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Il. Abstract

Macrogenetics seeks to identify the global drivers and patterns in intraspecific
genetic diversity, yet many reported patterns are weak or inconsistent. To achieve
multispecies global inference, many macrogenetic studies leverage open sequencing
data that can suffer from archiving biases. It remains unclear if macrogenetic
inconsistencies are innate genetic phenomena, or are the product of open data
limitations. Using three widely available genetic markers from the mitochondrion
(cytb, co1) and nuclear (TLR4) genomes archived as haplotypes, here we
demonstrate archiving biases are powerful enough to distort nucleotide diversity
estimates and patterns. Distortion is worsened in analysis using geographic gridded
cells, where archiving efforts both outweigh and interact with ecological predictors.
Nevertheless, previously described incongruences in drivers of nuclear and
mitochondrial diversity appear to be biologically meaningful, indicating some

inconsistencies are innate to genetic data.

lll. Main text
Introduction

Macrogenetics seeks to explain the ecological and evolutionary drivers that
generate, maintain or degrade genetic diversity by aggregating and re-analysing
previously collected genetic data at broad taxonomic and spatial-temporal scales
(Blanchet et al. 2017; Leigh et al. 2021). A key goal of macrogenetic studies is to
describe and map global genetic diversity patterns to improve biodiversity
understanding (Csilléry et al. 2025; De Kort et al. 2021; Leigh et al. 2021; Miraldo et

al. 2016; Theodoridis et al. 2020; Yiming et al. 2021).
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Despite the potential for macrogenetics to address gaps in biodiversity
understanding, many published multispecies genetic relationships are weak and
sensitive to the underlying dataset used (discussed in Leigh et al. 2021). Most
notably, there have been several investigations into the hypothesised latitudinal
gradient in intraspecific genetic diversity, which have revealed dramatically different
results depending on the genetic marker chosen. Specifically, while mitochondrial
markers can show a negative trend in genetic diversity with increasing latitude
(Miraldo et al. 2016; Pelletier & Carstens 2018) nuclear markers often show a lack of
or even opposing trends (De Kort et al. 2021; Lawrence & Fraser 2020; Schmidt et
al. 2022). Further inconsistencies can even be seen within the same study, for
example, a recently identified relationship between genetic diversity of habitat
forming species (e.g. corals and seagrass) and ecoregion species diversity was

dependent on data included (Figuerola-Ferrando et al. 2023).

It remains unclear if weak or inconsistent macrogenetic trends are
biologically meaningful, perhaps due to the inescapable random nature of genetic
drift or complexity of driver interactions, or if they are the product of limitations
innate to open data (hereafter the ‘weak driver conundrum’). Regardless, it is clear
that the limitation must be explored head on to ensure the accurate interpretation of

results and thorough evolutionary understanding.

Not all macrogenetic studies are affected equally by innate limitations of
open data. Those that extract, curate and re-analyze genetic haplotype data
archived in public repositories (“Class IlI” see Leigh et al. 2021) are particularly
vulnerable to inconsistencies in data archiving practices. As noted in Paz-Vinas et

al. (2021) approximately half of a selected number of mitochondrial haplotype
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sequence datasets deposited in GenBank are unique exemplars, meaning
researchers have not comprehensively archived sequence data for all sampled
individuals. This practice removes information on the relative frequency of the
haplotypes, which is essential for estimating frequency-based estimates of genetic
diversity, such as nucleotide diversity. Nucleotide diversity or ‘pi’ (1) is a commonly
used metric in macrogenetic studies (Manel et al. 2020; Miraldo et al. 2016;
Theodoridis et al. 2020; Yiming et al. 2021) and as a result, archiving
comprehensiveness could distort estimates of genetic diversity and obscure
relationships with ecological and evolutionary drivers. The role this distortion plays
in the “weak driver conundrum” remains unclear, and effective correction methods

have not been unexplored.

Here, we aimed at testing how variation in sequence archiving practices
influences macrogenetic patterns using three widely available haplotype sequence-
based datasets focusing on mammalian cytb, mammalian co7 sequences as well as
avian TLR4 sequences. Mitochondrial haplotypes (e.g., cytb and co7) are commonly
repurposed in sequence-based macrogenetic research due to their availability and
easy access. However, focusing on the mitochondrion alone may confound the
impact of archiving practices with characteristics innate to the mitochondrion. Thus,
we also focused on nuclear loci archived as haplotypes, specifically toll-like
receptor genes, TLRs, which are often similarly sequenced using degenerate

primers (Grueber et al. 2012) and deposited as haplotype sequence data.

To begin to disentangle the weak driver conundrum, we examined the extent

archiving biases altered or changed species-level and intraspecific patterns, and
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whether downstream data-processing approaches (e.g., haplotype collapsing) and

sampling biases (e.g., rarefaction, Leight et al., 2021) interact with these effects.

Material and methods

Data retrieval

The mitochondrial sequencing database was the publicly available
mammalian cytb and co1 datasets curated by Theodoridis et al., (2020). The dataset

was downloaded from GitHub (https://github.com/spyrostheodoridis/Genetic-

geography-of-terrestrial-mammals) on the 28" of July 2025. The original cytb

dataset comprised of 24,395 geo-referenced sequences across 1,690 species and
the co1 dataset 22,570 sequences for 1,153 species. This dataset was filtered to
remove species represented by a single sequence. We also re-assigned the aligned

sequence data to the authors’ 385.9kmx385.9km global area grid cells.

The TLR4 database consisted of all available sequences from the NCBI

GeneBank (https://www.ncbi.nim.nih.gov). Sequences were downloaded with the

Entrez Utilities Unix Command Line implemented in Biopython (Cock et al., 2009) on
2" of April 2025. We restricted our queries to tetrapod species and excluded human
sequences "(((TLR4*[Title]) OR (toll-like receptor 4*[Title])) AND tetrapoda[Organism))
NOT homo[Organism]". A total of 3,156 GeneBank records were retrieved. We
retained only DNA sequences, and filtered the dataset for TLR4 interactor genes
and pseudogenes, and sequences with less than 500 bp of length. We restricted
our dataset to avian species as this was the most data-rich taxonomic group

(60.30% of total number of DNA sequences, n = 1,364). Sequences from domestic


https://github.com/spyrostheodoridis/Genetic-geography-of-terrestrial-mammals
https://github.com/spyrostheodoridis/Genetic-geography-of-terrestrial-mammals
https://www.ncbi.nlm.nih.gov/
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species including the domestic chicken Gallus gallus and the common pigeon
Columba livia were removed. After filtering, the avian TLR4 dataset consisted of
1,088 sequences over 62 species. Species-specific alignments were generated

using MAFFT sequence alignment algorithm for Unix (Katoh et al., 2002).

Calculating genetic diversity

Genetic diversity was defined as nucleotide diversity (r1), which is the number
of nucleotide differences in a pairwise sequence comparison. Genetic diversity was
estimated at the two hierarchical commonly found in macrogenetics, (i) species level
averages which are typically used to explore taxon-related patterns (e.g., Lowe et
al. 2018; Stoffel et al. 2018); and, (ii) intraspecific spatially gridded scale, which
follows standard macrogenetic approaches that map fine-scale geographic
variation in genetic diversity (Miraldo et al. 2016; Theodoridis et al. 2020; Yiming et

al. 2021).

Species level nucleotide diversity was estimated as the average number of
differences across all possible pairwise sequence comparisons in a species-specific
sequence alignment (Nei and Li, 1979). For the intraspecific dataset, we obtained
estimates of genetic diversity for each grid cell by averaging the nucleotide diversity
across all species within it (following Theodoridis et al., 2020). Species only

represented by a single sequence within a grid cell were excluded.

Data filtering for cryptic taxa or erroneously archived sequences
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For all datasets prior to the downstream analyses, we filtered and removed
species for which average nucleotide diversity exceeded 0.05. These species
contained highly divergent sequences which by far exceed some of the commonly
applied intraspecific genetic divergence threshold (e.g., > 2 % for BOLD BIN
system; Ratnasingham & Hebert 2013), and likely represent cryptic taxa or
erroneously archived sequences, known to be present in open-data repositories

(van der Burg and Vieites, 2023).

Standardizing by haplotype collapsing

To explore the interplay between data handling and filtering choices and
archiving practices on macrogenetic signals, we collapsed all comprehensively
archived sequence data into only unique haplotypes, to ensure genetic diversity
estimates were equally biased across species. Nucleotide positions containing
missing data or alignment gaps were masked and not considered when extracting

unique haplotypes.

Sampling effort bias

To explore the impact of sampling effort, we rarefied the dataset by
bootstrapping sequences with replacement. To maintain maximum taxonomic
coverage, we randomly chose two samples per species per interaction to estimate
genetic diversity at both the species-level and for each grid cell (intraspecific level).
Because estimate precision may increase with sample size, we increased the

number of rarified sequences up to the median number of samples per species
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(cytb median = 6; co7 median = 8, TLR4 median = 5). This represents the point
where 50% of the taxonomic coverage of the datasets was lost. Estimates of

genetic diversity were then taken based on 999 random bootstrapping replicates.

Predictor variables of genetic diversity

To understand the effect of the archiving practices on the relationship
between genetic diversity and key drivers, we first searched for bio-climatic
predictors with repeatable or important cross-study relationships. This search
identified absolute Latitude (i.e., distance from the equator identified in Miraldo et al.
2016; Pelletier & Carstens 2018; Yiming et al. 2021) and climatic stability since the
Last Glacial Maximum (identified in (De Kort et al. 2021; Theodoridis et al. 2020) as

key drivers with potentially inconsistent relationships.

Latitude was taken as either the geographic centroid of all the individual geo-
referenced sequences (curated by Theodoridis et al. 2020), or the geographic
centroid of the 385.9kmx385.9km grid cell. When collection coordinates were
missing from the GeneBank records, we georeferenced the sequences using

GeoNames API (https://www.geonames.org). The TLR4 dataset was particularly

poor in coordinate information and thus latitude was only used at the species level.

Climatic stability was calculated by estimating the standardized differences
between the current and Last Glacial Maximum mean annual temperatures obtained

from CHELSA (as used in De Kort et al., 2021; Karger et al., 2017)

Finally, archiving effort or practice was coded as a dichotomous categorical

variable, where 0 = sequence data were comprised of unique haplotypes; and 1 =
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comprehensive sequence data. Data was considered to be unique haplotypes when
the total number of samples and haplotypes were equal, and comprehensive if the
number of unique haplotypes was lower than the number of samples. Archiving
effort was also estimated at the intraspecific level for each area grid cell, as the

proportion of species containing comprehensive sequence data.

Multi-model inference of predictors of genetic diversity

Due to the high skewness of nucleotide diversity estimates towards zero, we
implemented a general linear mixed model approach (gimm, R package gimmTMB
v1.1.12, McGillycuddy et al., 2025) with a Gamma distribution and a log link
function. A small constant was added (1) as a Gamma distribution is always
positive. For all models, we also weighted the residuals by the sample size with the
assumption that higher sample sizes generate more accurate estimates of genetic

diversity (De Kort et al., 2021):

weights = 1/\/log (sample size)

All possible predictor combinations of the full models (i.e., Genetic Diversity ~
|Latitude| + Climatic Stability + Archiving Effort) were tested using multi-model
inference based on the Akaike’s information criterion (AlCc) using R package
MuMin v1.48.11 (Barton, 2025). To explore a potential relationship between
archiving efforts and sampling location, the |Latitude| * Archiving Effort interaction
was included in all models. We retained models with deltaAlCc < 4 compared to the
top performing model (De Kort et al., 2021). Because we were interested in

estimating the relative importance of each of the predictors, the retained models



208

209

210

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

were averaged and used to estimate the sum of Akaike weights (SW). We
considered predictor variables with SW > 0.5 and a p-value < 0.05 to be significant.
The model assumptions and model fits biases were evaluated visually using R
package performance v0.15.1 (Ludecke et al., 2021). The co-linearity between
predictors was evaluated using the Variance Inflation Factor using R package car
v3.1-3 (Fox and Weisberg, 2019). All R packages were run in R environment v4.5.1

(R Core Team, 2025) coupled with RStudio v2025.05.1+513 (Posit team, 2025).

Results

Dataset structure

After filtering, the mammalian cytb dataset contained 23,394 sequences
across 919 species with a per species average of 25.46 (+ 74.28 SD) sequences
and approximately 62 % of data comprehensively archived. The mammalian co1
dataset contained the 22,003 sequences over 729 species, with a species average
of 30.18 (+ 75.12 SD) sequences and approximately 82 % comprehensively
archived. The avian TLR4 dataset contained 1,088 sequences over 62 species, per
species average of 17.55 (+ 47.89 SD) sequences and only approximately 11 %

comprehensively archived.

The impact of archiving is strongest at the intraspecific level

At the species level a relationship with latitude was identified in both the cytb
and co1, with genetic diversity decreasing with distance from the equator (complete
dataset - cytb latitude: SW = 1.00, p <0.01, slope = -7.59E-03; co1 latitude: SW =

10
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1.00, p < 0.05, slope = -9.66E-03; Fig. 1A, Table 1). Climatic stability and archiving
effort were not significant predictors for either mitochondrial marker. For TLR4 in
contrast, no variables were significant though climatic stability was marginally
informative (complete dataset - TLR4 climatic stability: SW = 0.50, p = 0.13, slope = -

1.35E+01; Fig. 1A, Table 1).

At the intraspecific gridded level, archiving effort became the most important
predictor of mitochondrial genetic diversity (complete dataset - cytb archiving effort:
SW =1.00, p <0.01, slope = -1.04E+00; co1 archiving effort: SW = 1.00, p < 0.05,
slope = -7.38E-01; Fig. 1A, Table 2). The higher the proportion of species within a
grid cell with comprehensive sequence data, the lower the estimated genetic
diversity (approximately 52% decrease in average genetic diversity in cells with
archiving effort of 1, i.e., containing only comprehensively archived sequences).
While absolute latitude remained an important predictor of cytb intraspecific genetic
diversity (complete dataset - cytb latitude: SW = 1.00, p < 0.01, slope =-9.48E-03), it
was no longer important for co1 intraspecific diversity. Instead, the interaction
between latitude and archiving efforts was (complete dataset - co1 latitude: SW =
1.00, p = 0.18, slope = -6.50E-03; latitude * archiving effort: SW = 0.86, p < 0.05,
slope = -1.67E-02), with the impact of archiving effort highest at higher latitudes (Fig.

1A, C, Table 2).

Using only unique haplotypes does not remove all archiving biases

At the species level, collapsing sequences to only unique haplotypes resulted

in substantial inflation of nucleotide diversity for species that were originally

11
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comprehensively archived (Suppl. Fig. 1). Several species then exceeded the
commonly accepted upper limit for intraspecific diversity (> 0.05), even though they

had passed the initial filtering.

Despite data being more uniform in this dataset, archiving effort had a
significant effect on nucleotide diversity (unique haplotypes dataset - cytb archiving
effort: SW = 1.00, p <0.001, slope =-7.38E-01; co1 archiving effort: SW =1.00, p <
0.001, slope = 4.27E-01; Table 1). The set of bio-climatic predictors that were
significant in the complete dataset remained significant after collapsing with
reduction in effect size compared to the complete datasets (unique haplotype
dataset - cytb latitude: SW = 1.00, p <0.01, slope = -6.88E-03; co1 latitude SW =
0.93, p <0.05, slope = -7.92E-03; Table 1). For the TLR4 dataset, no variables were
significant, however, latitude replaced climatic stability as the marginally significant
variable (unique haplotype dataset - TLR4 latitude: SW = 0.51, p = 0.39, slope =

5.99E-03; TLR4 climatic stability: SW = 0.33, p = 0.12, slope = -1.35E+01; Table 1).

At the intraspecific level, when considering only unique haplotypes the impact
of archiving practices became non-significant for both cytb and co1 markers (unique
haplotypes dataset - cytb archiving effort: SW = 0.74, p = 0.12, slope = -3.04E-01;
co1 archiving effort: SW = 0.81, p = 0.27, slope = 3.07E-01; Table 1). The
relationship between intraspecific genetic diversity and latitude remained for cytb but
with lower effect size (unique haplotypes dataset - cytb latitude: SW = 1.00; p<0.001,
slope = -8.67E-03; Table 1). Similarly, for co1, the interaction between latitude and
archiving efforts weakened but remained significant (unique haplotypes dataset - co1

latitude * archiving effort: SW = 0.71, p < 0.05, slope =-1.36E-02).

12
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Sampling and reporting biases likely impact macrogenetic driver identification

In the species level rarified dataset, estimates of genetic diversity were
characterised by large coefficients of variation (25 — 700%) and substantial variability

in species estimates of genetic diversity (Suppl. Figure 2).

Relative to the full datasets, rarefication to the mode of the number of
samples (n = 2), resulted in little to no change to the significance of the predictors of
genetic diversity, and generally resulted in decreased effect sizes with the exception
of latitude for co1 (rarefaction n = 2 dataset - co? latitude SW = 1.00, p < 0.05, slope
=-1.11E-02; Table 1). For cytb and co1, archiving efforts remained a significant
predictor for the rarefied (n = 2) datasets, in both species and intraspecific analyses
(Table 1 and Table 2, respectively). For TLR4, we did not find significant changes to
model composition in the rarefied (n = 2) data compared to the un-rarefied dataset.
Across all genetic markers, rarefaction to higher sample sizes minimized the
coefficient of variation in nucleotide diversity estimates (Suppl. Fig. 2). However,
across the rarified datasets with increasing sample sizes, we detected highly
unstable models with the relative importance, significance and effect sizes of all

predictors varying depending on the dataset used (Table 1).

Discussion

Here we explored how inconsistent archiving practices of haplotype
sequence data may impact global genetic diversity patterns and contribute to the

weak driver conundrum in macrogenetics.

13
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When analysing genetic diversity species level (i.e. without gridding data), we
found that predictors and archiving effects were highly marker specific. While a
relationship was found between mitochondrial genetic diversity and latitude when all
data were considered (cytb and co1, as shown in Miraldo et al. 2016; Pelletier &
Carstens 2018; Yiming et al. 2021), there was none for nuclear genetic diversity at
TLR4. Despite re-identifying a previously published latitudinal clines in mitochondrial
genetic diversity Miraldo et al. 2016; Pelletier & Carstens 2018), we note that these
datasets were not consistent because they were composed of both unique
haplotypes and comprehensive datasets. When collapsing the datasets to a uniform
format (i.e. unique haplotypes) patterns changed for the mitochondrial markers, and
archiving effort became a significant predictor of genetic diversity signalling an

important bias that must be addressed.

At the intraspecific (gridded) scale, which is representative of the more
common macrogenetic gridded scale, archiving practices was one of the strongest
predictors of nucleotide diversity for both mitochondrial markers. We speculate that
this is because the grid cell level captures local differences in data-archiving
standards that amplify regional nucleotide diversity. This is nicely shown in West
Africa where the archiving of unique haplotypes appears to be standard and there is
subsequently high regional co1 nucleotide diversity. This relationship is lost when
collapsing the datasets to unique haplotypes, likely reflecting the removal of this local
bias. However, such collapsing removes the within species focus central to

Macrogenetics, signalling it is not a suitable correction for this bias.

Focusing on the macrogenetic relationship between genetic diversity and
latitude, while cytb displayed a latitudinal cline in mitochondrial genetic diversity at

14
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the intraspecific level, this relationship was not seen for co1. For co1, archiving
comprehensiveness interacted with latitude and, for TLR4, there was no relationship
with latitude. Despite the small sample size, the lack of a cline in nuclear genetic
diversity follows our expectations based on previous nuclear studies, signalling that
biological differences between the marker types may drive some of the inconsistent

marogenetic patterns reported (Clark and Pinsky, 2024; Schmidt et al., 2022).

Based on our results, we cannot discount that a genuine relationship is
present between mitochondrial genetic diversity and latitude. What drives this is
unclear and while macrogenetic studies have only considered broad ecological
theories, simple evolutionary explanations should not be overlooked. For example,
the mitochondrion is involved in thermoregulation (Lajbner et al. 2018), which could
have led to temperature-based selection and thus a mitochondrial genetic diversity
cline with latitude (Balloux et al. 2009; Lajbner et al. 2018). Such temperature
mediated clines have been detected in drosophila and human mitochondrion
haplotypes (Balloux et al. 2009; Lajbner et al. 2018), supporting that this may be the

root of the multispecies mitochondrial macrogenetic pattern.

A genuine cline in mitochondrial genetic diversity would also explain the
interaction seen in co1, because nucleotide diversity is a frequency-based statistic
any incomplete archiving would inflate genetic diversity and, this inflation is worse in
low diversity populations (Nei & Li 1979). This could drive an amplified effect of
archiving bias at higher latitudes because species genuinely have lower

mitochondrial genetic diversity.

Looking closer into other biases that could contribute to macrogenetic

inconsistencies, we found that when standardising the species and intraspecific

15
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gridded datasets to unique haplotypes we unexpectedly detected several erroneous
sequences within the data that had not been successfully filtered and exceeded
accepted intraspecific diversity levels (Ratnasingham and Hebert, 2013). These are
likely cryptic species or misidentified haplotypes which are known to be present in
public databases (van der Burg and Vieites, 2023). Although such sequences have
little influence in comprehensively archived datasets due to their low frequency, they
will add noise to patterns detected and may contribute to the weak driver
phenomenon by overall reduction of effect sizes. Whilst time consuming, future
haplotype based macrogenetic studies will need to screen individual haplotypes to
remove these, through initially collapsing all haplotypes to unique sequences or

through haplotype networks or other biologically supported analyses.

Many important questions surrounding genetic diversity patterns remain and it
is important that all potential data corrections and limitations are explored.
Rarefaction, commonly used to test sampling bias, partially captures the random
nature of “which” haplotypes are reported “where” and may interact with archiving
biases in unexpected ways. Our rarefaction analyses showed that randomly
sampling haplotypes generates incredibly high variance in estimated genetic
diversity (25 — 700 % coefficient of variation), indicating reliable estimates of
nucleotide diversity cannot be obtained from rarefied data. Rarefaction to higher
sample sizes was accompanied by significant instability in the importance and
weakening effect sizes of bio-climatic and artifactual macrogenetic predictors alike.
This is in part due to reduced taxonomic coverage and subsequent reduction in
statistical power, and further signals it cannot be universally used as a data

correction. Indeed, previous mitochondrial studies (e.g., Millette et al. 2019) reported

16
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that rarefaction analyses were not equally robust across taxonomic groups.
Worryingly this analysis suggests that the random nature of where a haplotype is first
reported in unique sequence datasets likely also contributes to unstable

macrogenetic findings and ultimately, the weak driver conundrum.

It is important to note that not all macrogenetic studies are equally impacted
by archiving bias and the issues discussed here. Macrogenetic analysis of nuclear
non-haplotypic markers, will be less sensitive to choices in archiving practices. When
archiving non-haplotype data (e.g. microsatellite genotypes) researchers upload the
complete set of multilocus genotypes. Consequently, these datasets inherently retain
individual frequencies. This fundamental difference in the data archiving standards,
coupled with real biological differences, likely also contributes to why macrogenetic
patterns between mitochondrial (nucleotide diversity, sequence-based) and nuclear
(heterozygosity, individual-based) markers are often inconsistent or even
contradictory (Leigh et al. 2021; Paz-Vinas et al. 2021). However, we note that such
nuclear datasets also have their own limitations arising from data archiving gaps and

poor metadata (Leigh et al., 2024).

To ensure we can comprehensively understand genetic diversity, frequency-
based diversity estimates from haplotypic data require careful treatment in future.
This includes filtering for non-comprehensive sequence datasets, estimating
archiving efforts for its inclusion as a random effect on multi-model inference
analyses and accessing the impacts of downstream data processing (e.g.,
standardization by haplotype collapsing or rarefication) on predictor effect sizes. We
stress that transparent reporting by data-generating authors of archiving
completeness, data-processing steps, and marker-specific limitations is also

17



396 essential (Leigh et al., 2024). We hope that this and similar methodological studies
397 on limitations and challenges of macrogenetics may advance the field towards
398 achieving the potential to support global biodiversity understanding and real-world

399 conservation efforts.
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Figure Legends

Figure 1. Archiving efforts as drivers of global avian TLR4, mammalian cytb and
mammalian co1 genetic diversity patterns. A) Predictor variable significance at both
species and intraspecific (i.e. gridded) level. Predictors with relative importance
higher than 50% (i.e. the relative sum of Akaike weights for the set of best models
with AAIC < 4) are considered as significant contributors to genetic diversity. Solid
bars represent significant predictors in multi-model inference analysis (p < 0.05),
black colours or lines represent the species level and grey the intraspecific. B)
Species level relationship between TLR4 genetic diversity, climatic stability and
archiving efforts. Archiving effort for each species is represented as bubbles with
increasing size. At this level, archiving effort = 0 signifies that only unique
haplotypes were archived for the species, while an archiving effort = 1 signifies that
the species sequence data was archived comprehensively. C) Global distribution of
mammalian cytb and co1 genetic diversity and sequence archiving efforts. Archiving
effort at the intraspecific (gridded) level was estimated as the proportion of species

whose sequence data were archived comprehensively within a cell.
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547 Tables

Table 1. Multi-model inference of predictors of genetic diversity at the species level.

Genetic Marker Model Predictor Variables Slope (+ SE) Sum of Akaike Weights  p-value
TLR4 Complete Latitude 5.79E-03 + 6.95E-03 0.32 0.41
Climatic Stability -1.35E+01 + 8.66E+00 0.50 0.13
Archiving Effort 2.38E-02 + 3.83E-01 0.22 0.95
Latitude*Archiving Effort — - -
Unique Haplotypes Latitude 5.99E-03 + 6.82E-03 0.51 0.39
Climatic Stability -1.35E+01 + 8.51E+00 0.33 0.12
Archiving Effort 1.15E-01 + 3.77E-01 0.23 0.77
Latitude*Archiving Effort — - -
Rarefaction (n = 2) Latitude 2.84E-03 + 8.41E-03 0.31 0.74
Climatic Stability -1.54E+01 + 9.15E+00 0.58 0.10
Archiving Effort 4.08E-01 +4.13E-01 0.36 0.33
Latitude*Archiving Effort — - -
Rarefaction (n = 3) Latitude 2.99E-03 + 5.03E-03 0.16 0.57
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Climatic Stability -5.54E+00 + 6.48E+00 0.25 0.41
Archiving Effort 1.31E-01 + 2.71E-01 0.21 0.64
Latitude*Archiving Effort — - -
Rarefaction (n = 5) Latitude 3.56E-04 + 5.85E-03 0.15 0.95
Climatic Stability -3.68E+00 + 7.08E+00 0.17 0.62
Archiving Effort 9.82E-02 + 2.74E-01 0.16 0.73
Latitude*Archiving Effort — - -
cytb Complete Latitude -7.76E-03 + 3.01E-03 1.00 <0.01
Climatic Stability -2.40E+00 = 7.54E+00 0.28 0.75
Archiving Effort -1.21E-01 + 1.03E-01 0.64 0.24
Latitude*Archiving Effort -1.56E-03 + 5.13E-03 0.18 0.76
Unique Haplotypes Latitude -6.88E-03 + 2.42E-03 1.00 <0.01
Climatic Stability -1.83E+00 + 5.95E+00 0.28 0.76
Archiving Effort 2.83E-01 = 8.11E-02 1.00 <0.001
Latitude*Archiving Effort -5.46E-04 + 4.08E-03 0.27 0.89
Rarefaction (n = 2) Latitude -6.35E-03 + 3.13E-03 1.00 <0.05
Climatic Stability -1.80E+00 + 7.69E+00 0.25 0.82
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Archiving Effort 2.14E-01 = 1.06E-01 0.93 <0.05

Latitude*Archiving Effort -1.69E-03 + 5.22E-03 0.26 0.75

Rarefaction (n = 4) Latitude -4.65E-03 + 3.96E-03 0.60 0.24
Climatic Stability 9.88E+00 + 7.73E+00 0.47 0.20

Archiving Effort -1.08E-01 + 1.33E-01 0.46 0.42

Latitude*Archiving Effort -3.98E-03 + 6.61E-03 0.09 0.55

Rarefaction (n = 6) Latitude -2.42E-03 + 6.19E-03 0.58 0.70
Climatic Stability 6.72E+00 + 8.74E+00 0.35 0.44

Archiving Effort 3.77E-03 = 2.11E-01 0.39 0.99

Latitude*Archiving Effort -1.15E-02 + 8.37E-03 0.13 0.17

cof Complete Latitude -1.01E-02 = 3.92E-03 1.00 <0.05
Climatic Stability -4.33E+00 + 6.83E+00 0.28 0.53

Archiving Effort -1.08E-01 + 1.45E-01 0.40 0.46

Latitude*Archiving Effort 9.06E-05 + 7.64E-03 0.08 0.99

Unique Haplotypes Latitude -7.92E-03 = 3.78E-03 0.93 <0.05
Climatic Stability 2.92E+00 + 5.74E+00 0.32 0.61

Archiving Effort 4.27E-01 = 1.15E-01 1.00 <0.001
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Latitude*Archiving Effort 3.43E-03 + 5.61E-03 0.28 0.54
Rarefaction (n = 2) Latitude -1.11E-02 + 4.68E-03 1.00 <0.05
Climatic Stability -4.40E+00 + 6.88E+00 0.31 0.52
Archiving Effort 2.54E-01 + 1.53E-01 0.80 0.10
Latitude*Archiving Effort 2.32E-03 + 7.72E-03 0.22 0.76
Rarefaction (n = 5) Latitude -7.15E-03 £ 6.42E-03 0.60 0.27
Climatic Stability 1.10E+01 + 6.43E+00 0.58 0.09
Archiving Effort 6.29E-02 + 2.77E-01 0.29 0.82
Latitude*Archiving Effort 6.55E-03 + 1.95E-02 0.04 0.74
Rarefaction (n = 8) Latitude -5.26E-03 + 4.23E-03 0.47 0.22
Climatic Stability 9.53E+00 + 6.68E+00 0.51 0.16
Archiving Effort 6.46E-02 + 4.88E-01 0.27 0.90

Latitude*Archiving Effort

represented. Significant predictor variables for both the sum of Akaike weights (= 0.5) and p-values (< 0.05) are presented in bold.

sizes (slope), the sum of Akaike weights for each predictor variable and the respective p-value for the averaged conditional models are

All predictor variables identified in the top performing models (deltaAlCc < 4) of every marker-standardizing scheme are presented. The effect
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Table 2. Multi-model inference of predictors of genetic diversity at the intraspecific level (gridded) level.

Genetic Marker  Dataset Predictor Variables Slope (+ SE) Sum of Akaike Weights p-value
cytb Complete Latitude -9.48E-03 + 2.96E-03 1.00 <0.01
Climatic Stability -6.61E+00 = 3.81E+00 0.63 0.08
Archiving Effort -1.04E+00 = 2.26E-01 1.00 <0.001
Latitude*Archiving Effort 9.18E-03 + 5.95E-03 0.54 0.12
Unique Haplotypes  Latitude -8.67E-03 = 2.39E-03 1.00 <0.001
Climatic Stability -5.61E+00 = 3.07E+00 0.67 0.07
Archiving Effort -3.04E-01 + 2.00E-01 0.74 0.12
Latitude*Archiving Effort 8.33E-03 + 5.07E-03 0.43 0.10
Rarefaction (n = 2) Latitude -9.27E-03 + 3.09E-03 1.00 <0.01
Climatic Stability -7.49E+00 + 3.90E+00 0.71 0.06
Archiving Effort -7.13E-01 + 2.40E-01 1.00 <0.01
Latitude*Archiving Effort 9.99E-03 + 6.19E-03 0.57 0.11
cof Complete Latitude -6.50E-03 + 4.86E-03 1.00 0.18
Climatic Stability -5.00E+00 = 5.77E+00 0.29 0.39
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Archiving Effort -7.38E-01 + 3.70E-01 1.00 <0.05
Latitude*Archiving Effort -1.67E-02 + 7.53E-03 0.86 <0.05
Unique Haplotypes  Latitude -3.86E-03 + 3.40E-03 1.00 0.26
Climatic Stability -7.02E-01 + 3.85E+00 0.19 0.86
Archiving Effort 3.07E-01 = 2.80E-01 0.81 0.27
Latitude*Archiving Effort -1.36E-02 + 5.80E-03 0.71 <0.05
Rarefaction (n = 2) Latitude -8.68E-03 + 5.21E-03 1.00 0.10
Climatic Stability -6.84E+00 = 5.72E+00 0.43 0.23
Archiving Effort -3.85E-01 + 3.86E-01 1.00 0.32
Latitude*Archiving Effort -1.55E-02 + 7.60E-03 0.74 <0.05

All predictor variables identified in the top performing models (deltaAlCc < 4) of every marker-sampling scheme are presented. The effect sizes

(slope), the sum of Akaike weights for each predictor variable and the respective p-value for the averaged conditional models are represented.

Significant predictor variables for both the sum of Akaike weights (= 0.5) and p-values (< 0.05) are presented in bold.
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