by = 1),
minor_breaks = seq(from = -4.5, to = 1.5, by = 0.5)) +
NatParksPalettes::scale color_natparks_d("Glacier")

if (intercept == TRUE) {
p <- p + geom_hline(yintercept = @)
}
if (MA_mean == TRUE) {
# p <- p + geom_hline(aes(yintercept = meta_analytic_mean),
# data = data,
# colour = "#01353D",
# linetype = "dashed")
}

print(p)

plot forest 2 <- function(data, intercept = TRUE, MA mean = TRUE)({
if (MA_mean == FALSE) {
data <- filter(data, study id != "overall")
}

plot_data <- data %>%
group_by(study_id) %>%
group_nest() %>%
hoist(data, "estimate",.remove = FALSE) %>%
hoist(estimate, y50 = 2) %>%
select(-estimate) %>%
unnest(data) %>%
arrange(y50)

p <- ggplot(plot _data, aes(y = estimate,
x = reorder(study_id, y50),
ymin = conf.low,
ymax = conf.high,
# shape = type,
colour = estimate_type
)) +
geom_pointrange(position = position_dodge(width = 0.5)) +
ggforestplot::theme_forest() +
theme(axis.line = element_line(linewidth = 0.10, colour = "black"),
axis.line.y = element_blank(),
text = element text(family = "Helvetica")) +
guides(shape = "none", colour = "none") +
coord_flip() +
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labs(y = "Model estimated out of sample predictions”,

x = element_blank()) +
scale_y continuous(breaks = scales::breaks_extended(10)) +
NatParksPalettes::scale color natparks_d("Glacier")

if (intercept == TRUE) {
p <- p + geom_hline(yintercept = 0)

}
if (MA_mean == TRUE) {
p <- p +
geom_hline(aes(yintercept = plot_data %>%
filter(type == "summary", estimate_type == "y25") %>%
pluck("estimate")),
data = data,
colour = "#01353D",
linetype = "dashed") +
geom_hline(aes(yintercept = plot_data %>%
filter(type == "summary", estimate_type == "y50") %>%
pluck("estimate")),
data = data,
colour = "#088096",
linetype = "dashed") +
geom_hline(aes(yintercept = plot_data %>%
filter(type == "summary", estimate_type == "y75") %>%
pluck("estimate")),
data = data,
colour = "#58B3C7" ,
linetype = "dashed")
}
print(p)

}

create_model workflow <- function(outcome, fixed_effects, random_intercepts){
# https://community.rstudio.com/t/programmatically-generate-formulas-for-1m

er/8575
# ---- Define random effects constructor function ----
randomify <- function(feats) {
paste@("(1|", feats, ")", collapse = " + ")
¥
# ---- Construct formula ----
randomify <- function(feats) paste@("(1|", feats, ")", collapse = " + ")
fixed <- paste@(fixed_effects, collapse = " + ")

random <- randomify(random_intercepts)

model formula <- as.formula(paste(outcome, "~", fixed, "+", random))
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# ---- Construct Workflow ----
model <- linear_reg() %>%
set_engine("1lmer")

workflow_formula <- workflow() %>%
add_variables(outcomes = all of(outcome),
predictors = all of(c(fixed_effects, random_intercepts)))
%>%
add_model(model, formula = model formula) #%>%
# add_case_weights(weight)

return(workflow_formula)

}

# Define Plotting Function

plot_model_means_box_cox_cat <- function(dat,
variable,
predictor_means,
new_order,
title,
back_transform = FALSE) {

dat <- mutate(dat,
"{{variable}}" := #
fct_relevel(.f = {{variable}},
new_order)

)

if (back_transform == TRUE) {
dat <- dat %>%
mutate(box_cox_abs deviation_score_estimate =
ae: :bxcx(unique(dat$lambda),
= box_cox_abs_deviation_score_estimate, InverseQ =
TRUE))

predictor_means <- predictor_means %>%
as_tibble() %>%
mutate(lambda = dat$lambda %>% unique()) %>%
mutate(across(.cols = -PublishableAsIs,
~ sae::bxcx(unique(dat$lambda),x = .x, InverseQ = TRUE)))

}

p <- ggplot(dat, aes(x = {{variable}},
y = box_cox_abs_deviation_score estimate)) +
# Add base dat
geom violin(aes(fill = {{variable}}),
trim = TRUE,
# scale = "count",
colour = "white") +
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see::geom_jitter2(width = ©.05, alpha = 0.5) +
# Add pointrange and line from means
geom_line(dat = predictor_means, aes(y = Mean, group = 1), linewidth = 1)

geom_pointrange(
dat = predictor_means,
aes(y = Mean, ymin = CI_low, ymax = CI_high),
linewidth = 1,

color = "white",
alpha = 0.5
) +

# Improve colors
see::scale fill material d(discrete = TRUE,
name = "",
palette = "ice",
labels = pull(dat, {{variable}}) %>%
levels() %>%
capwords(),
reverse = TRUE) +
EnvStats::stat _n_text() +
see: :theme_modern() +

theme(axis.text.x = element_text(angle = 90))

if (back_transform == TRUE) {

p <- p +
labs(x = "Categorical Peer Review Rating",
y = "Absolute Deviation from\n Meta-Anaytic Mean Zr")

} else {

p <- p + labs(x = "Categorical Peer Review Rating",

y = "Deviation from\nMeta-Analytic Mean Effect Size")

}
return(p)

}

possibly check convergence <- possibly(performance::check convergence,
otherwise = NA)

possibly check_singularity <- possibly(performance::check_singularity,
otherwise = NA)

# define plotting fun for walk plotting
plot_continuous_rating <- function(plot_data){
plot_data %>%
plot_cont_rating effects(response = "box_cox_abs_deviation_score_estimate

predictor = "RateAnalysis",

back_transform = FALSE,
plot = FALSE) %>%
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pluck(2) +

ggpubr: :theme_pubr() +

ggplot2::xlab("Rating") +

ggplot2::ylab("Deviation In Effect Size from Analytic Mean")

walk plot _effects_diversity <- function(model, plot _data, back transform = FA
LSE){
out_plot <- plot_effects _diversity(model, plot_data, back_transform) +
ggpubr: :theme_pubr()

return(out_plot)
}

plot model means RE <- function(data, variable, predictor_means) {
p <- ggplot(data, aes(x = as.factor({{variable}}),
y = box_cox_abs_deviation_score_estimate)) +
# Add base data
geom_violin(aes(fill = as.factor({{variable}})), color = "white") +
see::geom_jitter2(width = .05, alpha = 0.5) +
# Add pointrange and line from means
geom_line(data = predictor_means, aes(y = Mean, group = 1), linewidth = 1

) +
geom_pointrange(
data = predictor_means,
aes(y = Mean, ymin = CI_low, ymax = CI_high),
linewidth = 1,
color = "white"
) +
# Improve colors
scale x discrete(labels = c("0" = "No Random Effects", "1" = "Random Effe
cts")) +
see::scale fill material(palette = "ice",
discrete = TRUE,
labels = c("No Random Effects", "Random effects"”
)>
name = "") +
see: :theme _modern() +
EnvStats::stat_n_text() +
labs(x = "Random Effects Included",

y = "Deviation from meta-analytic mean")+
guides(fill = guide_legend(nrow = 2)) +
theme(axis.text.x = element_text(angle = 90))

return(p)
}

poss_fit <- possibly(fit, otherwise = NA, quiet = FALSE)
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create _model formulas <- function(outcome, fixed effects, random_intercepts){
# https://community.rstudio.com/t/programmatically-generate-formulas-for-1m
er/8575

# ---- Define random effects constructor function ----
randomify <- function(feats) {
paste@("(1|", feats, ")", collapse = " + ")
}
# ---- Construct formula ----
randomify <- function(feats) paste@("(1|", feats, ")", collapse = " + ")
fixed <- paste@(fixed effects, collapse = " + ")

random <- randomify(random_intercepts)
model formula <- as.formula(paste(outcome, "~", fixed, "+", random))
return(model formula)

}

C.1 Box-Cox transformation of response variable for model fitting

To aid in interpreting explanatory models where the response variable has been Box-Cox
transformed, we plotted the transformation relationship for each of our analysis datasets
(Figure C.1). Note that timetk: :step_box_cox() directly optimises the estimation of the
transformation parameter lambda, A, using the “Guerrero” method such that A minimises the
coefficient of variation for sub-series of a numeric vector (Dancho and Vaughan 2023, see
*>timetk: :step_box_cox() for further details). Consequently, each dataset has its own unique
value of 4, and therefore a unique transformation relationship.

prep_math_label estimate type <- function(estimate string){
paste@(substring(estimate_string, 1, 1),
"[", substring(estimate_string, 2, 3), "1")

}

filter_vars_main_analysis <- rlang::exprs(estimate_type == "Zr",
exclusion_set == "complete",
publishable subset == "All",
expertise_subset == "All",
collinearity subset == "ALl")

transformation_plot _data <-
ManyEcoEvo: :ManyEcoEvo_yi results %>%
bind_rows(ManyEcoEvo_results %>%
filter(!!!filter_vars _main_analysis)) %>%
select(dataset, estimate_type, effects analysis) %>%
hoist(effects_analysis, "abs _deviation_score_estimate",
"box_cox_abs_deviation_score_estimate") %>%
hoist(effects_analysis, "lambda", .simplify = TRUE, .transform = ~unique(.Xx
)) %>%
select(-effects_analysis) %>%
unnest(cols = c(abs_deviation_score_estimate,
box_cox_abs deviation score estimate))
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transformation_plot_data %>%
mutate(estimate type = forcats::as_factor(estimate_type),
estimate type = forcats::fct relabel(estimate_type, prep_math_label
estimate_type),
dataset = case_match(dataset,
"eucalyptus" ~ "Eucalyptus",
.default = dataset),
dataset = dplyr::if else(str_detect(dataset, "blue"),
latex2exp::TeX(dataset, output

"characte
),

latex2exp::TeX(dataset, italic = TRUE, out
put = "character") )
) %>%
ggplot(aes(y = abs_deviation_score_estimate,
x = box_cox_abs _deviation_score estimate)) +
geom_point() +
geghdx: :facet_grid2(c("dataset"”, "estimate type"),
scales = "free",
independent = "all",
labeller = labeller(estimate type = label parsed, datase
t = label parsed)) +
geom_label(aes(x = -Inf, y = Inf,
label = latex2exp::TeX(paste("$\\lambda =$", round(lambda, d
igits = 4)), output = "character"),
hjust = -0.2, vjust = 2),
size = 4, parse = TRUE)
theme_bw() +
xlab("Box-Cox transformed absolute deviation score") +
ylab("Absolute deviation score")

+
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Figure C.1: Box-Cox transformed absolute deviation scores plotted against (untransformed)
absolute deviation scores.

C.2 Model Convergence and Singularity problems

During model fitting, especially during fitting of models with random effects using 1me4: :
(Bates et al. 2015), some models failed to converge while others were accompanied with
console warnings of singular fit. However, the convergence checks from 1me4: : are known to
be overly strict (see ?performance: :check_convergence() documentation for a discussion of
this issue), consequently we checked for model warnings of convergence failure using the
performance: :check_convergence() function from the performance: : package (Lidecke,
Ben-Shachar, et al. 2021). For all models we double-checked that they did not have singular fit
by using performance: :check_singularity(). Despite passing singularity checks with the
performance: : package, parameters: :parameters() was unable to properly estimate SE and
confidence intervals for the random effects of some models, which suggests singular fit. For all
models we also checked whether the SE of random effects estimates could be calculated, and if
not, marked these models as being singular. Analyses of singularity and convergence are
presented throughout this document under the relevant section-heading for the analysis type
and outcome, i.e. effect size (Z,.) or out-of-sample predictions (y;).

51



Supplement to: Gould et al. Same data, different analysts: variation in effect sizes due to
analytical decisions in ecology and evolutionary biology.

C.3 Deviation Scores as explained by Reviewer Ratings
C.3.1 Effect Sizes Z,

Models pf deviation explained by categorical peer ratings all had singular fit or failed to
converge for both blue tit and Eucalyptus datasets when random efects were included for both
the effect ID and the reviewer ID (Table C.1). For the Eucalyptus dataset, when a random effect
was included for effect ID only, the model failed to converge. The same was true for the blue tit
dataset. As for the effect-size analysis, we included a random-effect for Reviewer ID only when
fitting models of deviation explained by categorical peer ratings (See Table 4.6).

For models of deviation explained by continuous peer-review ratings, when including both
random effects for effect ID and Reviewer ID model fits were singular for both datasets

(Table C.1). The models passed the performance: :check_singularity() check, however,
however, the SD and Cl could not be estimated by parameters: :model parameters() with a
warning stating this was likely due to singular fit. For models with a random effect for effect ID,
the same occurred for the blue tit dataset, whereas for the Eucalyptus dataset, the model did
not converge at all. Consequently, for both blue tit and Euclayptus datasets, we fitted and
analysed models of deviation explained by continuous peer review ratings with a random effect
for Reviewer ID only (See Table 4.6).

library(multilevelmod)

poss_extract fit engine <- purrr::possibly(extract fit engine, otherwise = NA

)

poss_parameters <- purrr::possibly(parameters: :parameters, otherwise = NA)

model <- linear_reg() %>%
set_engine("lmer", control = lmerControl(optimizer = "nloptwrap"))

base_wf <- workflow() %>%
add_model(model)

formula_study_id <- workflow() %>%
add variables(outcomes = box_cox_abs deviation score_ estimate,
predictors = c(publishable as is, study_id)) %>%
add_model(model, formula = box_cox_abs_deviation_score estimate ~ publishab
le_as_is + (1 | study_id ))

formula_ReviewerId <- workflow() %>%
add_variables(outcomes = box_cox_abs_deviation_score_estimate,
predictors = c(publishable _as_is, reviewer_id)) %>%
add_model (model,
formula = box_cox_abs_deviation_score_estimate ~ publishable _as i
s + (1 | reviewer_id ))

formula_both <- workflow() %>%
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add_variables(outcomes = box_cox_abs_deviation_score_estimate,
predictors = c(publishable as_is, reviewer_id, study id)) %>
%
add_model(model,
formula = box_cox_abs_deviation_score_estimate ~ publishable as i
s + (1 | study_id) + (1 | reviewer_id))

# ---- Create DF for combinatorial model specification ----

model_vars <-
bind_rows(
tidyr::expand_grid(outcome = "box_cox_abs_deviation_score_estimate",
fixed effects = c("publishable as_is",
"rate_analysis"),
random_intercepts = c("study_id",
"reviewer_id")) %>%
rowwise() %>%
mutate(random_intercepts = as.list(random_intercepts)),
tidyr::expand_grid(outcome = "box_cox_abs_deviation_score_estimate",
fixed_effects = c("publishable_as_is",
"rate_analysis"),
random_intercepts = c("study id",
"reviewer_id")) %>%
group_by(outcome, fixed_effects) %>%
reframe(random_intercepts = list(random_intercepts))

i} ooooc Run all models for all combinations of dataset, exclusion_set, and pu
blishable_ subset ----

# And Extract
set.seed(1234)
all model fits <-
model_vars %>%
cross_join(.,
{ManyEcoEvo: :ManyEcoEvo_results %>%
select(estimate_type, ends with("set"), effects_analysis) %>

dplyr::filter(expertise_subset == "All",
collinearity subset == "All") %>%

select(-c(expertise_subset, collinearity_subset))}) %>%
ungroup() %>%

filter(publishable subset == "All",
exclusion_set == "complete") %>%
select(-c(exclusion_set, publishable_subset)) %>%
mutate(effects_analysis =
map (effects_analysis,
~ WX %6>%
unnest(review_data) %>%
select(any_of(c("id_col", "study_id")),
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starts _with("box _cox_abs dev"),
RateAnalysis,
PublishableAsIs,
ReviewerlId,
box_cox_var) %>%
janitor::clean_names() %>%
mutate_if(is.character, factor)
)s
model workflows = pmap(.l = list(outcome,
fixed effects,
random_intercepts),
.f = create_model workflow),
fitted mod_workflow = map2(model workflows, effects_analysis, poss_f

it), #NOT MEANT TO BE TEST DAT

) %>%

fitted model = map(fitted_mod workflow, extract_fit engine),
convergence = map_lgl(fitted_model, performance::check_convergence),
singularity = map_lgl(fitted model, performance::check singularity),
params = map(fitted _model, parameters::parameters)

unnest wider(random_intercepts, names_sep = " ") %>%
select(-outcome,

-model_workflows,
-fitted_mod_workflow,
-effects_analysis,
estimate_type) %>%

replace na(list(convergence = FALSE))

# If singularity == FALSE and convergence == TRUE, but the model appears here
then that's because
# the SD and CI's couldn't be estimated by parameters::

J

Zr_singularity_convergence <-

all model fits %>%

left join({all_model fits %>%
unnest(params) %>%
filter(Effects == "random") %>%
filter(if_any(contains("SE"), list(is.infinite, is.na))) %>%
distinct(fixed_effects,

random_intercepts 1,
random_intercepts 2,
dataset,
estimate_type,
convergence,
singularity) %>%

mutate(SE_calc = FALSE)}) %>%

left join({all_model fits %>%
unnest(params) %>%
filter(Effects == "random") %>%
filter(if_any(contains("CI"), list(is.infinite, is.na))) %>%
distinct(fixed_effects,
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random_intercepts_1,

random_intercepts 2,

dataset,

estimate_type,

convergence,

singularity) %>%

mutate(CI_calc = FALSE)}) %>%

rowwise() %>%
mutate(across(ends with(" _calc"),

~ replace_na(.x, TRUE))) %>%

mutate(across(c(SE_calc, CI_calc, singularity), ~ ifelse(is_false(convergen

ce), NA, .x)))
#----- new code showing ALL model fits not just bad

Zr_singularity_convergence %>%
select(-fitted_model, -params, -estimate_type) %>%
arrange(dataset,

fixed effects,
random_intercepts_1,
random_intercepts_2
) %>%
mutate(across(starts_with("random"),
~ str_replace_all(.x, "_ ", " ") %>%
Hmisc::capitalize() %>%
str_replace("id", "ID")),

fits

dataset =
case_when(dataset == "eucalyptus" ~ Hmisc::capitalize(dataset),
TRUE ~ dataset)) %>%
group_by(dataset) %>%
gt::gt() %>%
gt::text_transform(
locations = cells_body(
columns = fixed effects,
rows = random_intercepts_1 != "Reviewer ID"
)s
fn = function(x){
pasteo("")
}
) %>%
tab_style(
style = list(
cell fill(color = scales::alpha("red", 0.6)),
cell text(color = "white", weight = "bold")
)s
locations = 1list(
cells body(columns = "singularity", rows = singularity == TRUE),
cells body(columns = "convergence", rows = convergence == FALSE),
cells body(columns = "SE calc", rows = SE _calc == FALSE),
cells body(columns = "CI calc", rows = CI_calc == FALSE)
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)
) %>%
gt::text_transform(fn = function(x) ifelse(x == TRUE, "yes",
ifelse(x == FALSE, "no", x)),
locations = cells _body(columns = c("singularity", "conve
rgence", "SE_calc", "CI calc"))) %>%
gt::opt_stylize(style = 6, color = "gray") %>%
gt::cols label(dataset = "Dataset",
fixed_effects = "Fixed Effect”,
singularity = "Singular Fit?",
convergence = "Model converged?",
SE_calc = gt::md("Can random effects $\\text{SE}$ be calcula
ted?"),
CI calc = "Can random effect 95% CI be calculated?") %>%
gt::tab_spanner(label = "Random Effects",
columns = gt::starts_with("random")) %>%
gt::sub_missing() %>%
gt::cols label with(columns = gt::starts_with("random"),
fn = function(x) pasteo("")) %>%
gt::tab_style(locations =
cells body(rows = str_detect(dataset, "Eucalyptus"),
columns = dataset),
style = cell text(style = "italic")) %>%
gt::text_transform(fn = function(x) str_replace(x, "publishable as_is", "Ca
tegorical Peer Rating") %>%
str_replace(., "rate_analysis", "Continuous Peer Ratin
g"),
locations = cells_body(columns = c("fixed_effects"))) %>
%
gt::tab_style(style = cell text(style = "italic", transform = "capitalize"
)>

locations = cells_row_groups(groups = "Eucalyptus"))
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Table C.1: Singularity and convergence checking outcomes for models of deviation in effect-
sizes Z, explained by peer-review ratings for different random effect structures. Problematic
checking outcomes are highlighted in red.

Random Effects Can random Can random
effects SE  effect 95%
Model be Cl be
Fixed Effect converged? Singular Fit? calculated? calculated?
blue tit
Categorical .
Peer Rating ReviewerID — yes no yes yes
Study ID Reviewer ID yes no yes n
Continuots Reviewer ID — yes no yes yes
Peer Rating
Study ID Reviewer ID
Study ID —
Eucalyptus
Categorical .
Peer Rating Reviewer ID —
Study ID Reviewer ID
Study ID —
e EIE Reviewer ID — es no es es
Peer Rating y y y

Study ID Reviewer ID yes no m

C.3.2 Out of sample predictions y;

As for effect-size estimates Z,., we encountered convergence and singularity problems when
fitting models of deviation in out-of-sample predictions y; explained by categorical peer ratings
for both datasets (Table C.2). For all continuous models across both datasets, we encountered
convergence and singularity problems when including random effects for both effect ID and
Reviewer ID, as well as when including random effects for the effect ID only. In the latter case,
for many prediction scenarios, across both blue tit and Eucalyptus datasets, estimated random
effect coefficient Cl’s and SE could not be estimated. For models of deviation in out-of-sample
predictions explained by continuous peer review ratings, when a random effect was included
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for effect ID only, ClI’s returned values of 0 for both bounds and model means estimated with
modelbased: :estimate_means() could not be reliably estimated and were equal for every
peer-rating category (Table C.2). Consequently, we fitted models of deviation in out-of-sample
predictions explained by continuous peer ratings with a random effect for Reviewer ID only
(Table C.3). These model structures matched converging and non-singular model structures for
effect-size estimates Z,. (Table C.1).

all model fits yi <-
model_vars %>%
cross_join(.,
{ManyEcoEvo: :ManyEcoEvo_yi results %>%
select(estimate_type, ends with("set"), effects_analysis)})
%>%
ungroup() %>%
mutate(effects_analysis =
map (effects_analysis,
~ WX %%
select(any_of(c("id_col", "study id")),
starts_with("box_cox_abs_dev"),
RateAnalysis,
PublishableAsIs,
ReviewerlId,
box_cox_var) %>%
janitor::clean_names() %>%
mutate_if(is.character, factor)
)
model workflows = pmap(.l = list(outcome,
fixed effects,
random_intercepts),
.f = create_model workflow),
fitted mod_workflow = map2(model workflows, effects_analysis, poss_f
it), #NOT MEANT TO BE TEST DAT
fitted model = map(fitted_mod_workflow, poss extract fit engine),
convergence = map(fitted _model, possibly check_convergence),
singularity = map(fitted model, possibly check singularity),
params = map(fitted_model, poss_parameters)) %>%
mutate(
across(where(is.list),
.fns = ~ coalesce(.x, 1list(NA)))
) %>%
mutate(convergence = list c(convergence),
singularity = list c(singularity)) %>%
unnest wider(random_intercepts, names _sep = " ") %>%
select(-outcome,
-model_workflows,
-fitted mod workflow,
-effects_analysis,
estimate_type)
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yi_singularity convergence_all <-
all model fits yi %>%
left join({all _model fits yi %>%
unnest(params) %>%
filter(Effects == "random") %>%
filter(if_any(contains("SE"), list(is.infinite, is.na))) %>%
distinct(fixed effects,
random_intercepts 1,
random_intercepts_2,
dataset,
estimate_type,
convergence,
singularity) %>%
mutate(SE_calc = FALSE)}) %>%
left _join({all _model fits %>%
unnest(params) %>%
filter(Effects == "random") %>%
filter(if_any(contains("CI"), list(is.infinite, is.na))) %>%
distinct(fixed effects,
random_intercepts 1,
random_intercepts_2,
dataset,
estimate_type,
convergence,
singularity) %>%
mutate(CI_calc = FALSE)}) %>%
rowwise() %>%
mutate(across(ends with(" calc"),
~ replace_na(.x, TRUE))) %>%
mutate(across(c(SE_calc, CI_calc, singularity), ~ ifelse(is_false(convergen

ce), NA, .x)))

yi singularity convergence_all %>%
select(-fitted_model, -params) %>%
arrange(dataset,
estimate_type,
fixed effects,
random_intercepts 1,
random_intercepts_2

) %>%
mutate(across(starts_with("random"),
~ str_replace all(.x, " ", " ") %>%
Hmisc::capitalize() %>%
str_replace("id", "ID")),
dataset =

case_when(dataset == "eucalyptus" ~ Hmisc::capitalize(dataset),
TRUE ~ dataset)) %>%

mutate(fixed effects = forcats::fct_recode(fixed effects,
"Categorical Peer Rating" = "pub

lishable as is",
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"Continuous Peer Rating" =

_analysis")) %>%
group_by(fixed_effects) %>%
arrange(fixed_effects, dataset, pick(starts with("random"))) %>%
relocate(estimate_type, .after = dataset) %>%
gt::gt(rowname_col = "dataset") %>%
gt::text_transform(
locations = cells_body(
columns = fixed_effects,
rows = random_intercepts_1 != "Reviewer ID"
)>
fn = function(x){
pasteo("")
}
) %>%
tab_style(
style = 1list(
cell fill(color
cell text(color

scales::alpha("red", 0.6)),
"white", weight = "bold")

)>

locations = list(
cells body(columns = "singularity", rows = singularity == TRUE),
cells body(columns = "convergence", rows = convergence == FALSE),

cells body(columns = "SE calc", rows = SE_calc == FALSE),
cells body(columns = "CI_calc", rows = CI_calc == FALSE)
)
) %>%
gt::text_transform(fn = function(x) ifelse(x == TRUE, "yes",

"rate

ifelse(x == FALSE, "no", x)),

locations = cells body(columns = c("singularity", '

rgence", "SE_calc", "CI_calc"))) %>%
gt::opt_stylize(style = 6, color = "gray") %>%
gt::cols label(dataset = "Dataset",

estimate_type = "Prediction Scenario",
fixed effects = "Fixed Effect”,
singularity = "Singular Fit?",
convergence = "Model converged?",

‘conve

SE _calc = gt::md("Can random effects $\\text{SE}$ be calcula

ted?"),

CI _calc = "Can random effect 95% CI be calculated?") %>%

gt::tab_spanner(label = "Random Effects",

columns = gt::starts_with("random")) %>%
gt::sub_missing() %>%
gt::cols_label with(columns = gt::starts with("random"),

fn = function(x) paste@("")) %>%

gt::tab_style(locations =

cells body(rows = str_detect(dataset, "Eucalyptus"),

columns = dataset),
style = cell text(style = "italic")) %>%

gt::text_transform(fn = function(x) str_replace(x, "publishable as is", "Ca
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tegorical Peer Rating") %>%
str_replace(., "rate_analysis", "Continuous Peer Ratin
g"),
locations = cells_body(columns = c("fixed effects"))) %>
%
gt::text_transform(
locations = cells_stub(
rows = estimate type != "y25"
)>
fn = function(x){
pasteo("")
}
) %>%
gt::tab_style(locations = cells stub(rows = str_detect(dataset, "Eucalyptu
s")),
style = cell text(style = "italic")) %>%
gt fmt_yi(columns = "estimate type")
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Table C.2: Singularity and convergence checking outcomes for models of deviation in out-of-

sample predictions vy, explained by peer-review ratings for different random effect structures.

Problematic checking outcomes are highlighted in red.

Random Effects Can Can
random random
effects SE effect 95%

Prediction Model Singular be Cl be
Scenario converged? Fit? calculated? calculated?

Categorical Peer Rating

Eucalyptus :Eeviewer Yas yes no yes yes
IFgeviewer - Ys0 yes no yes yes
:?Deviewer — Yrs yes yes
Eucalyptus Study ID :T:)eviewer Yas yes no yes yes
Study ID :R[’)eviewer Yso yes no yes yes
Study ID IRDeviewer Yrs yes yes
Eucalyptus Study ID — Yas yes no yes yes
Study ID — Yso yes no yes yes
Study ID — Yrs yes no yes yes
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Continuous Peer Rating

8 D

Reviewer

ID

Reviewer

ID

Eucalyptus Study ID
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Study ID

Study ID
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Reviewer

Reviewer
ID

Reviewer
ID

Reviewer
ID
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Yas
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. Reviewer
blue tit D
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Reviewer
Study ID D
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yi fitted mods <-

ManyEcoEvo: :ManyEcoEvo_yi viz %>%
filter(model_name %in% c("box_cox_rating cat",
"box_cox_rating cont",

"sorensen_glm",
"uni_mixed_effects")) %>%

select(-ends_with(" _plot"), -MA fit stats, -contains("mod_")) %>%

rowwise() %>%

mutate(singularity = possibly check _singularity(model),
convergence = list(possibly check convergence(model))) %>%

ungroup() %>% mutate(
across(where(is.list),

.fns = ~ coalesce(.x, list(NA)))

) %>%
mutate(convergence
singularity

yi_convergence_singularity <-

list_c(convergence),
case _when(is.na(convergence) ~ NA,

TRUE ~ singularity))
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yi_fitted_mods %>%
left join({ # Check if SE and CI can be calculated
yi fitted _mods %>%
unnest(model params) %>%
filter(Effects == "random") %>%
filter(if_any(contains("SE"), list(is.infinite, is.na))) %>%
distinct(dataset, estimate_type, model name) %>%
mutate(SE_calc = FALSE)
}, by = join_by(dataset, estimate_type, model name)) %>%
left_join({
yi fitted mods %>%
unnest(model params) %>%
filter(Effects == "random") %>%
filter(if_any(contains("CI_"), list(is.infinite, is.na))) %>%
distinct(dataset, estimate type, model name) %>%
mutate(CI_calc = FALSE)
}, by = join by(dataset, estimate type, model name)) %>%
rowwise() %>%
mutate(across(ends with(" calc"),
~ replace_na(.x, TRUE)),
across(c(SE_calc, CI_calc, singularity), ~ ifelse(is_false(convergen
ce) | is_na(convergence), NA, .x)),
model name = forcats::as_factor(model name),
model name = forcats::fct relevel(model name,
c("box_cox_rating cat",
"box_cox_rating cont",
"sorensen_glm",
"uni_mixed effects")),
model name =
forcats: :fct_recode(
model_name,

“Deviation explained by categorical ratings™ = "box cox_rating c
a_tll,

"Deviation explained by continuous ratings™ = "box_cox_rating co
r].tll-’

"Deviation explained by Sorensen's index’ = "sorensen_glm",

"Deviation explained by inclusion of random effects =
"uni_mixed_effects"),
dataset = case when(str_detect(dataset, "eucalyptus") ~ "Eucalyptus"

TRUE ~ dataset)) %>%
ungroup() %>%
select(-model)

yi singularity convergence_sorensen_mixed_mod <-
yi_convergence_singularity %>%
filter(str_detect(model_name, "Sorensen") | str_detect(model name, "random"

)
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We fitted the same deviation models on the out-of-sample-predictions dataset that we fitted
for the effect-size dataset. However, while all models of deviation explained by categorical
peer-ratings converged, the following datasets and prediction scenarios suffered from singular
fit: blue tit - y,s, Eucalyptus - y-s (Table C.3). Models of deviation explained by continuous
ratings all converged, however models for the out-of-sample predictions model fit was singular.
Similarly to the effect-size (Z,.) dataset, SD and Cl could not be estimated for random effects in
some models (Table C.3), consequently we interpreted this to mean the models had singular fit
(See Section C.3.1). Results of all deviation models are therefore presented only for models
with non-singular fit, and that converged (Table C.3).

yi convergence _singularity %>%
filter(stringr::str_detect(model name, "ratings")) %>%
select(-model_params) %>%
group_by(model name) %>%
gt::gt(rowname_col = "dataset") %>%
gt::tab_style(locations =
cells body(rows = str_detect(dataset, "Eucalyptus"),
columns = dataset),

style = cell text(style = "italic")) %>%

gt::cols label(dataset = "Dataset",

estimate_type = "Prediction Scenario”,
singularity = "Singular Fit?",
convergence = "Model converged?",

SE_calc = gt::md("Can random effects $\\text{SE}$ be calcula
ted?"),
CI calc = "Can random effect CI be calculated?") %>%
gt::opt_stylize(style = 6, color = "gray") %>%
gt::text_transform(fn = function(x) ifelse(x == TRUE, "yes",
ifelse(x == FALSE, "no", x)),
locations = cells_body(columns = c("singularity",
"convergence",
"SE_calc",
"CI_calc")
)) %>%
gt::text transform(
locations = cells_stub(
rows = estimate_type != "y25"
)>
fn = function(x){
pasteo("")
}
) %>%
gt fmt_yi("estimate_type") %>%
gt::tab_style(locations = cells _stub(rows = str_detect(dataset, "Eucalyptus
")),

tab_style(
style = 1list(
cell fill(color

style = cell text(style = "italic")) %>%

scales::alpha("red", 0.6)),
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cell text(color = "white", weight = "bold")

)s

locations = list(
cells body(columns
cells body(columns
cells body(columns
cells body(columns
)
) %>%
gt::sub_missing()

"singularity", rows
"convergence", rows

"SE_calc", rows = SE_calc ==
"CI_calc", rows = CI_calc ==

singularity == TRUE),
convergence == FALSE),
FALSE),
FALSE)
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Table C.3: Singularity and convergence checking for models of deviation in out-of-sample-
predictions y; explained by peer-ratings.

Can random Can random
Prediction Model effects SE be effect Cl be

Scenario Singular Fit? converged? calculated? calculated?

Deviation explained by continuous ratings

blue tit Y25 yes yes

Ys0 no yes yes yes
Ys no yes yes yes
Eucalyptus Y25 no yes yes yes

Ys0 yes
Ys yes yes
Deviation explained by categorical ratings
blue tit Y25 yes
Ys0 no yes yes yes
Y5 no yes yes yes
Eucalyptus Y25 no yes yes yes
Ys0 no yes yes yes
Yrs yes
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Group means and 95% confidence intervals for different categories of peer-review rating are
all overlapping (Figure C.2). The fixed effect of peer review rating also explains virtually no
variability in deviation scores for out-of-sample predictions y; (Table C.3).

yi violin cat _plot_data <-
ManyEcoEvo: :ManyEcoEvo_yi viz %>%
filter(model name %in% "box_cox_rating cat") %>%
left join(.,
{ManyEcoEvo: :ManyEcoEvo_yi results %>%
select(dataset, estimate_type, effects analysis) %>%
hoist(effects _analysis, "lambda", .transform = unique) %>%
select(-effects_analysis)},
by = join by(dataset, estimate type)) %>%
mutate( dataset = case when(str_detect(dataset, "eucalyptus") ~ "Eucalyptus

n
3

TRUE ~ dataset)) %>%
semi_join({
yi_convergence_singularity %>%
filter( str_detect(model name, "categorical"),
Isingularity, convergence, SE calc, CI calc)
}, by = join_by("dataset", "estimate type")) %>%
select(dataset, estimate_type, model name, model) %>%
mutate(predictor_means =
map(model, modelbased::estimate_means, backend = "marginaleffects”
)
model data = map(model, ~pluck(.x, "frame") %>%
drop_na() %>%
as_tibble()),
plot name = paste(dataset,

estimate_type,
"violin_ cat",
sep =" ")) %%

mutate(model data = map(model_data,
.f = ~ mutate(.x, PublishableAsIs =

str_replace(PublishableAsIs,
"publishable with ", ""

) %>%
str_replace("deeply flawed and ", "
") %>%
capwords())),
predictor means = map(predictor_means,
.f = ~ mutate(.x, PublishableAsIs =
str_replace(PublishableAsIs,
"publishable with
", ") %%
str_replace("deeply flawed and
IIJ n ll) %>%

capwords()))) %>%
select(-model)
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yi_violin_cat_plots <- yi _violin_cat_plot_data %>%
pmap(.l = list(.$model data, .$predictor_means, .$plot name),
.f = ~ plot_model means_box_cox_cat(..1,
PublishableAsIs,
.2,
new_order =
c("Unpublishable",
"Major Revision",
"Minor Revision",
"Publishable As Is"),
..3)) %%
purrr::set names({yi_violin_cat_plot_data %>%
pull(plot_name) %>%
stringr::str_split(" _violin_cat", 2) %>%
map_chr(pluck, 1) })

subfigcaps_yi cat <- yi violin_cat_plot_data %>%
mutate(dataset =
case_when(dataset == "Eucalyptus" ~ pasteo("*", dataset, "*"),
TRUE ~ Hmisc::capitalize(dataset))) %>%
unite(plot_name, dataset, estimate_type, sep = ", ") %>%
pull(plot_name)

fig cap_yi_deviation_cat_rating <-
pasted("Violin plot of Box-Cox transformed deviation from the meta-analytic
mean for $y i$ estimates as a function of categorical peer-review ratings rat
ings. Note that higher (less negative) values of the deviation score result f
rom greater deviation from the meta-analytic mean. Grey points for each ratin
g group denote model-estimated marginal mean deviation, and error bars denote
95% CI of the estimate. ", subfigcaps_yi_cat %>%
paste@(pasted(paste@("**", LETTERS[1:length(subfigcaps_yi cat)], "

**IIJ Sep = llll)J Sep = Il: ll), . Collapse = II’ Il)-’ ll.ll)

library(patchwork)

patchwork: :wrap plots(yi_violin_cat_plots, ncol = 2, nrow = 2, guides = 'coll
ect') +

patchwork: :plot_annotation(tag_levels = 'A')
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Figure C.2: Violin plot of Box-Cox transformed deviation from the meta-analytic mean for y;
estimates as a function of categorical peer-review ratings ratings. Note that higher (less
negative) values of the deviation score result from greater deviation from the meta-analytic
mean. Grey points for each rating group denote model-estimated marginal mean deviation,
and error bars denote 95% Cl of the estimate. A: Blue tit, y50, B: Blue tit, y75, C: Eucalyptus,
y25, D: Eucalyptus, y50.

There was a lack of any clear relationships between quantitative review scores and y; deviation
scores (Table C.11). Plots of these relationships indicated either no relationship or extremely
weak positive relationships (Figure C.3). Recall that positive relationships mean that as review
scores became more favorable, the deviation from the meta-analytic mean increased, which is
surprising. Because almost no variability in y; deviation score was explained by reviewer ratings
(Table C.11), this pattern does not appear to merit further consideration.
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yi cont_plot_data <-
ManyEcoEvo: :ManyEcoEvo _yi viz %>%
filter(model_name %in% c("box_cox_rating cont")) %>%
mutate(dataset = case_match(dataset, "eucalyptus" ~ "Eucalyptus",.default =
dataset)) %>%
semi_join({yi_convergence_singularity %>%
filter( str_detect(model_name, "cont"), # Omit all in-estimable models
Isingularity,
convergence,
#SE_calc,
#CI calc
)}
by = join_by("dataset", "estimate_type")) %>%
select(dataset, estimate_type, model name, model) %>%
mutate(plot_data = map(model, pluck, "frame"))

subfigcaps <- yi_cont_plot_data %>%
mutate(dataset =
case_when(dataset == "Eucalyptus" ~ pasteo("*", dataset, "*"),
TRUE ~ Hmisc::capitalize(dataset))) %>%
unite(plot_name, dataset, estimate_type, sep = ", ") %>%
pull(plot_name)

fig cap_yi_deviation_cont_rating <-
pasted("Scatterplots explaining Box-Cox transformed deviation from the meta
-analytic mean for $y i$ estimates as a function of continuous ratings. Note
that higher (less negative) values of the deviation score result from greater
deviation from the meta-analytic mean. ", subfigcaps %>%
paste@(pasted(paste@("**", LETTERS[1:length(subfigcaps)], "**", se
p=""), sep=":"), ., collapse =", "), ".")

yi_cont_plots <-
yi_cont_plot_data$plot_data %>%
map(.f = ~ plot continuous_rating(.x)) %>%
purrr::set names({yi_cont_plot_data %>%
unite(plot_name, dataset, estimate_type, sep = " ") %>%
pull(plot _name)})
patchwork: :wrap_plots(yi_cont_plots, heights = 4, byrow = TRUE) +
patchwork: :plot_annotation(tag_levels = 'A')
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Figure C.3: Scatterplots explaining Box-Cox transformed deviation from the meta-analytic
mean for y; estimates as a function of continuous ratings. Note that higher (less negative)
values of the deviation score result from greater deviation from the meta-analytic mean. A:

Blue tit, y50, B: Blue tit, y75, C: Eucalyptus, y25.

ManyEcoEvo yi viz %>%
filter(
model name %nin% c("MA_mod",

mutate( dataset =

1]
3

cat

ont

J

"box_cox_rating cat _no_int",
"MA_mod_mv")) %>%
case_when(str_detect(dataset, "eucalyptus") ~ "Eucalyptus

TRUE ~ dataset),

model name = forcats::as_factor(model name) %>%

forcats::fct_relevel(c("box_cox_rating cat",
"box_cox_rating cont",
"sorensen_glm",
"uni_mixed effects")) %>%

forcats::fct_recode(

"Deviation explained
"Deviation explained

"Deviation explained

by Sorensen's index’

by categorical ratings® = "box_cox_rating_

by continuous ratings™ = "box_cox_rating c

"sorensen_glm",
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"Deviation explained by inclusion of random effects™ = "uni_mi
xed_effects")
) %>%
semi_join(
{yi_convergence_singularity %>%
filter(!singularity,

convergence,
SE_calc,
CI _calc) },
by = join_by("dataset", "estimate_type", "model name")
) %>%
select(dataset,

estimate_type,
model name,
model params) %>%
unnest(model params) %>%
mutate(
Group = case_match(Group,
"study_id" ~ "Effect ID",
"ReviewerId" ~ "Reviewer ID",
"" ~ NA,
.default = Group),
df _error = as.integer(df_error),
Parameter = str_remove(Parameter, "PublishableAsIs") %>%
str_replace("diversity", "Sorensen's") %>%
str_replace all(., " ", " ") %%
str_remove(., "1") %>%
Hmisc::capitalize() ) %>%
group_by(model name) %>%
arrange(model_name,
dataset, estimate_type) %>%
select(-CI) %>%
gt::gt(rowname_col = "dataset") %>%
gt::fmt(columns = "p",
fns = function(x) gtsummary::style pvalue(x)) %>%
gt::cols label(CI low = gt::md("95\\%CI"),
estimate_type = "Prediction Scenario",
SE = gt::md("$\\text{SE}$"),
df_error = gt::md("$\\mathit{df}$"),
t = gt::md("$t$"),
p = gt::md("*p*")) %>%
gt::cols merge(columns = starts_with("CI_"),
pattern = "[{1},{2}]") %>%
gt::cols_move(columns = CI_low, after = SE) %>%
gt::opt_stylize(style = 6, color = "gray") %>%
gt::fmt(columns = c(Coefficient, SE, starts_with("CI_"), t) ,
rows = Parameter %nin% c("RateAnalysis", "SD (Observations)", "mixe
d_modell"),
fns = function(x) format(round(x, 2),nsmall = 2)) %>%
gt::fmt(columns = c(Coefficient, SE, t, starts with("CI_")) ,
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rows = Parameter %in% c("RateAnalysis", "SD (Observations)", "mixed
_modell"),
fns = function(x) ifelse(x < ©.0009,
format(x, nsmall = 2, digits = 1),
round(x, digits = 2))) %>%
gt::cols move(columns = c(Effects, Group), after = Parameter) %>%
gt::sub_missing(columns = c(Effects, Group, t, df_error, p),
missing text = "") %>%
gt::cols _hide(Effects) %>%
gt::text_transform(fn = function(x) map(x, gt::md),
locations = gt::cells row _groups()) %>%
gt::text_transform(
locations = cells_stub(
rows = Parameter != "(Intercept)"
)
fn = function(x){
pasteo("")
}
) %>%
gt::fmt_number(columns = c(Coefficient, SE, t, starts with("CI_")), decimal
s = 2,drop_trailing zeros = TRUE, drop_trailing dec_mark = TRUE) %>%
gt::fmt_scientific(columns = c( starts_with("CI_")),
rows = abs(CI_low) < 0.01 | abs(CI_high) < @.01 | abs(CI
_low) > 1000 | abs(CI_high) > 1000,
decimals = 2) %>%
gt::fmt_scientific(columns = c( starts with("Coefficient")),
rows = abs(Coefficient) < 0.01 | abs(Coefficient) > 1000

decimals = 2) %>%
gt::fmt_scientific(columns = c( starts_with("SE")),

rows = abs(SE) < ©.01 | abs(SE) > 1090,

decimals = 2) %>%
gt::tab_style(locations = gt::cells stub(rows = str_detect(dataset, "Eucaly

ptus")),
style = cell text(style = "italic")) %>%

gt::cols label(Group = "Random Effect") %>%
gt fmt_yi("estimate_type")
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Table C.4: Parameter estimates for univariate models of Box-Cox transformed deviation from the mean y; estimate as a function of
categorical peer-review rating, continuous peer-review rating, and Sorensen’s index for blue tit and Eucalyptus analyses, and also
for the inclusion of random effects for Eucalyptus analyses.
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Prediction
Scenario Parameter Random Effect Coefficient SE 95%CI i df p

Deviation explained by categorical ratings

Eucalyptus Y25 (Intercept) -0.35 0.32 [-0.98,0.28] -1.1 168 0.3

Publishable
Yas with major 0.29 0.35 [-0.39,0.98] 0.84 168 0.4
revision

Publishable
Yas with minor 0.41 0.34 [-0.26,1.07] 1.21 168 0.2
revision

Publishable as

Y25 is 0.35 0.36 [-0.35,1.06] 0.99 168 0.3

Yos SD (Intercept)  Reviewer ID 0.23 0.15 [0.07,0.79]

Y5 oD Residual 0.92 0.06 [0.82,1.04]
(Observations) ’ ’ T

Eucalyptus Y50 (Intercept) -0.61 0.4 [-1.4,0.18] -1.52 165 0.13

Publishable

Ys0 with major 0.18 0.44 [-0.69,1.05] 0.4 165 0.7
revision
Publishable

Ys0 with minor 0.25 0.42 [-0.59,1.09] 0.58 165 0.6
revision

Ys0 o (el e 0.09 0.47 [-0.83,1.01] 0.19 165 0.8

Yso0 SD (Intercept)  Reviewer ID 0.12 0.42 [1.50 x 1074,1.02 x 10?]
SD :

Y50 Residual 1.29 0.08 [1.14,1.46]

(Observations)
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blue tit Ys0

Ys0

Ys0

Ys0

Y50

Ys0

blue tit Yrs

Yrs

Yrs

Y5

Yrs

Yrs

(Intercept)

Publishable
with major
revision

Publishable
with minor
revision

Publishable as
is

SD (Intercept)  Reviewer ID

SD

(Observations) Resldiial

(Intercept)

Publishable
with major
revision

Publishable
with minor
revision

Publishable as
is

SD (Intercept)  Reviewer ID

SD

(Observations) Al

variation in effect sizes due to analytical decisions in ecology and

-1.23

—0.241

-0.25

-0.42

0.22

0.71

-1.61

0.09

0.35

0.39

0.29

0.63

0.29

0.3

0.3

0.32

0.09

0.04

0.27

0.28

0.28

0.29

0.06

0.03

[-1.81,-0.65]

[-0.81,0.39]

[-0.85,0.34]

[-1.05,0.21]

[0.11,0.47]

[0.64,0.8]

[-2.05,-0.97]

[-0.46,0.64]

[-0.2,0.9]

[~0.19,0.97]

[0.18,0.44]

[0.57,0.7]

-4.18

=0169

-0.83

SESS

-5.52

0.33

1.25

g3

218

218

218

218

231

231

231

231

<0.001

0.5

0.4

0.2

<0.001

0.7

0.2

0.2
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Deviation explained by continuous ratings

Eucalyptus

blue tit

blue tit

Yas

Yas

Y25

Y25

Y50

Ys0

Ys0

Ys0

Y5

Yrs

Yrs

Yrs

(Intercept)

RateAnalysis

SD (Intercept)

SD
(Observations)

(Intercept)

RateAnalysis

SD (Intercept)

SD
(Observations)

(Intercept)

RateAnalysis

SD (Intercept)

SD
(Observations)

Reviewer ID

Residual

Reviewer ID

Residual

Reviewer ID

Residual

-0.46

6.14 x 1073

0.93

-1.35

-1.82x 1073

0.24

0.71

-1.66

5.62 x 1073

0.3

0.63

0.26

3.54 x 1073

0.21

0.06

0.24

3.05x 1073

0.08

0.04

0:22

2.79%x 1073

0.06

0.03

[~0.97,0.06]

[-8:61 x1074,1.31 x 1072]

[4.27 x 1073,3.64]

[0.82,1.05]

[-1.82,-0.88]

[-7.83x1073,4.18 x 1079]

[0.12,0.47]

[0.64,0.79]

=2 1=1.7%]]

[1.22 x 1074,1.11 x 1072]

[0.2,0.45]

[0.57,0.7]

-1.76

1.73

-5.65

—7.52

2.01

170

170

220

220

233

233

0.081

0.085

<0.001

0.6

<0.001

0.045
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Deviation explained by Sorensen’s index

Eucalyptus

Eucalyptus

Eucalyptus

blue tit

blue tit

blue tit

Yas

Yas

Ys0

Ys0

Yrs

Yis

Y25

Y25

Ys0

Ys0

Yrs

Yrs

(Intercept)

Mean
Sorensen's
index

(Intercept)

Mean
Sorensen's
index

(Intercept)

Mean
Sorensen's
index

(Intercept)

Mean
Sorensen's
index

(Intercept)

Mean
Sorensen's
index

(Intercept)

Mean
Sorensen's
index

0.44

-1.32

1.32

-0.71

0.34

-0.77

-0.23

-0.43

—1.77

-1.72

0.78

1.48

2,11

2.1

3.16

1.78

2.71

0.6

1.04

0.73

1227/

0.74

1.28

[-3.2,2.59]

[-3.86,4.74]

[-5.43,2.79]

[-4.87,7.51]

[-4.19,2.78]

[~4.96,5.64]

[-1.94,0.4]

[-2.27,1.82]

[-1.86,0.99]

[-4.26,0.71]

[-3.16,-0.28]

788

-0.21

0.2

-0.63

0.42

-0.4

-1.29

-0.22

-0.6

-1.4

-2.34

0.61

36

36

36

36

36

36

61

61

58

58

61

61

0.8

0.8

0.5

0.7

0.7

>0.9

0.2

0.8

0.6

0.2

0.019

0.5
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Deviation explained by inclusion of random effects

Eucalyptus Y25 (Intercept) -0.53 0.26 [-1.05,-0.02] -2.03 36 0.042
Y25 Mixed model 0.74 0.31 [0.13,1.35] 2237, 36 0.018
Eucalyptus Ys0 (Intercept) -0.57 0.4 [-1.36,0.21] -1.43 36 0.2
Yso Mixed model 0.18 0.48 [-0.75,1.11] 0.38 36 0.7
Eucalyptus Yrs (Intercept) -0.35 0.39 [-1.11,0.41] -0.9 36 0.4

Yrs Mixed model =019 0.46 15150711 -0.41 36 0.7
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C.4 Deviation scores as explained by the distinctiveness of variables in
each analysis

C.4.1 Out of sample predictions y;

Given the convergence and singularity issues encountered with most other analyses, we also
checked for convergence and singularity issues in models of deviation explained by Sorensen’s
similarity index for y; estimates (Table C.5). All models fitted without problem.

yi_sorensen_plot_data <-
ManyEcoEvo yi viz %>%
filter(str_detect(model name, "sorensen_glm")) %>%
mutate( dataset =
case _when(str_detect(dataset, "eucalyptus") ~ "Eucalyptus",
TRUE ~ dataset),
model name = forcats::as_factor(model_name) %>%
forcats::fct_relevel(c("box_cox_rating cat",
"box_cox_rating cont",
"sorensen_glm",
"uni_mixed effects")) %>%
forcats::fct_recode(

"Deviation explained by categorical ratings®™ = "box_cox_rating_
cat",

"Deviation explained by continuous ratings”™ = "box_cox_rating c
ont",

"Deviation explained by Sorensen's index’ = ‘"sorensen_glm",

"Deviation explained by inclusion of random effects = "uni_mi

xed_effects")) %>%
select(dataset, estimate_type, model name, model) %>%
semi_join(
{yi_convergence_singularity %>%
filter(!singularity,
convergence,
SE calc, CI calc) },
by = join by("dataset", "estimate type", "model name")
) %>%
mutate(
plot data = map(model, ~ pluck(.x, "fit", "data") %>%
rename(box_cox_abs_deviation_score estimate = ..y))) %>
%
unite(plot_names, dataset, estimate type, sep = ", ")

yi_sorensen_subfigcaps <-

yi_sorensen_plot_data$plot_names %>%

pasted(pasted(pasted("**", LETTERS[1:length(yi_sorensen_plot data$plot name
s)], "**", sep =""), sep=": "), ., collapse = ", ")

yi_sorensen_fig cap <- paste@("Scatter plots examining Box-Cox transformed de
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viation from the meta-analytic mean for $y_i$ estimates as a function of Sore
nsen's similarity index. Note that higher (less negative) values of the devia
tion score result from greater deviation from the meta-analytic mean (@fig-bo
x-cox-transformations). ",

yi sorensen_plot_data$plot names %>% paste@(pas
te@(paste@("**", LETTERS[1:length(yi_sorensen_plot_data$plot names)], "**", s

ep = ), sep = ": "), ., collapse = ", "),

o

yi_sorensen_plots <-
map2(.x = yi sorensen_plot_ data$model,
.y = yi_sorensen_plot_data$plot_data,
.f = ~ walk_plot_effects_diversity(model = .x, plot_data = .y)) %>%
purrr::set names(yi_sorensen _plot data$plot names)

patchwork: :wrap_plots(yi_sorensen_plots,heights = 4, byrow = TRUE) +
patchwork: :plot_annotation(tag_levels = 'A')
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Figure C.4: Scatter plots examining Box-Cox transformed deviation from the meta-analytic
mean for y; estimates as a function of Sorensen’s similarity index. Note that higher (less
negative) values of the deviation score result from greater deviation from the meta-analytic
mean (Figure C.1). A: blue tit, y25, B: blue tit, y50, C: blue tit, y75, D: Eucalyptus, y25, E:
Eucalyptus, y50, F: Eucalyptus, y75.

We checked the fitted models for the inclusion of random effects for the Eucalyptus dataset,
and for models of deviation explained by Sorensen’s similarity index for y; estimates
(Table C.5). All models converged, and no singular fits were encountered.

yi_singularity convergence_sorensen_mixed_mod %>%

drop_na(convergence) %>%

mutate(across(c(SE_calc, CI calc, singularity), ~ ifelse(is_false(convergen
ce), NA, .x))) %>%

select(-model_params) %>%

group_by(model name) %>%

gt::gt(rowname_col = "dataset") %>%

gt::tab_style(locations = cells body(rows = str_detect(dataset, "Eucalyptus
"),

columns = dataset),
style = cell text(style = "italic")) %>%
gt::cols label(dataset = "Dataset",

estimate_type = "Prediction Scenario",
singularity = "Singular Fit?",
convergence = "Model converged?",

SE_calc = gt::md("Can random effects $\\text{SE}$ be calcula
ted?"),
CI calc = "Can random effects CI be calculated?") %>%
gt::opt_stylize(style = 6, color = "gray") %>%
tab_style(
style = list(
cell fill(color
cell text(color

scales::alpha("red", 0.6)),
"white", weight = "bold")

)>

locations = list(
cells body(columns = "singularity", rows = singularity == TRUE),
cells body(columns = "convergence", rows = convergence == FALSE),

cells_body(columns = "SE_calc", rows = SE_calc == FALSE),
cells body(columns = "CI_calc", rows = CI_calc == FALSE)
)) %>%
gt::text_transform(fn = function(x) ifelse(x == TRUE, "yes",
ifelse(x == FALSE, "no", x)),
locations = cells _body(columns = c("singularity",
"convergence",
"SE_calc",
"CI_calc")
)) %>%
gt::text_transform(
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locations = cells_stub(
rows = estimate type != "y25"
)s
fn = function(x){
pasteo("")
}
) %>%
gt fmt_yi("estimate type") %>%
gt::tab_style(locations = cells stub(rows =

")),

str_detect(dataset, "Eucalyptus

style = cell text(style = "italic"))
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Table C.5: Singularity and convergence checks for models of deviation explained by Sorensen’s
similarity index and inclusion of random effects for out-of-sample predictions, y;. Models of
Deviation explained by inclusion of random effects are not presented for blue tit analyses
because the number of models not using random effects was less than our preregistered
threshold.

Can random Can random

Prediction Model effects SE be effects Cl be
Scenario Singular Fit? converged? calculated? calculated?

Deviation explained by Sorensen's index

blue tit Yas no yes yes yes
Ys0 no yes yes yes
Yrs no yes yes yes
Eucalyptus Yas no yes yes yes
Ys0 no yes yes yes
Yrs no yes yes yes

Deviation explained by inclusion of random effects

Eucalyptus Yas no yes yes yes
Yso no yes yes yes
Yrs no yes yes yes
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C.5 Deviation scores as explained by the inclusion of random effects
C.5.1 Out of sample predictions y;

Only 1 of the Blue tit out-of-sample analyses y; included random effects, which was below our
preregistered threshold of 5 for running the models of Box-Cox transformed deviation from the
meta-analytic mean explained by the inclusion of random-effects. However, 14 Eucalyptus
analyses included in the out-of-sample y; results included only fixed effects, which crossed our
pre-registered threshold.

Consequently, we performed this analysis for the Eucalyptus dataset only, here we present
results for the out of sample prediction y; results. There is inconsistent evidence of somewhat
higher Box-Cox-transformed deviation values for models including a random effect, meaning
the analyses of the Eucalyptus dataset that included random effects averaged slightly higher
deviation from the meta-analytic mean out-of-sample estimate in the relevant prediction
scenario. This is most evident for the y,s predictions which both shows the greatest difference
in Box-Cox transformed deviation values (Figure C.5) and explains the most variation in y;
deviation score (Table C.4).

yi deviation RE _plot data <-

ManyEcoEvo_yi results %>%

mutate(dataset = Hmisc::capitalize(dataset)) %>%

semi_join({yi_singularity_convergence_ sorensen_mixed mod %>% filter(!singul
arity, convergence, SE calc, CI calc, str _detect(model name, "random"))}, by
= join_by(dataset, estimate_type)) %>%

select(dataset, estimate_type, model = uni_mixed effects) %>%

rowwise() %>%

filter(!is_logical(model)) %>% ungroup %>%

mutate(predictor_means = map(model, .f = ~ pluck(.x, "fit") %>%

modelbased: :estimate means(.)),

plot_data = map(model, pluck, "fit", "data"),
plot data = map(plot_data,
rename,
box_cox_abs_deviation_score_estimate = ..y)) %>%

mutate(dataset = case when(str_detect(dataset, "Eucalyptus") ~ pasteo("*",
dataset, "*"), TRUE ~ dataset)) %>%
unite(plot_names, dataset, estimate_type, sep = ", ")

yi deviation_ RE plot subfigcaps <- yi deviation RE_plot data %>%
pull(plot_names)

yi_deviation_RE_plot_figcap <-

pasted("Violin plot of Box-Cox transformed deviation from meta-analytic mea
n as a function of presence or absence of random effects in the analyst's mod
el. White points for each rating group denote model-estimated marginal mean d
eviation, and error bars denote 95% CI of the estimate. Note that higher (les
s negative) values of Box-Cox transformed deviation result from greater devia

tion from the meta-analytic mean. ",
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yi_deviation_RE_plot_data %>%
pull(plot _names) %>%
paste@(pasted(paste@("**", LETTERS[1:nrow(yi_deviation RE_plot_ dat
a)l, "**", sep = ""), sep = ": "), ., collapse = ", "),

"

yi_deviation_RE_plots <-
yi deviation_ RE_plot _data %>%
map2(.x = .$plot_data, .y = .$predictor_means,
.f = ~ plot_model_means RE(.x, mixed_model, .y)) %>%
set _names(yi_deviation RE_plot subfigcaps)

patchwork: :wrap plots(yi_deviation_RE_plots, byrow = TRUE) +
patchwork: :plot_annotation(tag_levels = 'A') +
patchwork::plot layout(guides = 'collect') &
theme(legend.position = "bottom", axis.ticks = element_blank()) &
xlab(NULL)
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© © © 2
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Q 1 o 2 ()]
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Figure C.5: Violin plot of Box-Cox transformed deviation from meta-analytic mean as a
function of presence or absence of random effects in the analyst’s model. White points for
each rating group denote model-estimated marginal mean deviation, and error bars denote
95% Cl of the estimate. Note that higher (less negative) values of Box-Cox transformed
deviation result from greater deviation from the meta-analytic mean. A: Eucalyptus, y25, B:
Eucalyptus, y50, C: Eucalyptus, y75.

C.6 Multivariate Analysis
C.6.1 Effect Sizes Z,

filter_vars <- rlang::exprs(exclusion_set == "complete",
expertise_subset == "All",
publishable subset == "All",
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collinearity subset == "All")

multivar_mods <-
ManyEcoEvo_viz %>%
dplyr::filter(!!!filter_vars, model name == "MA _mod_mv") %>%
hoist(mod_fit stats, "R2 conditional", "R2_marginal"”, "Sigma")

bt _multivar_mod R <-
multivar_mods %>%
ungroup %>%
filter(dataset == "blue tit") %>%
select(R2_marginal, R2_conditional) %>%
transpose() %>%
flatten_dbl()

euc_multivar_mod R <-
multivar_mods %>%
ungroup %>%
filter(dataset == "eucalyptus™) %>%
select(R2_marginal, R2_conditional) %>%
transpose() %>%
flatten_dbl()

bt _multivar_mod_sigma <- multivar_mods 7%>%
filter(dataset == "blue tit") %>%
round_pluck("Sigma")

euc_multivar_mod_sigma <- multivar_mods 7%>%
filter(dataset == "eucalyptus") %>%
round_pluck("Sigma")

multivar_mods 7%>%
select(dataset, model_params) %>%
unnest(model params) %>%
select(-CI) %>%
mutate(
dataset =
str_replace(dataset, "eucalyptus", "*Eucalyptus*"),
Parameter =
str_replace(Parameter, "mixed_model", "random_included")) %>%
group_by(dataset) %>%
gt::gt() %%
gt::fmt_number(columns = c(Coefficient, SE, starts_with("CI_"), t),
decimals = 2,
drop_trailing zeros = TRUE,
drop_trailing dec_mark = TRUE) %>%
gt::fmt_scientific(
columns = c( starts with("CI_")),

rows = abs(CI_low) < ©.01 | abs(CI_high) < @.01 | abs(CI_low) > 1000 | ab
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s(CI_high) > 1000,
decimals = 2) %>%
gt::fmt_scientific(
columns = c( starts_with("Coefficient")),
rows = abs(Coefficient) < 0.01 | abs(Coefficient) > 1000,
decimals = 2) %>%
gt::fmt(columns = "p",
fns = function(x) gtsummary::style pvalue(x,
prepend_p = TRUE)
) %>%
gt::cols label(CI low = gt::md("95\\%CI"),
df_error = "df",
p = gt:iimd("*p*"),
SE = gt::md("$\\text{SE}$")) %>%
gt::cols _merge(columns = starts_with("CI_"),
pattern = "[{1},{2}]") %>%
gt::cols_move(columns = CI_low, after = SE) %>%
gt::opt_stylize(style = 6, color = "gray") %>%
gt::cols_move(columns = c(Effects, Group), after = Parameter) %>%
gt::text_transform(fn = function(x){
str_remove(x, "PublishableAsIs") %>%
str_replace all(" ", " ") %>%
str_replace("diversity", "Sorensen's") %>%
Hmisc::capitalize()

}s

locations = cells_body(columns = Parameter)) %>%
gt::text_transform(fn = function(x) str_replace(x, "ReviewerId", "Reviewer
ID")) %>%
gt::text_transform(fn = function(x) map(x, gt::md),
locations = gt::cells_row_groups()) %>%
gt::sub_missing(missing text = "") %>%
gt::cols_hide(Effects) %>%
gt::cols label(Group = "Random Effect")
multivar_mod_tidy <- multivar_mods 7%>%
pull(model, name = "dataset") %>%
map_dfr(broom.mixed: :tidy, conf.int = TRUE, .id = "dataset")

multivar_performance_tidy <- multivar_mods %>%
pull(model, name = "dataset") %>%
map_dfr(performance: :performance, .id = "dataset")
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Table C.6: Parameter estimates from models explaining Box-Cox transformed deviation scores from the mean Z, as a function of
continuous and categorical peer-review ratings in multivariate analyses. Standard Errors (SE), 95% confidence intervals (95% Cl)
are reported for all estimates, while t values, degrees of freedom (df ) and p-values are presented for fixed-effects.
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Random
Parameter Effect Coefficient SE 95%CI t df p
blue tit
(Intercept) -1.24 0.24 [-1.71,-0.77] -5.16 465 p<0.001
RateAnalysis -2.84x107° 0 [-7.81x1073,2.13x 107%] -1.12 465 p=0.3
Publishable as 0.06 0.2 [-0.33,0.45] 0.3 465 p=0.8
Publishable
with major -0.09 0.14 [-0.36,0.18] -0.67 465 p=0.5
revision
Publishable
with minor -0.02 0.17 [-0.36,0.31] -0.14 465 p=0.9
revision
Mean
Sorensen's 0:33 0.27 [-0.2,0.87] 1i2:2 465 p=0.2
index
SD (Intercept) Reviewer ID 0.16 0.03 [0.11,0.25]
SD .

Residual 0.5 0.02 [0.46,0.53]

(Observations)
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Eucalyptus

(Intercept)
RateAnalysis

Publishable as
is

Publishable
with major
revision

Publishable
with minor
revision

Mean
Sorensen's
index

Random
included

SD (Intercept) Reviewer ID

SD

(Observations) Residual

=2.8
-0.01

0.76

0.65

0.55

0.36

0:19

0.38

1.06

0.77
0.01

0.54

0.36

0.44

0.91

02

0.09

0.04

[=4:32=1:27]
[-2.27 x 1072,1.74 % 1073]

[-0.3,1.82]

[-0.06,1.35]

[-0.32,1.41]

[-1.43,2.15]

[-0.2,0.59]
[0.24,0.61]

[0.98,1.15]

=361
=169

1.42

=72

1.24

0.39

0.97

337
337

S5

337

837

337

337

p=0.7

p=0.3

95



Supplement to: Gould et al. Same data, different analysts: variation in effect sizes due to
analytical decisions in ecology and evolutionary biology.

The multivariate models did a poor job of explaining how different from the meta-analytic
mean each analysis would be. For the blue tit analyses the R? value for the whole model was
0.11 and for the fixed effects component was 0.01, and the residual standard deviation for the
model was 0.5. Further, all of the fixed effects had 95% confidence intervals that overlaped O.
This evidence is all consistent with none of the predictor variables in this model (continuous
review rating, categorical review rating, distinctiveness of variables included) having any
meaningful effect on how far Z,. estimates fell from the meta-analytic mean for the blue tit
analyses. The pattern is largely similar for the Eucalyptus multivariate analysis, in which R? for
the whole model was 0.13 and for the fixed effects component was 0.02, and the residual
standard deviation for the model was 1.06. There is somewhat more of a hint of a pattern when
examining the parameter estimates from the Eucalyptus analysis. In the case of the fixed effect
of categorical reviewer ratings, analyses that were reviewed as ‘publishable as is’ and
‘publishable with major revisions’ appeared to produce results more different from the meta-
analytic mean than those that were in the reference class of ‘deeply flawed and unpublishable’.
However, the estimates are very uncertain (Eucalyptus fixed effect for ‘publishable as is’ 0.76
(95% Cl -0.29,1.81), and for ‘publishable with major revision’ 0.06 (95% Cl -0.33,0.45)). Further,
the collinearity between the categorical and continuous ratings make interpretation of effects
involving either of these two variables unclear, and so we recommend against interpreting the
pattern observed here. We report this analysis only for the sake of transparency.

multivar_performance_tidy %>%
select(dataset, starts with("R2_"), ICC, RMSE, Sigma) %>%
mutate(dataset =
case_when(str_detect(dataset, "eucalyptus") ~ "Eucalyptus",
TRUE ~ dataset)) %>%
gt::gt() %>%
gt::fmt(columns = function(x) rlang::is_bare_numeric(x),
fns = function(x) round(x, 2)) %>%
gt::opt_stylize(style = 6, color = "gray") %>%
gt::cols_label(R2_conditional = gt::md("$$R"{2} \\text{Conditional}$s$"),
R2 _marginal = gt::md("$$R"{2} \\text{Marginal}$$"),
Sigma = gt::md("$$\\sigmag$"),
dataset = "Dataset") %>%
gt::tab_style(locations =
cells body(rows = str_detect(dataset, "Eucalyptus"),
columns = dataset),
style = cell text(style = "italic")) %>%
gt::fmt_number(columns = c(R2_conditional, R2_marginal, ICC, Sigma),
decimals = 2,
drop_trailing zeros = TRUE,
drop_trailing_dec_mark = TRUE)

Table C.7: Model summary metrics for multivariate models. o is the residual standard
deviation, ICC is the intra-class correlation coefficient, and Rz, and R% are the marginal and
conditional R?, respectively.
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2 2
R Conditional R Marginal
Dataset
blue tit 0.1 0.01 0.1 0.48 0.5
Eucalyptus 013 0.02 0.11 1:02 1.06

C.6.2 Out of sample predictions y;

For the blue tit analyses, the only models that did converge, which were not singular and that
had estimable random effect variances were the ys, and y,s prediction scenarios with
Reviewer ID as the model random effect (Table C.8). Of the different random effects structures

we trialled for the Eucalyptus analyses, only the model that included Reviewer ID as the random

effect successfully fitted to the ys, and y,5 prediction scenarios, with other models either
failing to converge due to complete separation (1me4: : error: Downdated VtV is not
positive definite, see https://github.com/Ime4/Ime4/issues/483).

possibly parameters <- possibly(parameters::parameters, otherwise = NA)

poss_extract fit_engine <- possibly(extract_fit_engine, otherwise = NA)

# ---- Create DF for combinatorial model specification ----

model formulas multivar <-
tidyr::expand_grid(outcome = "box_cox_abs_deviation_score_estimate",
random_intercepts = list("study_id",
"reviewer_id",
c("study_id",
"reviewer_id")),
fixed _effects = list(c("publishable as is",
"rate_analysis",
"mean_diversity index",
"mixed_model"),
c("publishable as_is",
"rate_analysis",
"mean_diversity index"))) %>%
rowwise() %>%
mutate(dataset = case_when(length(fixed_effects) == 4 ~ "eucalyptus",
TRUE ~ "blue tit"),
wflow id = paste@("RE:",
pasted(random_intercepts, collapse = " "))) %>%
unite(wflow_id, dataset, wflow_id, remove = FALSE) %>%
rowwise() %>%
mutate(model formulas =
list(create _model formulas(outcome,
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fixed effects,
random_intercepts)) %>%
set_names(wflow_id),
model workflows = list(create model workflow(outcome,
fixed effects,
random_intercepts)) %>%
set_names(wflow_id))

all model fits multivar <-
ManyEcoEvo_yi results %>%
select(dataset, estimate_type, effects_analysis) %>%
group_by(dataset, estimate_type) %>%
nest_join(model formulas_multivar %>%
select(dataset,
model workflows,
fixed_effects,
random_intercepts),
by = join_by(dataset),
name = "model workflow_sets") %>%
unnest(model workflow_sets) %>%
rowwise() %>%
mutate(effects_analysis =
list(effects_analysis %>%
select(study id,
starts_with("box_cox_abs_dev"),
RateAnalysis,
PublishableAsIs,
ReviewerId,
box_cox_var,
mean_diversity_ index,
mixed_model) %>%
janitor::clean_names() %>%
mutate if(is.character, factor)),
fitted mod_workflow = list(poss_fit(model workflows,
effects_analysis)),
fitted model = list(poss_extract fit engine(fitted_mod_workflow)),
convergence = list(if (!is.na(fitted_model))
possibly check _convergence(fitted_model)),
singularity = list(if (!is.na(fitted model))
possibly check singularity(fitted_model)),
params = list(if ('is.na(fitted model))
possibly parameters(fitted model)),
fixed _effects = paste@(fixed_effects, collapse = ", ")
) %>%
unnest _wider(random_intercepts, names_sep = " ") %>%
unnest(c(convergence, singularity)) %>%
rowwise() %>%
replace na(list(convergence = FALSE)) %>%
select(-model workflows, -fitted mod workflow, -effects_analysis)
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yi multivar_singularity_convergence <-
all model fits multivar %>%
left join({all_model fits multivar %>%
unnest(params) %>%
filter(Effects == "random") %>%
filter(is.na(SE) | is.infinite(SE)) %>%
distinct(fixed effects,
random_intercepts 1,
random_intercepts_2,
dataset,
estimate_type) %>%
mutate(SE_calc = FALSE)},
by = join_by(dataset,
estimate_ type,
random_intercepts_1,
random_intercepts 2,
fixed effects)) %>%
left join({all_model fits multivar %>%
unnest(params) %>%
filter(Effects == "random") %>%
filter(if_any(contains("CI"),
list(is.infinite, is.na))) %>%
distinct(fixed_effects,
random_intercepts_1,
random_intercepts 2,
dataset,
estimate_type) %>%
mutate(CI_calc = FALSE)},
by = join_by(dataset,
estimate_type,
random_intercepts 1,
random_intercepts_ 2,
fixed _effects)) %>%
rowwise() %>%
mutate(across(c(SE_calc, CI calc), ~ ifelse(is.na(.x), TRUE,
across(c(SE_calc, CI_calc, singularity),
~ ifelse(is_false(convergence), NA, .x)))

# If singularity == FALSE and convergence == TRUE,
# but the model appears here, then that's because
# the SD and CI's couldn't be estimated by parameters::

yi multivar_singularity convergence %>%

select(-fixed_effects, -fitted _model, -params) %>%
arrange(random_intercepts_1,

random_intercepts 2,

dataset,

estimate_type) %>%
mutate(across(starts with("random"),

~ str_replace all(.x, "_ ", " ") %>%

X)),
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Hmisc::capitalize() %>%
str_replace("id", "ID")),
dataset = str_replace(dataset, "eucalyptus", "*Eucalyptus*")) %>%
group_by(dataset) %>%
gt::gt(rowname_col = "estimate_type") %>%
tab_style(
style = list(
cell fill(color
cell text(color
)s
locations = 1list(
cells body(columns "singularity", rows = singularity == TRUE),
cells body(columns = "convergence", rows convergence == FALSE ce
11s body(columns = "SE_calc", rows = SE_calc == FALSE),
cells body(columns = "CI calc", rows = CI_calc == FALSE)
)
) %>%
gt::text_transform(fn = function(x) ifelse(x == TRUE, "yes",
ifelse(x == FALSE, "no", x)),
locations = cells_body(columns = c("singularity",
"convergence",
"SE calc",
"CI_calc"™))) %>%

scales::alpha("red", 0.6)),
"white", weight = "bold")

gt::opt_stylize(style = 6, color = "gray") %>%
gt::cols_label(dataset = "Dataset",
singularity = "Singular Fit?",
convergence = "Model converged?",
SE_calc = gt::md("Can random effects $\\text{SE}$ be calcula
ted?"),
CI_calc = "Can random effect CI be calculated?"
) %>%
gt::tab_spanner(label = "Random Effects",
columns = gt::starts_with("random")) %>%
gt::sub_missing() %>%
gt::cols_label with(columns = gt::starts with("random"),
fn = function(x) pasteo@("")) %>%
gt::text_transform(fn = function(x) map(x, gt::md),
locations = cells_row_groups()) %>%
gt fmt_yi(columns = "estimate_ type")
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Table C.8: Singularity and convergence checks for all combinations of random effects
specifications trialled for across subsets of out of sample predictions y; from multivariate
models.
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Random Effects Can random
effects SE  Can random
Model be effect Cl be
converged? Singular Fit? calculated? calculated?
blue tit
Y25 Reviewer D — yes
Ys0 Reviewer ID — yes no yes yes
Yis Reviewer ID — yes no yes yes
Yas Study ID Reviewer ID yes
Yso Study ID Reviewer ID yes
Ys Study ID Reviewer ID yes
Yas Study ID — yes
Yso Study ID — yes
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Eucalyptus
Yas Reviewer ID — yes
Ys0 Reviewer ID — yes no yes
Y1s Reviewer ID — yes no yes
Y25 Study ID Reviewer ID yes
Yso Study ID Reviewer ID yes
Y25 Study ID — yes
Ys0 Study ID — yes

yes

yes

Consequently, we deviated from our intended plan of using random effects for both Effect ID
and Reviewer ID, instead using a single random effect for Reviewer ID for the ysq and y5

prediction scenarios for both blue tit and Eucalyptus datasets (Table C.10, Table C.9).

yi multivar_singularity_ convergence %>%
filter(SE_calc == TRUE) %>%

filter(random_intercepts_1 != "study id" | dataset != "blue tit") %>% #rm e

liminated modl
select(dataset, estimate_type, params) %>%
unnest(params) %>%
relocate(c(Effects, Group), .after = Parameter) %>%

gt::gt(rowname_col = "estimate_type", groupname_col = "dataset") %>%

gt::fmt_number(columns = c(-dataset, -estimate_type),
decimals = 2,
drop_trailing zeros = TRUE,
drop_trailing dec_mark = TRUE

) %>%

gt::text_transform(fn = function(x) str_replace(x, "publishable as_is", "Ca

tegorical Peer Rating") %>%

str_replace(., "rate_analysis", "Continuous Peer Ratin

g") %>%

str_replace(., "mean_diversity_index", "Sorensen's Ind
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ex") %>%
str_replace(., "mixed _model", "Random Included"),
locations = cells body(columns = c("Parameter"))) %>%
gt::opt_stylize(style = 6, color = "gray") %>%
gt::sub_missing(missing text = "") %>%
gt::fmt(columns = "p",
fns = function(x) gtsummary::style pvalue(x)) %>%
gt::text_transform(
locations = cells_stub(
rows = Parameter != "(Intercept)"”
)
fn = function(x){
pasteo("")
}
) %>%
gt::text_transform(locations =
cells body(columns = Group,
rows = Group %in% c("reviewer_id", "study i
d")),
fn = function(x){
str_replace(x, " ", " ") %>%
Hmisc::capitalize() %>%
str_replace("id", "ID")
}) %>%
gt::cols_label(CI low = gt::md("95\\%CI"), df_error = "df", p = gt::md("*p*
"), SE = gt::md("$\\text{SE}$")) %>%
gt::tab_style(style = cell text(style = "italic", transform = "capitalize")

locations = cells_row_groups(groups = "eucalyptus")) %>%

gt fmt_yi(columns = "estimate_type") %>%
fmt_number(columns = c(gt::contains("CI"), "SE", "t"),

drop_trailing zeros = TRUE,

drop_trailing dec_mark = TRUE,

decimals = 2) %>%
gt::fmt_scientific(columns = c("Coefficient"),

rows = abs(Coefficient) < 0.01 | abs(Coefficient) > 1000

decimals = 2) %>%
gt::fmt_scientific(columns = c("SE"),
rows = abs(SE) < ©.01 | abs(SE) > 1090,
decimals = 2) %>%
gt::fmt_scientific(columns = t,
rows = abs(t) < 0.01,
decimals = 2) %>%
gt::fmt_scientific(columns = CI_low,
rows = abs(CI_low) < 0.01 | abs(CI_low) > 1000) %>%
gt::fmt_scientific(columns = CI_high,
rows = abs(CI_high) < .01 | abs(CI_high) > 1000,
decimals = 2) %>%
gt::cols_hide(Effects) %>%
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gt::cols_merge(columns = starts with("CI_"),
pattern = "[{1},{2}]") %>%

gt::cols_hide("CI") %>%

gt::cols_label(Group = "Random Effect")

105



Supplement to: Gould et al. Same data, different analysts: variation in effect sizes due to analytical decisions in ecology and

evolutionary biology.

Table C.9: Parameter estimates for converging, non-singular multivariate models fitted to blue tit out-of-sample-prediction

estimates y;.
Parameter Random Effect Coefficient SE 95%ClI t df p
blue tit

Ys0 (Intercept) -0.42 0.49 [-1.39,0.56] -0.84 216 0.4
Categorical Peer
Ratingpublishable -0.59 0.43 [-1.44,0.26] -1.37 216 0.2
asis
Categorical Peer
Ratingpublishable -0.27 0.33 [-0.92,0.38] -0.81 216 0.4
with major
revision
Categorical Peer
Sl 0.4 0.38 [-1.16,0.35] -1.05 216 03
with minor
revision
g"f‘“”““s Peer 3.62x 10°3 4.94 x 1073 [-6.13 x 1073,0.01] 0.73 216 0.5

ating
Sorensen's Index -1.69 0.66 [-2.98,-0.39] -2.57 216 0.011
SD (Intercept) Reviewer ID 02 0.09 [0.08,0.49]
SD .
Residual 0.71 0.04 [0.64,0.79]

(Observations)
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Yrs

(Intercept)

Categorical Peer
Ratingpublishable
asis

Categorical Peer
Ratingpublishable
with major
revision

Categorical Peer
Ratingpublishable
with minor
revision

Continuous Peer
Rating

Sorensen's Index
SD (Intercept) Reviewer ID

SD

(Observations) SEsEl el

-1.57

0.41

0.1

0237

-4.10 x 1074

0.13
0.29

0.64

0.48

0.41

0.31

0.37

4.70 x 1073

0.63
0.07

0.03

[-2.51,-0.63]

[-0.4,1.22]

[-0.51,0.71]

[-0.36,1.1]

[-9.66 x 1073,8.84 x 1079]

[-1.12,1.38]
[0.18,0.45]

[0.57,0.71]

-3.3

1l0)1]

0.32

-0.09

0.21

229

229

229

229

229

229

0.001

0.3

0.7

0.3

>0.9

0.8
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Eucalyptus

Ys0 (Intercept) -2.08 122 [-4.47,0.31] -1.72 162 0.087
Categorical Peer
Ratingpublishable -0.05 0.86 [-1.75,1.66] -0.06 162 >0.9
asis
Categorical Peer
Ratingpublishable 0.12 0.58 [-1.03,1.26] 0.2 162 0.8
with major
revision
Categorical Peer
gaingpbiishiakle 0.16 0.67 [-1.16,1.48] 0.24 162 0.8
with minor
revision
g°r.‘“”“°“5 Peer 4.04 x 1074 0.01 [-0.02,0.02] 0.04 162 0.9

ating

Sorensen's Index 1.99 1.58 [-1.13,5.1] 1.26 162 0.2
Random Included 0.31 0.26 [-0.21,0.83] 1.19 162 0.2
SD (Intercept) Reviewer ID 0.09 0.61 [1.68x 1077,4.89 x 104
=0 Residual 1.3 0.08 [1.15,1.46]

(Observations)
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Y5

(Intercept)

Categorical Peer
Ratingpublishable
asis

Categorical Peer
Ratingpublishable
with major
revision

Categorical Peer
Ratingpublishable
with minor
revision

Continuous Peer
Rating

Sorensen's Index
Random Included
SD (Intercept)

SD
(Observations)

Reviewer ID

Residual

-0.54

0.19

-0.01

=191 %1052

0.31
—0.11

0.04

1.26

9.63 x 1073

1.01 [-2.53,1.44]
0.81 [-1.42,1.79]
0.55 [-1.11,1.08]
0.63 [-1.08,1.41]

[-0.02,0.02]
1.31 [-2.27,2.9]
0.25 [-0.6,0.38]

1.3 [1.69 x 10730,9.00 x 1026]

0.08 [1.11,1.42]

-0.54

0.23

-0.02

0.26

0.24

-0.46

161

161

161

161

161

161
161

0.6

0.8

>0.9

0.8

0.8

0.8
0.6
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ManyEcoEvo_yi_viz %>%
filter(model name == "MA mod_mv") %>%
rowwise() %>%
mutate(converged =
possibly check convergence(model),
singularity = possibly check singularity(model)) %>%
select(dataset, estimate_type, mod_fit_stats, mod_glance) %>%
hoist(mod_fit stats, "RMSE", "Sigma", "R2_conditional”, "R2_marginal", "ICC
") %>%
hoist(mod_glance, "nobs") %>%
select(-mod_glance, -mod fit stats) %>%
semi_join({ManyEcoEvo yi viz %>%
filter(model_name == "MA_mod_mv") %>%
rowwise() %>%
transmute(dataset,
estimate_type,
converged = possibly check convergence(model),
singularity = possibly check_singularity(model)) %>%
filter(converged, !singularity)},
by = join_by(dataset, estimate_type)) %>%
relocate(nobs, .after = "ICC") %>%

gt::gt(groupname_col = "dataset", rowname_col = "estimate_type") %>%
gt::opt_stylize(style = 6, color = "gray") %>%
gt::cols label(estimate_type = "Prediction Scenario",

R2_conditional = gt::md("$$R*{2}_\\text{Conditional}$$"),
R2 _marginal = gt::md("$$R"{2} \\text{Marginal}$$"),
Sigma = gt::md("$$\\sigmag$"),
dataset = "Dataset",
nobs = gt::md("$N_{Obs}$")) %>%
gt::tab_style(locations = cells body(rows = str_detect(dataset, "Eucalyptus
"),
columns = dataset),
style = cell text(style = "italic")) %>%
gt::cols_hide(dataset) %>%
gt fmt_yi(columns = "estimate_ type") %>%
gt::fmt_number(columns = c(gt::starts_with("R2"), "ICC", "Sigma", "RMSE"),
drop_trailing zeros = TRUE,
drop_trailing dec_mark = TRUE,
decimals = 2) %>%
gt::fmt_scientific(columns = c("RMSE"),
rows = abs(RMSE) < ©.01 | abs(RMSE) > 1000,
decimals = 2) %>%
gt::fmt_scientific(columns = c("Sigma"),
rows = abs(Sigma) < .01 | abs(Sigma) > 1000,
decimals = 2) %>%
gt::tab_style(style = cell text(style = "italic", transform = "capitalize")

locations = cells_row_groups(groups = "eucalyptus"))
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Table C.10: Model summary statistics for non-singular, converging multivariate models fit to
out-of-sample estimates y;.

2 2
R Conditional RMarginal

blue tit

Yso 0.68 0.71 0.11 0.05 0.07 224

Yrs 0.59 0.64 0.2 0.03 0.17 287/
Eucalyptus

Ys0 1227/ 1.3 0.02 0.02 0 171

Yrs 1.23 1.26 0.01 0.01 0 170

C.7 Model Summary Metrics for out-of-sample predictions y;

tbl_data_yi deviation_model params %>%
gt::gt(rowname_col = "dataset") %>%
gt::opt_stylize(style = 6, color = "gray") %>%
gt::sub_missing(missing text = "") %>%
gt::cols label(dataset = "Dataset",
R2 = gt::md("$$R"2%$%"),
R2_conditional = gt::md("$$R"{2}_\\text{Conditional}$s$"),
R2 _marginal = gt::md("$$R"{2} \\text{Marginal}$$"),
Sigma = gt::md("$$\\sigmags"),
nobs = gt::md("$$N_{\\text{Obs.}}$%$"),
estimate_type = "Prediction Scenario") %>%
gt::tab_style(locations = cells body(rows = str_detect(dataset, "Eucalyptus
"),
columns = dataset),
style = cell text(style = "italic")) %>%
gt::text_transform(
locations = cells_stub(
rows = estimate_type != "y25"
)>
fn = function(x){
pasteo("")
}
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gt::tab_style(locations = gt::cells stub(rows = str_detect(dataset, "Eucaly

) %>%
ptus™)),
gt::fmt_
gt::fmt_
gt::fmt_
gt: :fmt_
gt::fmt_
gt::fmt_
gt: :fmt_
gt::fmt_
gt::fmt_
> 1000,
gt::fmt_
gt::fmt_

style = cell text(style = "italic")) %>%
number(columns = gt::contains(c("ICC", "RMSE")),
drop_trailing dec_mark = TRUE,
drop_trailing zeros = T,
decimals = 2) %>%
scientific(columns = c("RMSE"),
rows = abs(RMSE) < ©.01 | abs(RMSE) > 1000,
drop_trailing dec_mark = TRUE,
drop_trailing zeros = T,
decimals = 2) %>%
scientific(columns = c(gt::contains(("R2_marginal"))),
rows = str_detect(model_name, "continuous|categorical"),
drop_trailing zeros = T,
decimals = 2) %>%
number(columns = gt::contains(c("R2_conditional™)),
drop_trailing dec_mark = TRUE,
drop_trailing zeros = T,
decimals = 2) %>%
number(columns = gt::contains(c("Sigma")),
drop_trailing dec_mark = TRUE,
drop_trailing zeros = T,
decimals = 2) %>%
scientific(columns = c("Sigma"),
rows = abs(Sigma) < .01 | abs(Sigma) > 1000,
drop_trailing zeros = T,
decimals = 2) %>%
number(columns = "R2",
decimals = 2) %>%
scientific(columns = c("R2"),
rows = abs(R2) < 0.01 |
drop_trailing zeros = T,
decimals = 2) %>%
scientific(columns = c("R2_conditional"),
rows = abs(R2_conditional) < ©.01 | abs(R2_conditional)

abs(R2) > 1000,

drop_trailing zeros = T,
decimals = 2) %>%
scientific(columns = c("R2_marginal"),
rows = abs(R2_marginal) < 0.01 | abs(R2_marginal) > 1000

drop_trailing zeros = T,
decimals = 2) %>%
scientific(columns = c("ICC"),
rows = abs(ICC) < ©0.01 | abs(ICC) > 1000,
drop_trailing zeros = T,
decimals = 2) %>%

gt fmt_yi("estimate type")
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Table C.11: Model summary metrics for models of Box-Cox transformed deviation from the mean y; estimate as a function of
categorical peer-review rating, continuous peer-review rating, and Sorensen’s index for blue tit and Eucalyptus analyses, and also
for the inclusion of random effects for Eucalyptus analyses. Coefficient of determination, R?, is reported for models of deviation
as a function of Sorensen diversity scores and presence of random effects, while RZ,gitionan R,@arg,-na, and the intra-class
correlation (ICC) are reported for models of deviation as explained by peer-review ratings. For all models the residual standard
deviation g, root mean squared error (RMSE) were calculated. The number of observations (N, ) is displayed for reference.
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Prediction
Scenario

Deviation explained by Sorensen's index

Conditional

2
Marginal

blue tit Y25 63 0.58 0.59 7.76 x 1074
Y50 60 0.72 0.73 0.03
Y75 63 0.71 0.73 5.99 x 1073
Eucalyptus Y25 38 0.91 0.94 1.13 x 1073
Y50 38 1.29 1.33 4.82x 107
Y5 38 1.26 1.29 4.32 x 1074
Deviation explained by continuous ratings
blue tit Y25 237 0.58 0.58 2.48 x 1074
Y50 224 0.68 0.71 0.1 1.74 x 1078 0.1
Y75 237 0.59 0.63 0.2 1.86 x 1072 0.18
Eucalyptus Y25 174 0.92 0.93 0.04 1.79 x 1072 0.02
Y50 171 1.28 1.29 5.75x 1074
Y15 170 1.23 1.24 1.44 x 1074
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Deviation explained by categorical ratings

blue tit Y25 237 0.58 0.58 4.35x 1072
Ys0 224 0.68 0.71 0.1 1.3 x 1072 0.09
Y5 237 0.59 0.63 0.2 3.36 x 1072 0.17
Eucalyptus Yas5 174 0.89 0.92 0.07 1.4 x 1072 0.06
Y50 171 1.27 1.29 0.01 3.39x 1073 9.14x 1073
Y15 170 1.23 1.25 1.95 x 1073
Deviation explained by inclusion of random effects
Eucalyptus Yas 38 0.85 0.87 0.14
Y50 38 1.29 1.33 3.91x 1073
Y5 38 1.26 1.29 4.76 x 1072
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C.8 Post-hoc analysis: checking the use of model weights in all models
explaining deviation from the meta-analytic mean

As we describe in Note 3.1, for models of deviation from the meta-analytic mean effect-size, we
had intended to use the inverse variance of the Box-Cox transformed deviation from the meta-
analytic mean as model weights. Unfortunately using our intended weights specification
resulted in invalid transformed response variables for some models whereby extreme outliers
were weighted more heavily (two orders of magnitude) than other effect sizes, which caused
both issues in the estimated model parameters as well as convergence issues, in particular for
models analysing the effect of categorical peer-review rating on deviation from the meta-
analytic mean.
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(i) Model Weight Calculation Details

We intended to use the invariance of the Box-Cox transformed deviation scores as
model weights in our models of deviation from the meta-analytic mean. The variance of
the Box-Cox transformation scores is calculated using the delta method (Equation C.1).

—q |2 W 1-2 .01
Hiolded =0 |—€Xp|—>— +ull-— X¢(—;: )

SEfolded = \/MZ + 02 — i) ged D
VARfyged = SEfoided

_ 2
VARgox-cox = VARfoided X (Aﬂfﬂ(;ldled)

Where:

® oideq 1S the folded mean of the deviation scores from the mean for effect i,

® VAR, 4eq IS the folded variance of the deviation scores from the mean for effect
L

e uisthe deviation score from the mean for effect i, calculated as the difference
between effect size i and the mean for all effects: Z,. — Z.,

e o isthe square root of the variance of effect i, VZ,,
e Ais the Box-Cox transformation parameter (Figure C.1), and
e ¢ is the standard normal cumulative distribution function.

Which is executed in the function from the the package, illustrated in the following
code snippet:

variance_box_cox <- function(folded mu, folded_ v, lambda){

variance bc <- folded v * (lambda * folded mu”(lambda - 1))72 # delta
method

return(variance_bc)

}

folded_params <- function(abs_dev_score, VZr){
mu <- abs_dev_score
sigma <- sqrt(vzr)
fold mu <- sigma * sqrt(2/pi) * exp((-mu”2)/(2 * sigma~2)) +
mu * (1 - 2 * pnorm(-mu/sigma)) # folded abs_dev_score
fold _se <- sqrt(mu”2 + sigma”2 - fold_mu~2)
fold v <- fold se”2 # folded VZr
return(list(fold mu = fold _mu, fold v = fold v))

We systematically investigated the impact of using different weighting schemes (no weights,
inverse-Box-Cox transformed variance-, and inverse folded variance-, of the absolute deviation
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scores) on model convergence, singularity and other model checking metrics to aid decision-
making about the appropriate weighting scheme and random-effects structure for these
models. Given the convergence issues we encountered when using the intended weights, and
that the desired random effects structure could not be fitted, we also investigated the impact
of using different random-effects structures (effect ID, reviewer ID, or both effect ID and
reviewer ID) on model convergence and singularity. For each weighting scheme, we fitted
models with each different random effects structure to both the blue tit and Eucalyptus analyst
data, and evaluated model convergence, singularity and model performance using the
performance: :compare_performance function.

# Create filter argument expressions

filter_args = rlang::exprs(exclusion_set == "complete",
publishable subset == "All",
expertise subset == "All",
collinearity subset == "All")

# Create function to prepare ratings data
prepare_ratings_data <- function(effects_analysis){
data_tbl «<-
effects_analysis %>%
unnest(cols = c(review _data)) %>%
select(study id,
TeamIdentifier,
starts_with("box_cox "),
ReviewerId,
PublishableAsIs,
# lambda,
folded_v_val) %>%
ungroup() %>%
mutate(PublishableAsIs =
forcats::fct relevel(PublishableAsIs,
c("deeply flawed and unpublishable",
"publishable with major revision",
"publishable with minor revision",
"publishable as is")),
obs id = 1:n())
return(data_tbl)
}

# Create base model formulat
base formula <- rlang::new_ formula(

rlang: :expr(box_cox_abs_deviation_score_estimate),

rlang: :expr(PublishableAsIs))
# Create weight functions
calc_inv_bc_var <- rlang::as_function(~ 1/pull(.x, box_cox_var))
calc_inv_folded v <- rlang::as_function(~ 1/pull(.x, folded v val))
no_weights <- NA
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weight formulas <- list(no_weights,
calc_inv_bc_var,
calc_inv_folded_v
) %>%
purrr::set_names("no_weights",
"inv_bc_var",
"inv_folded_v")

# Create random effect expressions
RE_rev <- expr((1 | ReviewerId))
RE_study <- expr((1 | study_id))
RE_both <- expr(!!RE_rev + !!RE_study)

random_expressions <- list(

RE_rev,
RE_study,
RE_both
) %>% purrr::set_names("RE_rev",
"RE_study",
"RE_both")

# Create model fitting wrapper function

Imer_wrap <- function(data_tbl,
random_effect,
weight_form,

R
env = caller_env()){

f <- rlang::new_formula(expr(box_cox_abs_deviation_score_estimate),
expr(PublishableAsIs + !!random _effect),

env = env)

weights <- if ( rlang::is _na(weight_form) ) NULL else weight_ form(data_tbl)

rlang::inject(1lme4: :1lmer(!!f,
data = data_tbl,
weights = weights,
cel))
}

# Fit all models
all models <-
ManyEcoEvo_results %>%
ungroup %>%
filter(!!!filter _args) %>%
select(dataset, effects_analysis) %>%
hoist(.col = effects_analysis,
"lambda",
.simplify = TRUE,
.transform = unique) %>%
mutate(model data = map(effects_analysis,
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prepare_ratings_data),
.keep = "unused") %>%
expand_grid(
expand_grid(weight_formulas, random_expressions) %>%
mutate(weight forms = names(weight_ formulas),
random_effect = names(random_expressions)) %>%
unite("model spec", weight_forms, random_effect, sep = ".")
) %>%
# hoist("model data", weights = list("study_id", "box_ cox_ var", "folded v_v
al"),.remove = F) %>%
mutate(model = pmap(list(model data,
random_expressions,
weight_formulas),
Imer_wrap),
.keep = "unused") %>%
mutate(singularity = map_lgl(model,
performance: :check_singularity),
convergence = map_lgl(model,
performance: :check_convergence))

possibly estimate _means <- possibly(modelbased::estimate_means, otherwise = N
ULL)

# Extract Parameter Estimates
estimate_means <-
all models %>%
filter(singularity == F, convergence == T) %>%
reframe(model = set_names(model, model spec),
dataset = dataset,
model spec = model_ spec,
weights = case_when(!str_detect(model_spec, "no weights") ~ "(weigh
ts)",
.default = NA)) %>%
rowwise() %>%
mutate(weights
results

modify if(list(weights), ~ is.na(.x), ~ NULL),
list(possibly estimate_means(model,
by = "PublishableAsIs", weights = weights))) %>%

ungroup() %>%

mutate(results = set_names(results, dataset)) %>%

drop_na(results) # model means couldn't be estimated due to convergence iss
ues, drop those models

# evaluate and compare performance for remaining models
model comparison_results <-
all models %>%
filter(model_spec != "inv_bc_var.RE_study" | dataset != "eucalyptus") %>% #
rm nearly unidentifiable model
semi_join(estimate_means,
by = join_by(dataset, model spec)) %>%
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group_by(dataset) %>%
summarise(model = set _names(model, model spec) %>% list,
results = map(model,
performance: : compare_performance,
rank = T),
results = set_names(results,
unique(dataset)),

.groups "keep")

model means_results <-
estimate _means %>%
left join(model comparison_results %>%

select(-model) %>% unnest(results),
by = join_by("dataset", "model spec" == "Name")) %>%

mutate(label = paste(dataset, model spec, sep = ".")) %>%
arrange(dataset, desc(Performance_Score)) %>%
select(Performance_Score, dataset, model spec, results) %>%
mutate(label = paste(dataset, model spec, sep = "."))

C.8.1 Model Weight Investigation Findings

For the blue tit models of deviation influenced by categorical peer-review rating, no models
including study ID as a random-effect were able to be properly fitted, across all model weight
specifications Table C.12. For Eucalyptus models with either no weights, or inverse folded
variance as weights, only models with Reviewer ID as the random-effect fitted properly. While
models with either Reviewer ID or Study ID as the random-effect passed singularity and
convergence fit-checks, and had estimable parameter means when the Inverse Box-Cox
variance was used as a model weight Table C.12.

all models %>%
select(dataset, model spec, singularity, convergence) %>%
left join(estimate_means %>% select(-model, -results, -weights) %>%
mutate(estimate means = T)) %>%
separate(model_spec, into = c("model spec_weight",
"model spec_random_effect"), sep = "\\.") %>%
replace na(replace = list(estimate_means = FALSE)) %>%
group_by(dataset) %>%
gt::gt(rowname_col = "model spec weight") %>% #
gt::opt_stylize(style = 6, color = "gray") %>%
gt::tab_stubhead(label = "Model Weight") %>%
gt::tab_style(
style = 1list(
cell fill(color
cell text(color
)>
locations = list(
cells body(columns
cells body(columns
cells body(columns

scales::alpha("red", 0.6)),
"white", weight = "bold")

"singularity"”, rows = singularity == TRUE),
"convergence", rows = convergence == FALSE),
"estimate_means", rows = estimate_means == FALSE)
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)
) %>%
gt::tab_style(style = cell_text(style = "italic", transform = "capitalize")
J

locations = cells_row_groups(groups = "eucalyptus")) %>%

gt::cols label(dataset = "Dataset",
singularity = "Singular Fit?",

convergence = "Model converged?",

model spec_random_effect = "Random Effects",

estimate_means = "Means Estimable?") %>%

gt::text_transform(fn = function(x) ifelse(x == TRUE, "yes",
ifelse(x == FALSE, "no", x)),
locations = cells _body(columns = c("singularity",
"convergence",
"estimate_means"))) %
>%
gt::text_transform(
locations = cells_stub(

rows = model spec_random_effect != "RE_rev"
)>
fn = function(x){
pasteo("")
}
) %>%
gt::text_transform(
locations = cells _body(columns = "model spec_random_effect"),

fn = function(x){
str_replace(x, "RE_rev", "Reviewer ID") %>%
str_replace("RE_study", "Study ID") %>%
str_replace("RE_both", "Reviewer ID and Study ID")
¥
) %>%
gt::text_transform(
locations = cells_stub(),
fn = function(x){
str_replace(x, "no_weights", "None") %>%
str_replace("inv_bc_var", "Inverse Box-Cox variance") %>%
str_replace("inv_folded v", "Inverse folded variance")
¥
) %>%
gt::tab_style(style = cell text(style = "italic", transform = "capitalize"
)>

locations = cells_row_groups(groups = "eucalyptus"))

122



Supplement to: Gould et al. Same data, different analysts: variation in effect sizes due to
analytical decisions in ecology and evolutionary biology.

Table C.12: Singularity and convergence checks for all combinations of model weights and
random-effects structure in models of the effect of categorical peer rating on deviation from
the analytic mean. For some models, mean estimates of parameter levels for peer-review
rating were not able to be estimated.

Singular Model Means
Model Weight Random Effects Fit? converged? Estimable?
blue tit
None Reviewer ID no yes yes
Study ID no
Reviewer ID and Study
ID
Inverse Box-Cox .
ahahce Reviewer ID no yes yes
Study ID no yes
Reviewer ID and Study
yes
ID
Inverse folded variance Reviewer ID no yes yes
Study ID no yes
Reviewer ID and Study
yes
ID
Eucalyptus
None Reviewer ID no yes yes
Study ID no
Reviewer ID and Study
no
ID
Invgrse B Reviewer ID no yes yes
variance
Study ID yes yes
Reviewer ID and Study
yes
ID
Inverse folded variance Reviewer ID yes yes
Study ID yes
Reviewer ID and Study yes

ID

= H
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To check that the alternative weighting methods generated sensible parameter estimates, we
generated marginal effects plots for all models that passed the convergence and singularity
checks where marginal effects were estimable for both blue tit Figure C.7 and Eucalyptus
datasets Figure C.6.

Using the inverse Box-Cox transformed variance for model weights resulted in the marginal
mean being pulled towards zero for both datasets, however, this was quite extreme for the
Eucalyptus dataset Figure C.6A. When the random-effect for study ID is substituted in place of
the reviewer ID, the model means seem more fitting to the data, but uncertainty of estimates
seemed artificially small Figure C.6B. For this model, marginal means were all equal in both
mean estimate and their standard error when the inverse Box-Cox variance was used as a
weight with Study ID as the random effect because the model was nearly unidentifiable

Table C.13, so we eliminated this specification from further consideration.

modify plot <- function(p, .y){
p +
labs(subtitle = as_label(.y),
title = NULL,
X = IIII’
y = "Box-Cox transformed\nabsolute deviation from\nmeta-analytic mea
n") +
see: :theme lucid() +
theme(axis.text.x = element_text(angle = 50, hjust = 1))

}

model means_results %>%
filter(dataset == "eucalyptus") %>%
arrange(model_spec) %>%
pull(results, name = model spec) %>%
map(., plot, at = "PublishableAsIs") %>%
map2(., names(.), modify plot) %>%
patchwork: :wrap_plots() +
patchwork: :plot_annotation(tag levels = 'A'")
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A,
"inv_bc_var.RE_rev"

<)

Box-Cox transformed
absolute deviation from
meta-analytic mean
I\

C
"inv_folded_v.RE_rev"

. oo
£
Bsc o .o . -
EES
c? s - .
o6 E
%= o0 . . o
cOg £ ‘Q e
832 o 8 . X P
E0® - -
x5 2. K »
QT . .
C3s
X0 ®
388 . ) -1 X
@8 . i xS L
.o .
. .
. S o2
. 3 e
4 S £ &
o L B o
SN S A\ o2
4 @ Q@ ¥
33 N Q\\ «‘§
& > & \\‘w.\
S & & $
& N & Q
> . ~
> e o
@ ’ o
o4 S &
\ 2 ¢
By & S
Y Q Q

Figure C.6: Effect plots for each non-singular model that converged with estimable fixed effect

group means for the Eucalyptus dataset.

modify plot <- function(p, .y){
p +
labs(subtitle = as_label(.y),
title = NULL,

X = )

y = "Box-Cox transformed\nabsolute deviation from\nmeta-analytic mea

n") +
see: :theme lucid() +

B
"inv_bc_var.RE_study"

. -
b4 s 0 .o . -
gES
cEc? .e ~ .
SGE
D= o - .. -
cCOS :
25¢ . - - s
=0® -2 - ne -
x T c :
22 ? . g g
c38 >~ N
x -e
Tk - € > ]
g 4 [ 3 -

e .
. oo 3 *
: o o
& & § *
& © I K
4 < < N
&N <& < O
N S & K
S o § <@
> o > >
& & Ny <
> 3 o
& P S
> 2 2
/¥’ By Py
K N NS
& S N
¥ A
Dn + "
no_weights.RE_rev'
. -e
o £
oc ( - . o
EEg
c - d
o6 E °L
B =0 *os .- .o
c 8 & L 3 .b' AN
85> D .
E0F 2 H kY e
x O c 0 >
.
32°% ™
Q3g v ’
x0 oo
528 < » ™
o8 4 . .t - -
e .
. . .
. A -t
. H bR
< L £ o
» P B o
X RN K\ o0
4 & < A
S 0 £ &
¥ O L By
N @ N N
>° & & ¥
& & N ]
R @ e
@ S N
> & "
@ S $
S § S
2 Q Q

theme(axis.text.x = element_text(angle = 50, hjust = 1))

model means_results %>%
filter(dataset == "blue tit") %>%
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pull(results, name = model_spec) %>%

map(., plot, at = "PublishableAsIs") %>%
map2(., names(.), modify plot) %>%
patchwork: :wrap_plots() +

patchwork: :plot_annotation(tag_levels = 'A')
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Figure C.7: Effect plots for each non-singular model that converged with estimable fixed effect
group means for the blue tit dataset.

model means_results %>%
select(dataset, model_spec, results) %>%
unnest(results) %>%
separate(model_spec, into = c("model spec_weight",
"model spec_random_effect"), sep = "\\.") %>%

group_by(dataset) %>%
gt::gt(rowname_col = "model spec_weight") %>% #
gt::opt_stylize(style = 6, color = "gray") %>%
gt::tab_stubhead(label = "Model Weight") %>%
gt::text_transform(

locations = cells stub(

rows = str_detect(PublishableAsIs, "deeply", negate = TRUE)
)>

fn = function(x){
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pasteo("")
}
) %>%
gt::text_transform(
locations = cells _body(columns = "model spec_random_effect"),

fn = function(x){
str_replace(x, "RE_rev", "Reviewer ID") %>%
str_replace("RE_study", "Study ID") %>%
str_replace("RE_both", "Reviewer ID and Study ID")
}
) %>%
gt::text_transform(
locations = cells_stub(),
fn = function(x){
str_replace(x, "no_weights", "None") %>%
str_replace("inv_bc_var", "Inverse Box-Cox variance") %>%
str_replace("inv_folded v", "Inverse folded variance")
}
) %>%
gt::cols_label(model spec_random_effect = "Random Effects",
PublishableAsIs = "Peer Rating",
CI low = gt::md("95\\%CI"),
SE = gt::md("$\\text{SE}$")) %>%
gt::cols merge(columns = starts_with("CI_"),
pattern "T{1},{2}]1") %>%
gt::fmt_number(columns c("Mean", "SE", "CI_low", "CI high"),
decimals = 2) %>%
gt::text_transform(
locations = cells_body(

columns = "model spec_random_effect",
rows = PublishableAsIs != "deeply flawed and unpublishable”
)>
fn = function(x){
pasteo("")
¥
) %>%

gt::tab_style(
style = list(gt::cell text(transform = "capitalize"),
gt::cell text(style = "italic")),

locations = gt::cells_row_groups(groups = "eucalyptus")
) %>%
gt::tab_style(style = cell text(transform = "capitalize"),
locations = cells _body(columns = "PublishableAsIs"))
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Table C.13: Marginal means estimate across weight and random effects specifications for all estimable models for both Eucalyptus
and blue tit datasets.
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Model Weight Random Effects Peer Rating Mean SE 95%ClI
blue tit
: Deeply Flawed And B : B
None Reviewer ID Unpublishable 1.11 0.11 [-1.33,-0.89]
Publishable With Major -1.30 0.05 [-1.39,-1.21]
Revision
Publlshablg Wlth Minor ~1.30 0.04 [-1.38,-1.22]
Revision
Publishable As Is -1.24 0.07 [-1.38,-1.10]
Inverse folded variance  Reviewer ID BeeplylFawed Ang -1.40 0.14 [-1.67,-1.12]
Unpublishable
Publishable With Major
Bevision -1.48 0.06 [-1.61,-1.35]
POBIiShablo-With Miner -1.43 0.05 [-1.53,-1.32]
Revision
Publishable As Is -1.18 0.08 [-1.35,-1.01]
Inverse Box-Cox variance Reviewer ID Beeply quwed And -0.95 0.12 [-1.18,-0.72]
Unpublishable
ARl T e {115 0.06 [-1.26,-1.03]
evision
Pub||shgblg W|th Minor ~1.05 0.05 [-1.15,-0.95]
evision
Publishable As Is -0.72 0.07 [-0.85,-0.58]
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Eucalyptus
None Reviewer ID Beeplyiladiod Al -2.66 0.27 [-3.19,-2.12]
Unpublishable
sublishable viithiMaion iy 0.12 [-2.61,-2.12]
Revision
Fublishablehvith Mino -2.65 0.11 [-2.86,-2.43]
Revision
Publishable As Is -2.60 0.17 [-2.94,-2.27]
Inverse folded variance Reviewer ID Daeply Flgwed And -3.31 0.26 [-3.82,-2.81]
Unpublishable
Publishable With Major
i -2.97 o3 [EaWii=ok77]
Publishable With Minor
v -3.02 0.11 [-3.23,-2.80]
Publishable As Is -3.08 0.16 [-3.40,-2.77]
Inverse Box-Cox variance  Reviewer ID PG ARV ~0.51 0.39 [-1.27,0.24]
Unpublishable
s e -1.00 0.30 [-1.59,-0.42]
evision
Fublihable WitnihMinor =22 0.30 [-2.81,-1.64]
Revision
Publishable As Is -2.76 0.34 [-3.42,-2.09]
_ : Deeply Flawed And _ 2 _
Inverse Box-Cox variance Study ID Unpublishable 2.58 0.06 [-2.70,-2.45]
FuDlistiani MTnIalon -2.58 0.06 [-2.70,-2.45]
evision
Fublishabie With Minor -2.58 0.06 [-2.70,-2.45]
evision
Publishable As Is -2.58 0.06 [-2.70,-2.45]
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After discarding models based on the above criteria, we were left with a subset of models that
passed convergence and singularity checks, and had estimable parameter means, all of which
included reviewer ID as the only random effect. Although it seemed that the inverse Box-Cox
variance resulted skewed estimated marginal means, it was unclear whether the inverse folded
variance was a better alternative over using no weights, as the inverse folded variance seemed
to exhibit a similar pattern in pulling the estimated marginal effects towards zero, but to a
lesser extent than for the inverse Box-Cox variance.

To further aid in decision-making about which model weights to use, we compared the
performance of all models that passed the convergence and singularity checks, and had
estimable parameter means. We used the performance: : compare _performance function to
calculate performance metrics for this subset of models, and plotted the results using the
performance package’s in-built plotting method, which creates spider plots of normalised
performance metrics for each model Figure C.8. For completeness, all model performance
results of this final subset are reported in Table C.14.

The performance comparison plots confirmed our suspicions that the inverse Box-Cox variance
was not a suitable weight for these models, and it performed relatively poorly across all metrics
for both the Eucalyptus and blue tit datasets Figure C.8. The inverse folded variance weighted
models performed similarly poorly for both datasets across all metrics except for RMSE in the
case of the blue tit dataset, and both Sigma and RMSE for the Eucalyptus dataset. For both
datasets using no weights when there is only a random-effect for Reviewer ID resulted in the
best model fit and performance across all metrics. In keeping with our informed preference of
using no weights, model comparison analysis highlighted that using no weights in the models
was preferable.

# plot performance for remaining models
model comparison plots <-
model comparison_results %>%
mutate(dataset = str_replace(dataset,
"eucalyptus",
"*Eucalyptus*")) %>%
pull(results, "dataset") %>%
map(plot)
# for printing plot name on figure
# model_ comparison_plots %>%
#  map2(.x = ., .y = names(.), ~ .x + ggtitle(.y) #+
# theme(title = ggtext::element_markdown())
# )
model_comparison_plots
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Comparison of Model Indices

BIC wR2 conditional

ICo. A arg Models
inv_bc_var.RE_rev (ImerMod)
inv_folded_v.RE_rev (ImerMod)
IC W C no_weights.RE_rev (ImerMod)
Sigma  RMSE

(a) Blue tit models.

132



Supplement to: Gould et al. Same data, different analysts: variation in effect sizes due to
analytical decisions in ecology and evolutionary biology.

Comparison of Model Indices

BIC w2 conditional

ICo.d harg Models
inv_bc_var.RE_rev (ImerMod)
inv_folded_v.RE_rev (ImerMod)
IC_ C no_weights.RE_rev (ImerMod)

Sigma  RMSE

(b) Eucalyptus models.

Figure C.8: Model performance comparison plots for a subset of models that passed
convergence and singularity checks and had estimable marginal effects. Models are
compared based on their performance metrics, including RZ,gitionan R,%/,a,g,.,,a,, Intra-Class
Correlation, Root Mean Squared Error (RMSE), and the weighted AIC, corrected AIC and BIC.
Values of performance are normalised across models for each metric, against the top-most
performing model across all metrics. Greater distance from the centre on each metric axis
indicates dominance in performance. For both blue tit and Eucalyptus models, all included a
random effect for Reviewer ID, and weights consisted of the inverse Box-Cox variance for
weights (blue line), inverse folded variance (yellow line), or none (red line).

all models %>%
filter(model_spec != "inv_bc_var.RE_study" | dataset != "eucalyptus") %>% #
rm nearly unidentifiable model
semi_ join(estimate_means,
by = join by(dataset, model spec)) %>%
group_by(dataset) %>%
summarise(model = set names(model, model spec) %>% list,
results = map(model,
performance: : compare_performance,
rank = F),
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results = set_names(results,
unique(dataset)),
.groups = "keep") %>%
unnest(results) %>%
select(-Model, -model) %>%
gt::gt() %>%
gt::cols_label(Name = "Model Weight",
R2_conditional = gt::md("$$R"{2} \\text{Conditional}$s$"),
R2_marginal = gt::md("$$R"{2} \\text{Marginal}$$"),
Sigma = gt::md("$$\\sigma$$"),
AICc = gt::md("$$AIC c$%$"),
AICc wt = gt::md("$$AIC c$$ (wt)"),
BIC_wt = gt::md("$$BIC$$ (wt)"),
AIC_wt = gt::md("$$AICS$ (wt)"),
AIC = gt::md("$$AICSS$"),
BIC = gt::md("$$BIC$$")) %>%
gt::fmt_number(columns = contains(c("AIC","AICc", "BIC", "R2_", "ICC", "Sig
ma“)),
drop_trailing zeros = TRUE,
drop_trailing dec_mark = TRUE,
decimals = 2) %>%
gt::fmt_scientific(columns = "R2_conditional”,
rows = R2_conditional < ©.01 | R2_conditional > 1000,
drop_trailing zeros = T,
decimals = 2) %>%
gt::fmt_scientific(columns = "R2_marginal”,
rows = R2_marginal < 0.01 | R2_marginal > 1000,
drop_trailing zeros = T,
decimals = 2) %>%
gt::fmt_scientific(columns = "RMSE",
rows = RMSE < ©.01 | RMSE > 1000,
drop_trailing zeros = T,
decimals = 2) %>%
gt::fmt_scientific(columns = c("ICC"),
rows = ICC < ©0.01 | ICC > 1000,
drop_trailing zeros = T,
decimals = 2) %>%
gt::fmt_scientific(columns = c("Sigma"),
rows = Sigma < ©0.01 | Sigma > 1000,
drop_trailing zeros = T,
decimals = 2) %>%
gt::fmt_scientific(columns = gt::contains(c(" wt")),
rows = Name != "no_weights.RE_rev",
drop_trailing zeros = F,
decimals = 2) %>%
gt::opt_stylize(style = 6, color = "gray") %>%
gt::tab_style(
style = list(gt::cell text(transform = "capitalize"),
gt::cell text(style = "italic")),
locations = gt::cells row groups(groups = "eucalyptus")
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) %>%
gt::fmt(
columns = gt::contains("Name"),
fns = function(x) str_remove(x, ".RE_rev") %>%
str_replace("no_weights", "None") %>%
str_replace("inv_bc_var", "Inverse Box-Cox variance") %>%
str_replace("inv_folded_v", "Inverse folded variance")
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Table C.14: Model performance metric values (non-normalised) for final subset of models considered in weights analysis. All models
in final subset included random-effect of Reviewer ID. Metrics included R, gitionar Riarginas Intra-Class Correlation, Root Mean
Squared Error (RMSE), and the weighted AIC, corrected AIC and BIC.

BIC

9 2

Réonditional Rl\larginal
blue tit
None 723.15 1 723.33 1 748.1 1 0.09 7.47x1073 0.08 0.4827981 0.5
Inverse Box- _26 _26 ~26 4 _4 _4
Cox variance 840.52 3.26 x 10 840.7 3.26 x 10 865.48 3.26 x 10 7.67 x 10 1.31x 10 6.36 x 10 0.5822505 11.83
Inverse
folded 1,026.75 1.19 x 107%6 1,026.93 1.19 x 10756 1,051.7 1.19x107% 471x10% 5.14x10°° 4.2x10"% 0.5026704 13.19
variance
Eucalyptus
None 1,063.74 1 1,063.99 1 1,086.82 1 0.13 0.01 0.12  1.0173409 1.06
Inverse Box- =71 =7 77 -9 -10 -9 4
Cox variance 1,386.88 6.80 x 10 1,387.12 6.80 x 10 1,409.96 6.80 x 10 2.28x 1072 2.47 x 10 2.03x 10 1.4993872  4.68 x 10
Inverse
folded 1,109.35 1.25 x 10710 1,109.6 1.25x 10710 1,132.43 1.25x10°1° 566x10* 1.82x10° 548x10™* 1.1266586 19.68
variance
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SM D: Correlation Matrices of Case Study Data

library(tidyverse)
library(ManyEcoEvo)
library(GGally)
set.seed(1234)

source(here: :here("utils.R"))

Pairwise-correlation plots for the Eucalyptus and blue tit case-study data provided to analysts
are shown in Figure D.1 and Figure D.2, respectively. Plots were created with R package GGally
(Schloerke et al. 2024).

euc_data %>%
select(where(is_double),
-Date,
- Quadrat no’,
-Easting,
-Northing,
-"small*@.25+medium*1.25+large*2.5 ,
-"average.proportion.of.plots.containing.at.least.one.euc.seedling.o
f.any.size' ) %>%
GGally: :ggpairs()
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Figure D.1: Pairwise correllation plot for all Eucalyptus dataset variables except for Date, Quadrat no, Easting, Northing.
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blue_tit_data %>%
naniar::replace_with na all(condition = ~ .x == ".") %>%
mutate(across(c(contains("_ring"),
rear_nest_trt,
hatch_year,
hatch_nest_breed_ID,
hatch_Area,
hatch_Box,
dayl4 measurer,
contains("hatch_Box"),
starts_with("rear_"),
starts_with("hatch_nest"),
home_or_away,
-rear_d@_rear_nest _brood size,
contains("manipulation"),
chick_sex_molec,
Date_of dayl4,
"Extra-pair_paternity’,
-rear_Cs_in,
-rear_Cs_out,
chick_survival to_first_breed_season,
-rear_Cs_at_start_of_rearing),
as.factor),
across(where(is.character), as.numeric),
across(c(rear_Cs_out,
rear_Cs_in,
rear_Cs_at_start_of rearing),
as.integer)) %>%
select(where(is.numeric), -"day 14 weight’) %>%
GGally: :ggpairs()
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Figure D.2: Pairwise correlation plot of all numeric variables in blue tit case study dataset
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