bioRxiv preprint doi: https://doi.org/10.1101/527739; this version posted January 23, 2019. The copyright holder for this preprint (which was not

N

N N DD N NN DM M DN A a0y o
N O o0 A WON 0 O © 0N OO o0k~ WON -~ O O o NoO o P~ DN

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Title: Worldwide impacts of humans on animal genetic diversity

Running head: Human impacts on genetic diversity

Authors: *Millette K.L', *Fugére V.13 Debyser C.!, Greiner A.?, Chain F.J.J.* and Gonzalez
Al

"McGill University, Department of Biology

2Université du Québec a Montréal, Département des Sciences Biologiques
3University of Toronto, Department of Ecology & Evolutionary Biology
“University of Massachusetts at Lowell, Department of Biological Sciences

These authors contributed equally

*Corresponding authors: katie.millette@mail.mcgill.ca; vincent.fugere@mail.mcgill.ca

Summary

Human impacts on genetic diversity are poorly understood yet critical to understanding
the evolutionary capacity of the world’s biodiversity. We used global maps of land use and
human density to assess human impacts on the intraspecific genetic diversity of 15,946 species
of birds, fishes, insects, and mammals over time and across four spatial scales worldwide. We
analyzed 164,518 mitochondrial cytochrome ¢ oxidase subunit I (COI) sequences to quantify
changes in genetic diversity between 1980-2016. We found temporal change in genetic diversity,
with both increasing and decreasing trends observed. The magnitude and sign of human impacts
on genetic diversity depended on scale and taxon. In contrast, latitude was a strong predictor of
diversity in fish, insects, and mammals. Our analyses provide a first worldwide picture of human
impacts on animal genetic diversity. A global effort to systematically monitor genetic diversity is

needed to fill the gaps in taxonomic and geographic coverage in this dataset.
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Introduction

Intraspecific genetic diversity, a measure of the genetic variation within populations, is a
fundamental dimension of biodiversity. Intraspecific genetic diversity is a reflection of both past
and current evolutionary bottlenecks, as well as an indicator of a population’s potential for
adaptation to future stressors!. Understanding the drivers of genetic diversity change
worldwide, across taxonomic groups, is of great interest to ecologists and conservation
biologists®>®. Humans are now acting as an evolutionary force, modifying rates of extinction and
colonization, but also altering the intraspecific genetic diversity of plants and animals around the
world®~'2. To our knowledge no global assessment of temporal trends in genetic diversity has
been conducted to date, nor have human impacts on such trends being quantified.

Theory predicts that human activities can affect intraspecific genetic diversity via
demographic and evolutionary mechanisms!*-15, Depending on how human disturbances alter
selection, drift, gene flow, and mutation rates, intraspecific genetic diversity may decrease,
increase, or remain unchanged over time'¢. For example, disturbances like habitat fragmentation
and excess harvesting can reduce diversity due to sustained selection, decreased gene flow linked
to population isolation, and chronic inbreeding associated with reduced population sizes!”.
Alternatively, human disturbances can maintain or increase genetic diversity through time, for
example by magnifying temporal variation in selection, increasing mutation rates (e.g. mutagenic
pollutants), or creating environments which favour hybridization and heterozygote advantage!®-
21, Over time and across geographic space, these outcomes can accumulate within populations
such that intraspecific genetic diversity reflects a complex combination of past and present
evolutionary processes that we are only beginning to investigate at the global scale.

Trends in intraspecific genetic diversity are expected to be scale-dependent as are trends
in other dimensions of biodiversity!>?223, Humans impacts should be strongest and most visible
at the scales at which they operate, namely that of individual populations. Analyses at larger
spatial scales aggregate distant populations which are potentially genetically differentiated,
found in heterogeneous habitats, and exposed to varying levels of human impacts, all of which
could obfuscate diversity trends. At regional scales, genetic diversity may in fact be highest in
human-dominated environments because humans usually settle in areas of high biodiversity?*. A
recent assessment of the global distribution of intraspecific genetic diversity of amphibians and
mammals found evidence of reduced genetic diversity in human-impacted regions?, but the

analysis focused on one broad (4° equal area grid cell size) spatial scale of analysis that is
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unlikely to reflect population-level processes of all species. Moreover, the lack of time series
data prevented the characterization of genetic diversity trends over time.

Here, we report the first large-scale assessment of temporal trends in intraspecific genetic
diversity across the world. We overlay a large number of time-referenced mitochondrial
cytochrome ¢ oxidase subunit I (COI) sequence data for four animal classes (birds, inland and
coastal bony fishes, insects, and mammals) on worldwide estimates of human density and land
use. We calculated the mean pairwise dissimilarity among all sequences from a population to
estimate nucleotide diversity (7), a measure of population genetic diversity. To evaluate the
scale-dependence of genetic diversity trends and human impacts, we calculated land use and
genetic diversity at four spatial scales, namely 5' (0.08°), 1°, 2°, and 4° square grid cells. We
mapped the distribution of sequence data and genetic diversity estimates in time, in geographical
space, and across major human impact gradients, and we quantified the drivers of diversity at all

spatial scales using a number of spatial and time-series analyses.

Results

Distribution of sequences and genetic diversity

At the finest spatial scale of analysis (5’ grid cells or approximately 85 km? at the
equator), our dataset includes a total of 146,092 COI sequences sampled from 13,936 species of
birds (Aves), inland and coastal bony fishes (Actinopterygii), insects (Insecta), and mammals
(Mammalia; Table 1). The aggregation of species-specific sequences sampled in the same grid
cell at this resolution resulted in a total of 29,436 'populations'. Mapping the geographic location
of sequences revealed a spatially heterogeneous pattern of sampling, with 69.5% of sequences
originating from North America and Europe (Fig 1a). The number of sequences and species per
grid cell were strongly correlated (Fig. S1a). With respect to taxonomy, the dataset was
dominated by insect sequences (Fig. 1b; Table 1). Moreover, for all classes, 1-3 speciose orders
contributed a large proportion of sequences (Fig. 1b). Only a small proportion of the global
number of species of birds, bony fishes, insects, and mammals was represented in our dataset,
but this number increased significantly for higher taxonomic levels (families and orders),
suggesting a phylogenetically-broad pattern of sampling (Table 1).

The number of COI sequences collected on any given year and deposited on GenBank or
BOLD databases has increased for birds, fishes, and insects from 1980 to 2010 (Fig. 1c). In
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contrast, mammal sequence collection seems to have reached a peak and remained stable from
approximately 1985 to 2005 (Fig 1c). All groups demonstrate a recent (~5 year) decline in the
number of sequences, perhaps as a result of the lag between sequence collection and sequence
availability in the databases (Fig. 1¢). The temporal distribution of species and population
number in the database closely matched the temporal distribution of sequence number (Fig.
S1b,c). Finally, sequences in the database originate from grid cells with generally higher human
population density and more extensive land use than the mean of all grid cells across the world
(Fig. 1d,e). Taxonomic and spatial biases are discussed in more detail in Supporting Information
(‘Supplementary Results’).

Global maps of mean population genetic diversity at the 4° scale of analysis suggested
higher diversity at lower than higher latitudes (Fig. 2). Potential hotspots of genetic diversity
include the Amazon basin for inland fishes, and Madagascar for insects (Fig. 2). When averaged
across all populations, species, and grid cells, mean genetic diversity of birds, fishes, and insects
showed an increasing trend since 1985, although there was large intra-year variation across much
of these spatially-averaged time series (Fig. 3a). Relating genetic diversity to grid cell latitude
(absolute values) confirmed the presence of clear latitudinal gradients (Fig. 3b). Finally, at the 4°
scale of analysis, no linear relationship was apparent between genetic diversity and longitude,
land use intensity, or human population density (Fig. 3c-e). However, genetic diversity of birds,
insects, and mammals seemed to vary non-linearly with human population density, and grid cells
with large human populations were characterized by very low genetic diversity of insects and

mammals (Fig. 3e).

Drivers of intraspecific genetic diversity

Generalized linear mixed models fitted on diversity estimates calculated at four spatial
scales confirmed that intraspecific genetic diversity varied strongly with latitude at all spatial
scales, for all animal classes except birds (Fig 4; Table S1). Year of sampling had a positive
effect on intraspecific genetic diversity in birds at the 5’ and 1° scales, and in fish at all spatial
scales; however, year had a negative effect on genetic diversity in insects at the 2° scale, and no
effect on mammals (Fig. 4; Table S1). Longitude and human population density had no effect on
intraspecific genetic diversity across all classes and spatial scales, whereas land use intensity
only had a negative effect on genetic diversity in birds at the 5’ scale. Negative interaction

effects were detected between human density and land use intensity for birds at the 1° scale, and
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for insects at the 2° and 4° scales. Moreover, there was a negative effect of the interaction
between human density and year on genetic diversity for birds (4° scale), fishes (1°, 2° scales),
and insects (2° scale). We also found significant interactions between land use intensity and year
on genetic diversity, with a positive effect for fish at the 2° scale and a negative effect for
mammals at the 5’ scale (Fig. 4; Table S1).

Additional significant interactions were identified between latitude and human density.
Although this interaction had a positive effect on mammal intraspecific genetic diversity at the 5’
and 2° scales, the interaction between latitude and land use intensity had a negative effect on
insect genetic diversity at the 2° scale. The interaction between latitude and year had an overall
negative effect on insect intraspecific genetic diversity (5°, 2°, 4° scales), but with no significant
effect on genetic diversity in other taxonomic classes (Fig. 4; Table S1). A significant positive
effect of the interaction between longitude and human density was detected on the genetic
diversity in fish (1° scale) only, while a negative effect of longitude and land use intensity was
identified exclusively for bird genetic diversity (4° scale). Lastly, the interaction between latitude
and longitude was found to have a positive effect on insect genetic diversity at the 5° spatial
scale (Fig. 4; Table S1). Thus, apart from latitudinal gradients and positive temporal trends in
bird and fish intraspecific genetic diversity, the effects of human density, land use intensity, and

sampling year were largely taxon- and scale-dependent.

Times series of intraspecific genetic diversity

We also examined temporal trends in individual populations that were sampled
repeatedly over time. However, the limited availability of populations with multiple (> 3) years
of sequence data restricted our time series analysis to the largest spatial scale of analysis (4° grid
cells; Table 1). Our time series dataset included 1,100 populations from 965 species and 98 grid
cells (mean + se duration of time series = 3.4 £ 0.05 years, range = 3-15 years). No significant
mean temporal trend was detected for any taxa (Fig. 5, Table S2). This finding held when we
excluded very short time series (< 5 years of data) from the analysis (Fig. S2). Nonetheless,
diversity was apparently changing in many populations (Fig. 5), although time series were too
short to assess the statistical significance of these trends?®. Models including latitude, land use
intensity or human population density indicated that none of these variables had a significant
impact on temporal trends in genetic diversity at the 4° scale (Table S2). However, we found

significant main effects of latitude on genetic diversity in insects and mammals (Table S2),
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confirming the importance of latitude as a predictor of mean diversity, if not temporal trends in
diversity. In conclusion, this time series analysis also uncovered a lot of temporal variation in
genetic diversity, but it suggested that no overall trend exists at the global scale or across large

anthropogenic gradients.

Discussion

Analyzing global patterns of intraspecific genetic diversity in birds, fishes, insects, and
mammals, we have shown that human impacts on genetic diversity are scale are taxon
dependent. We also find that the elevated intraspecific genetic diversity documented for
mammals at low latitudes? extends to fishes, insects, and the adapted dataset of mammals in our
analysis (i.e. the subset of mammalian sequences with known collection years). Over time, we
observed significant increases in intraspecific genetic diversity in fishes at all spatial scales, and
in birds at small spatial scales. In the time series analysis, these trends were not visible, and the
average temporal trend across populations was zero for all taxa. However, some strong temporal
trends at the population level were found in all taxa, indicating that intraspecific genetic diversity
is a dynamic dimension of diversity which warrants further attention.

Current estimates indicate that up to 70% of the Earth’s surface has been modified by
human activities, largely within the last century?’. Human impacts on the environment such as
urbanization and land use intensification are known to influence intraspecific variation and
species evolutionary parameters'®?-3%, However, we did not detect significant declines in
genetic diversity in areas affected (and settled) by humans, nor did we observe systematic
temporal declines. The presence of humans can have both negative and positive effects on

2224 and we also find both negative and positive effects on intraspecific genetic

species diversity
diversity (see also'®). Human effects on population selection and drift are highly heterogeneous
and should not be expected to generate an overall pattern of declining genetic diversity across all
taxa and sites. Furthermore, the changes in magnitude and sometimes direction of human
impacts across scales in our analysis confirms that the scale at which diversity is estimated can
influence the conclusions we draw regarding the overall effects of human activity on genetic
variation, reinforcing the necessity of scale-explicit analyses.

While our results contradict the recent finding that intraspecific genetic diversity is lower

in human-dominated areas®’, we believe that detrimental effects of human activity and stead
y y

declines in global genetic diversity is an important potential outcome that is difficult to detect
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because of several important data biases. We acknowledge that the COI locus does not evolve
under neutrality®! and that sequence variation may not reflect anthropogenic pressures?. More
appropriate genetic tools and metrics are known for measuring neutral intraspecific diversity
(e.g., microsatellites, allelic diversity); however, there is currently no global database for these
data. COI is thus one of few genes with abundant sequences in common databases®?, with
metadata readily available (e.g. spatial coordinates and year of sequence collection), and with
sequences available for a large number of species (likely due to the use of COI for species
identification). Despite this wealth of COI data with collection years, we still noted some
taxonomic gaps in the database, e.g. a small number of Coleoptera sequences despite this order
accounting for a large number of insect (and animal) species. Another important advance for
future assessment of global genetic diversity trends would be to incorporate species range sizes.
Mismatch in the scale at which species move throughout the landscape and the scale at which
they are assessed can cause important relationships to go undetected4-3¢.

Finally, more time series of genetic diversity within individual populations are urgently
needed. Despite the size of our sequence dataset, reliable time series analysis for all taxa could
only be conducted at the 4° scale. At this scale, individuals from distant sites would have been
grouped into a single population and this can mask temporal trends if different subpopulations
are genetically divergent. Even at the 4° scale, most time series were very short (< 5 years). The
lack of replication in time is a persistent problem in modern ecology?’ and evolutionary biology
that is constraining our ability to make strong inferences about global patterns of biodiversity
change?$8, We urge data collectors to upload metadata such as collection year and spatial
coordinates when depositing sequences in databases—a remarkably large number of sequences in
GenBank do not have a collection year (e.g. 95% of amphibian sequences), which constrained

our analyses for some taxa.

Conclusion

Anthropogenic activity has complex, scale and taxon-specific effects on intraspecific
genetic diversity. There is a clear opportunity to establish a global and systematic monitoring
program for intraspecific diversity’. Global monitoring of genetic diversity would improve our
ability to detect change and attribute the causes of worldwide patterns of spatial and temporal

variation in genetic diversity we report here.
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Methods

R version 3.5.0% was used for all analyses described below. We combined two large
datasets: one of global land use and one of animal genetic sequences, both including spatial and
temporal information. Spatial coordinates were used to overlay genetic diversity and land use
data on a gridded world map. To calculate population genetic diversity, we defined "populations'
as unique species x grid cell combinations (e.g. white-tailed deer in grid cell 52-56°N and 114-
118°W). Our analysis excluded grid cells composed entirely of water; however, we included data
from aquatic animals found in grid cells with some land in them. We reasoned that land use can
have impact on inland and coastal waters, and thus on animals found in these environments*>4!,
To evaluate the scale-dependence of genetic diversity trends and human impacts, we calculated

land use and genetic diversity at four spatial scales, namely 5' (0.08°), 1°, 2°, and 4° square grid

cells.

Sequence data

Mitochondrial cytochrome ¢ oxidase subunit I (mtDNA COI) sequences for birds (Aves),
fishes (Actinopterygii), insects (Insecta), and mammals (Mammalia) were downloaded from the
National Center for Biotechnology Information (NCBI) ‘GenBank’*? and from the ‘Barcode of
Life Data Systems’* (BOLD) in April 2017. Sequences from GenBank were retrieved with the
Entrez Utilities Unix Command Line, while for BOLD we used the application platform
interface. Only sequences with documented geographic coordinates and sampling dates available
in the databases were downloaded. Sequences with ambiguous taxonomic assignment (e.g.,
species name containing '.spp') were excluded from the analysis. Species, grid cell, and year-
specific sequence alignments were then performed using default parameters in MAFFT#4,
Pairwise nucleotide differences were calculated for all pairs of sequences with > 50% sequence
overlap as in?°. We then calculated the mean pairwise dissimilarity among all
sequences/individuals from a population to estimate nucleotide diversity (7), a measure of
population genetic diversity. Species present in multiple grid cells in the same year were treated
as independent populations, and separate 7t values were estimated accordingly. For populations
with multiple years of data, separate 7t values were computed for each year. The few diversity
estimates pre-1980 were discarded, as were extreme values 10 standard deviations greater than

the mean of all estimates. We also gathered data for plants (markers ITS, MatK, RbcL),
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251  amphibians (COI), and molluscs (COI), but the proportion of sequences with collection dates
252  was very low, precluding an analysis of temporal trends.

253 Nucleotide diversity estimates (7; henceforth, ‘genetic diversity’) were re-calculated at
254  each spatial resolution/grid cell size. Since at least two sequences from any species-grid cell

255  combination is required to calculate genetic diversity, it should be noted that the number of

256  sequences in the dataset increases with scale. Aggregating sequences into lower resolutions, or
257  relatively larger grid cells, increased the number of possible pairwise sequence comparisons, and
258  thus population sizes and their spatial extents. In parallel, the number of populations available for
259  each taxonomic class often diminished. Genetic diversity would be expected to increase with
260  grid cell size as distant (potentially isolated) individuals are grouped into large populations.

261

262  Land use and human population data

263 Global human population and land use estimates were obtained from the most extensive
264  and up-to-date version of the ‘History Database of the Global Environment’> (HYDE 3.2) for
265  years 1980-2016. HYDE 3.2 provides land use and human population density estimates for all
266  land masses at 5’ spatial resolution, with data available for every decade from 1980 to 2000, and
267  every year after 2000. Variables included in our analyses were: maximum land area (km?/grid
268  cell), human population counts (inhabitants/grid cell), as well as four classes of intensive land
269  use: cropland, pasture, converted rangeland, and built-up area (km?/grid cell). See*® for a detailed
270  description of these variables.

271 AIl HYDE 3.2 global datasets for these six variables and for the time-period 1980-2016
272 were converted to raster data structures and aggregated at lower spatial resolutions using the R
273  package ‘raster’*®. Values for land area, human population, and each land use category were

274  computed for each new 1°, 2°, and 4° grid cell by summing the values of all the 5 cells of each
275  respective variable encompassed within the new cell boundary. At each spatial resolution, human
276  population counts were divided by the maximum land area available in each grid cell to obtain
277  estimates of human population density (inhabitants/km?). Similarly, cropland area, pasture area,
278  converted rangeland area, and built-up area per grid cell were divided by land area to estimate
279  the proportions of each cell consisting of each respective category. We then calculated an

280  aggregate estimate of the proportion of land under intensive use for each grid cell by summing
281  the proportions of cropland, pasture, converted rangeland, and built-up area present in each grid

282  cell (hereafter: ‘land use intensity’, ranging from O to 1).
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Large grid cells should have more heterogeneous land use, which could increase genetic
diversity at the grid cell-level by creating several isolated (and potentially genetically-divergent)
subpopulations. Likewise, the probability of spatial mismatch between the sequence data and the
land use variables should be greater for large grid cells (e.g., the grid cell as a whole could have a
large proportion of agricultural land but all animal sequences could originate from a small forest
patch). We thus expected land use and human density impacts on genetic diversity to be stronger
and most easily detected at small spatial scales.

Due to the absence of yearly HYDE 3.2 data for years 1980-1999, genetic diversity
estimates based on sequences collected between 1980 and 1989 were assigned the 1980 human
density and land use intensity values of their respective grid cell. Sequences collected between
1990 and 1999 were given 1990 values, whereas sequences sampled between 2000 and 2016
were assigned year-specific human density and land use intensity values. All data were processed

using the ‘tidyverse” collection of R packages®’.

Distribution of sequences and genetic diversity

We first examined the distribution of sequences in our dataset with respect to geography,
taxonomy, time, human density, and land use intensity. To visualize the spatial distribution of
sequences, global maps of the number of sequences per grid cell were generated at each spatial
resolution using R packages ‘latticeExtra’#® and ‘rworldmap’#’. The number of sequences,
populations, and species per year of each class (birds, fishes, insects, and mammals) was also
tallied at all spatial resolutions. We determined whether our study populations were under levels
of human influence representative of global distribution patterns by comparing the distribution of
human density and land use intensity values associated with 1) all HYDE 3.2 grid cells,
worldwide and pooled across all years, and 2) the time and place of sequence collections, for all
spatial scales.

For each class and scale of analysis, the proportion of global taxa represented in our
dataset was quantified. We first retrieved genus, family, and order-level classification for all
species in our dataset using taxonomic information from the NCBI and the ‘Integrated
Taxonomic Information System’ (ITIS) databases accessed through the R package ‘taxize’*°.
Supplemental information regarding Actinopterygii order classification was obtained from
‘Fishbase’>!, accessed through the R package ‘rfishbase’2. For species absent from all of NCBI,

ITIS, and Fishbase (e.g., some older/synonymous names), taxonomic information was retrieved

10
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from BOLD itself. This order was chosen to ensure that the classification was as current as
possible. We then obtained the total number of genera, families, and orders in each class from
the ‘Catalogue of life’ database’, also accessed through taxize, and compared these global
estimates with the number of taxa in our database. This was only meant to provide a rough
estimate of the proportion of taxa included in our dataset; exact proportions cannot be calculated
due to unresolved taxonomy and discrepancies among taxonomic references. The proportion
obtained for Actinopterygii orders (100%) is likely an over-estimate caused by large
discrepancies in order number in different taxonomic databases; for example, some orders
represented in BOLD/NCBI (and thus in our dataset) are present in neither Fishbase nor the
Catalogue of Life and vice versa. Percentages for other classes/taxonomic levels should be more
accurate as mismatch across databases was lower.

We then evaluated the spatial and temporal distribution of genetic diversity (%) for all
classes at all spatial resolutions. To map diversity in space, population-level intraspecific genetic
diversity estimates were averaged across years and species to yield a single diversity value per
grid cell. To visualize diversity in time, we averaged genetic diversity values within years but
across all populations/grid cells to obtain a single time series of mean global genetic diversity for
each animal class. Results are presented at the largest scale of analysis (4°) so that grid cells can
be visually distinguished on a world map. We also plotted mean genetic diversity as a function of
latitude (absolute values), longitude, land use intensity, and human population density (log-
transformed), grouping observations into a small number of equal-sized bins to facilitate

visualization.

Statistical analyses

Generalized linear mixed models (GLMMs) were used to assess the main and two-way
interaction effects of year of sequence collection, geographical space (longitude and absolute
values of latitude), human population density, and land use intensity on intraspecific genetic
diversity. Models were constructed separately for each animal class and scale of analysis. We
used Tweedie compound Poisson (weighted) GLMMs to accommodate the distribution of 7t
values, which is continuous, positive, right-skewed, and with many exact zeros®*. Models were
fitted with the function ‘cpglmm’ in the R package ‘cplm’. All models included ‘species’ and
‘grid cell’ as random intercepts. Since most populations only had one year of data, we did not fit

a random effect for population, and instead only retained one observation (the oldest in time) for

11
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populations with multiple observations. In all models, the log number of sequences used to
calculate 7t values were used as weights, as nucleotide diversity is likely better estimated with an
increasing number of pairwise comparisons. Years with < 10 populations were excluded from the
analysis to avoid biasing temporal trends with poorly-estimated yearly averages.

We used a stepwise (backward) model selection procedure to identify significant
predictors of genetic diversity. Predictor variables included year of sequence collection, latitude
(absolute values), longitude, land use intensity, and human population density (log-transformed).
All variables were standardized to a mean of zero and a standard deviation of 1 prior to model
fitting. Multicollinearity was assessed with variance inflation factors®®, which were below 3 for
all variables in all models. For each taxonomic class and scale, we fitted a first model including
all possible main effects (5 parameters) and two-way interactions (10 parameters). This model
was subsequently reduced by removing non-significant parameters with 95% confidence
intervals overlapping 0, until all remaining terms were statistically-significant or contributed to
at least one significant two-way interaction. Increase in fit during stepwise model selection was
confirmed with decreases in AIC. Final models are illustrated in the main text, while the full
model selection results are provided in Supporting Information. Final models were validated
with plots of residuals against fitted values and predictor variables, with autocorrelation
functions (for temporal autocorrelation), and with variograms and maps of residuals (for spatial
autocorrelation).

In these models, only one data point per population was used; thus, the temporal
dimension of this analysis involves asking if ‘year of sampling’ has an effect on genetic
diversity. Assuming that a sufficiently large number of populations were sampled every year and
that mean global diversity can be properly estimated from this sample of animal populations,
then these spatially-averaged time series should reflect global trends in diversity. Our dataset
includes thousands of populations, but inconsistent taxonomic and/or spatial coverage across
years could still distort temporal trends. Therefore, as a perhaps more robust, but also more data-
limited approach, we also investigated trends in the subset of populations that were sampled
repeatedly over time (3 or more years of data). This analysis focused on diversity values
computed at the 4° scale, which provided the largest number of time series. We again used
weighted Tweedie compound Poisson GLMMs, including “grid cell” and ‘species’ as random
intercepts, and log number of sequences as weights. We fitted four models per taxonomic class.

The first model, testing whether there is an overall temporal trend in genetic diversity, included a
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fixed effect of ‘year’ and a population-specific random slope and intercept for ‘year’. The results
of this model (fitted values and population slopes) are shown in the main text.

Then, we also asked whether latitude (absolute values), land use intensity, and human
population density (log-transformed) influenced temporal trends, by fitting three additional
models including one of these variables as an additional main (fixed) effect and as a two-way
interaction effect with ‘year’. Separate models had to be fitted for this analysis because the three
variables were collinear in this subset of our full dataset. Parameter estimates from these models
are reported in Supporting Information. All models were validated as were the GLMMs using the
full dataset. Finally, because time series duration can influence detectability of temporal trends in
diversity?®, we also repeated the analysis using more stringent selection criteria for time series
inclusion (at least 4, 5, or 6 years of data), and verified that inferences remained unchanged. We
also extracted the random slopes (population trends) fitted in the models and related those to

time series duration, using linear regression to test for an association between the two variables.

Data and code availability

All data used in this manuscript are available online, as described in the Methods section.
Formatted datasets used in statistical analyses will be archived on an online repository upon
manuscript acceptance. Data manipulation and analysis code can be found online at

https://github.com/VFugere/GenDivProject.
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Table 1. Number of COI sequences, populations, species, genera, families, orders, and time series included in the dataset.

. . - time
scale class sequences populations species genera families orders series
5’ Aves 6337 2139 1320 (12.75%) 685 (30.67%) 120 (52.86%) 31 (77.50%) 3
5 Actinopterygii 19679 4935 2453 (7.54%) 1074 (34.17%) 251 (51.43%) 46 (100%) 40
5’ Insecta 103102 19743 9603 (1.12%) 4371 (5.71%) 428 (37.88%) 24 (85.71%) 114
5 Mammalia 16974 2619 560 (9.57%)  232(18.04%) 45(28.48%) 11 (37.93%) 25
1° Aves 7016 2302 1451 (14.01%) 724 (32.41%) 120(52.87%) 31 (77.50%) 6
1° Actinopterygii 20733 4692 2538 (7.81%) 1103 (35.09%) 254 (52.05%) 46 (100%) 68
1° Insecta 112008 18997 10566 (1.23%) 4658 (6.08%) 439 (38.85%) 24 (85.71%) 540
1° Mammalia 17713 1988 572 (9.78%) 238 (18.51%) 46(29.11%) 12 (41.38%) 74
2° Aves 7245 2332 1497 (14.46%) 737 (33.00%) 120 (52.86%) 31 (77.50%) 15
2° Actinopterygii 21100 4460 2559 (7.87%) 1106 (35.19%) 255 (52.25%) 58 (126.09%) 84
2° Insecta 114858 18781 10940 (1.27%) 4761 (6.22%) 443 (39.20%) 24 (85.71%) 680
2° Mammalia 17932 1665 577 (9.86%) 238 (18.51%) 46(29.11%) 12 (41.38%) 122
4° Aves 7577 2350 1547 (14.94%) 753 (33.71%) 122 (53.74%) 31 (77.50%) 36
4° Actinopterygii 21340 4176 2577 (7.93%) 1110 (35.32%) 256 (52.46%) 46 (100%) 112
4° Insecta 117474 18273 11240 (1.31%) 4844 (6.33%) 445 (39.38%) 24 (85.71%) 820
4° Mammalia 18127 1397 582(9.95%) 239(18.58%) 46(29.11%) 12 (41.38%) 135

Populations are defined as unique species x grid cell combinations while time series represent populations with 3 or more years of
data. Scale indicates grid cell dimension (side length). Percentages in parenthesis for species, genera, families and orders are estimates
of the proportion of taxa present in the database relative of the total number of taxa globally, as described in the Methods. Note that
the percentage for Actinopterygii orders is an over-estimate caused by large discrepancies in order number in different taxonomic

databases.
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Figure 1. Distribution of COI sequences used to compute genetic diversity at the 5° spatial
resolution across geographical space (a), taxonomic classes (b), time (¢), and anthropogenic
parameters (d, e). (a) Global distribution of sequences available in NCBI or BOLD databases
with known geographic coordinates and year of sequence collection. Bar heights represent the
total number of sequences per 5’ grid cell (min=2 sequences, max=2,947) from the four animal
classes. (b) Distribution of sequences across the four taxonomic classes: birds (N=6,337), fish
(N=19,679), insects (N=103,102), and mammals (N=16,974 sequences). Orders contributing a
large proportion of sequences are indicated. (c) Number of sequences available in the dataset for
each year and animal class. (d,e) Distribution of sequences (grey) according to human density (d)
and land use intensity (e) relative to the frequency of these parameter values worldwide (blue).
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Figure 2. Spatial variation in intraspecific genetic diversity of birds, inland and coastal bony
fishes, insects, and mammals. Genetic diversity estimates were averaged across populations and
years to yield a single diversity value per grid cell (shown here at the 4° resolution). Note that
genetic diversity scales differ among classes.
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Figure 3. Genetic diversity calculated in 4° grid cells as a function of five of its potential drivers.
(a) Mean intraspecific genetic diversity of each class over time. Population-level genetic
diversity values from any given year were averaged across all grid cells to yield spatially-
averaged global time series. Different populations/grid cells contribute to each yearly average.
(b-e) Relationship between genetic diversity and grid cell latitude (b), longitude (c), land use
intensity (d), and human population density (e). Estimates from all years were pooled, and data
were binned into a small number of groups for illustration purposes. In all panels, symbols and
error bars indicate mean + 95% confidence intervals, while thick lines are cubic splines weighted
by the log number of diversity estimates included in each data point. To aid visualization, values
of confidence intervals lower than 0 (the minimum theoretical value for nucleotide diversity) or
larger than the maximum mean value are not shown.
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Figure 4. Effects of year of sampling, latitude (absolute values), longitude, land use intensity,
and human population density (log-transformed) on the genetic diversity of populations of birds,
inland and coastal bony fishes, insects, and mammal. Symbols indicate main effects and two-way
interaction effects estimated by GLMMs fitted independently for each taxon and scale; negative
and positive values respectively decrease and increase genetic diversity. Error bars indicate 95%
confidence intervals of parameter values. Only effects retained in final models after stepwise
model selection are shown (see Table S1 for all model selection results). Filled symbols
represent significant effects with confidence intervals that do not overlap zero, while open
symbols indicate non-significant (main) effects retained in final models because they contribute
to at least one significant two-way interaction. YR: year. LAT: latitude. LONG: longitude. LU:
land use intensity. HD: human population density.
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Figure 5. Time series analysis of genetic diversity in individual populations of birds (a), inland
and coastal bony fishes (b), insects (¢), and mammals (d) in 4° grid cells. Left panels illustrate
random slopes models in which each population has a different intercept and slope for the effect
of time on diversity. Thick black lines indicate overall trends across populations (see Table S2),
while thin colored lines show fitted values for individual populations (slopes of these lines
represent ‘population trends’). Right panels show the distribution of estimated population trends.
Symbols below histograms indicate overall (fixed) effects of year on genetic diversity across
time series (error bars = 95% confidence intervals for parameter estimate).
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