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Ecography Organisms use color to serve a variety of biological functions, including camouflage,
2023: 06279 mate attraction and thermoregulation. The potential adaptive role of color is often
doi: 10.1111/ecoe.06279 investigated by examining patterns of variation across geographic, habitat and life-

S & history gradients. This approach, however, presents a data collection trade-off whereby

Subject Editor: Sarah Diamond researchers must either maximize intraspecific detail or taxonomic and geographic
Editor-in-Chief: Miguel Aratjo coverage. This limits our ability to fully understand color variation across entire taxo-
Accepted 28 November 2022 nomic groups at global scales. We provide a solution by extracting color data from

more than 44 000 individual specimens of ants, representing over 14 000 species and
morphospecies, using a computer vision algorithm on ant head images. Our analyses
on this dataset reveal that ants are dominated by variation in the dark-pale color spec-
trum, that much of this variation is held within species, and that, overall, a suite of
popular ecogeographic hypotheses are unable to explain intra- and interspecific varia-
tion in ant color. This is in contrast to previous work at the assemblage level in ants
and other invertebrates demonstrating clear and strong links between variables such
as temperature and the average color of entire assemblages. Our work applies a novel
computational approach to the study of large-scale trait diversity. By doing so, we
reveal previously unknown levels of intraspecific variation. Similar approaches may
unlock a vast amount of data residing in museum and specimen databases and estab-
lish a digital platform for a data collection revolution in functional biogeography.
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Introduction

From feathers to frogs to fungi, the color of organisms varies. This variation can depend
on the interactions that organisms have with each other or with their environments.
Birds of paradise use plumage color to attract a mate, an example of sexual selection,
while poison arrow frogs advertise their toxicity with bright skin colors (Cuthill et al.
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2017). A range of different taxa use color to camouflage
themselves both actively (Hanlon 2007) and passively
(Marshall et al. 2015) within their environment. Color also
allows organisms to better exploit the abiotic conditions in
which they find themselves. For example, dark colors enable
fungi (Cordero et al. 2018), ants (Bishop et al. 2016), bird
eggs (Wisocki et al. 2020) and lizards (Clusella-Trullas et al.
2007) to increase their heating rates in cool environments.
These taxonomically and geographically widespread reports
suggest that color may influence the ecology and evolution of
a large fraction of biodiversity. Consequently, understanding
color variation, and its evolutionary and ecological causes,
will generate powerful insights into the past (Cuthill et al.
2017) and future of biodiversity (Bishop et al. 2019).

An emerging body of research recognizing the importance
of color describes geographic patterns in color variation.
Gloger’s rule (Delhey 2017a) states that more heavily pig-
mented (darker) organisms are more likely to occur in warmer
and more humid environments. This rule is focused on endo-
therms and finds support among various species and popula-
tions of mammals (Kamilar and Bradley 2011, Cerezer et al.
2020), birds (Burtt Jr and Ichida 2004, Roulin and Randin
2015) and even plants (Koski and Ashman 2015). While the
mechanisms underlying Gloger’s rule vary, in insects, a version
of the rule called the photoprotection hypothesis (PPH) has
been used to explain the presence of darker ants in high UV-B
environments. In this case, the increased melanization of the
ant cuticles is hypothesized to act as a sunscreen against tis-
sue-damaging UV-B radiation (Bishop et al. 2016, Law et al.
2020). On the other hand, the thermal melanism hypothesis
(TMH), sometimes referred to as Bogert’s rule (Bogert 1949),
is usually applied to ectotherms. The TMH states that organ-
isms should be darker in colder environments because dark
colors absorb more incoming solar radiation than pale colors,
allowing animals to heat up and achieve operative tempera-
tures more quickly (Clusella-Trullas et al. 2007). Evidence for
the TMH has been found in ants (Bishop et al. 2016), drag-
onflies (Zeuss et al. 2014), butterflies (Heidrich et al. 2018),
fungi (Cordero et al. 2018), birds eggs (Wisocki et al. 2020)
and a range of reptiles (Clusella-Trullas et al. 2007). Together,
these studies highlight how geographic variation can reveal
important ecological principles.

Despite this progress, however, there is a major data collec-
tion trade-off that limits the generality of our understanding of
the numerous roles that color plays in ecology and evolution.
Researchers can opt to collect either high-resolution intraspe-
cific information, or data across a broad taxonomic and geo-
graphic scope. For example, datasets capturing intraspecific
variation are often focused on single species (Romano et al.
2019) or small geographic regions (Marshall et al. 2015). By
contrast, datasets that explore variation across many species
within a given evolutionary radiation (Delhey et al. 2019,
Cerezer et al. 2020), or which cover large parts of the globe
(Zeuss et al. 2014, Bishop et al. 2016), usually fail to capture
intraspecific variability. This trade-off in data collection strat-
egy has long been necessary because researchers have limited
resources. Regardless, the trade-off means that we are largely
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blind to the intraspecific variability that lies beneath broad
geographic gradients of organismal color, and to the wider
biogeographic context that surrounds in-depth studies of sin-
gle species. In practice, it remains unclear whether patterns
in color variation at the assemblage-level (Zeuss et al. 2014,
Bishop et al. 2016) are matched by patterns in inter- and
intraspecific variation. If patterns in color variation are similar
across these different ecological levels, it would suggest that
common mechanisms control both the survival of individuals
and the structuring of entire assemblages (Gaston et al. 2008,
Delhey 2017b). If not, then our understanding of trait-based
ecology becomes more complicated.

Digitized specimen-level databases have the potential to
break the data collection trade-off described above by offer-
ing specimen-level, intraspecific data at both taxonomically
and geographically broad scales. The database AntWeb.org,
which contains ~750 000 specimens, ~47 000 of which are
represented by high-quality images that have been geolocated
and taxonomically identified, provides an unparalleled and
untapped opportunity to assess the global scale color varia-
tion of a particularly diverse family of insects. Ants (Order
Hymenoptera, Family Formicidae) are a species-rich and
eusocial group of insects found on all continents except
Antarctica and in a variety of environmental conditions. As
previously mentioned, emerging data suggest that the TMH
(darker where cold) and the PPH (darker with high UV-B)
operate in this group at the assemblage level (Bishop et al.
2016, Law et al. 2020). By using the data in AntWeb, we
will be able to test these hypotheses even further. For exam-
ple, ants living in different habitat strata (i.e. subterranean
versus canopy) are exposed to vastly different environmen-
tal conditions which will presumably influence the selective
forces operating on their color. For instance, we would expect
the strength of the TMH and PPH to be greatly reduced in
subterranean ants not directly exposed to sunlight. AntWeb
provides a unique opportunity to collect paired data on ant
specimen color and habitat strata preference, and to link
these data to existing ecogeographic hypotheses.

Here, we develop a set of automated methods to use com-
puter vision to extract color, caste and habitat strata infor-
mation from ~47 000 individual ant workers belonging to
~8000 species across the globe (Fig. 1). We combine these
data with a genus-level ant phylogeny and open-access cli-
matic datasets to ask two key questions relating to variation
in ant color. First, how does ant color vary? Popular eco-
geographic rules typically assume that the most important
axes of color variation are the dark-pale gradients produced
by melanin, but this has not been explicitly tested. Second,
does intra- and interspecific variation in ant color conform to
the predictions of various ecogeographic rules? Specifically,
we test whether the TMH and the PPH operate across the
globe within the ants. In addition, we test the melanism-
desiccation hypothesis (MDH), which posits that increased
melanization decreases the permeability of the insect cuticle,
preventing individuals from drying out in arid environments
(Kalmus 1941). We also test whether the length of time that
the specimens in AntWeb have been in storage drives their
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Figure 1. Above: Example images from AntWeb.org showing taxonomic, color, morphology and caste variation of the database. Below:
Schematic diagram of the automated image segmentation procedure including training. Segments and colors shown were automatically
extracted using the pipeline. Large squares show the mean RGB color of the segment pixels while grey squares show the mean HSV value

component.
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AntWeb.org

color patterns: we hypothesize that older specimens will fade
and discolor over time, which may explain color gradients
within the database.

Material and methods

AntWeb.org

The database AntWeb.org was developed by Brian L. Fisher
in 2002 and includes over 780 000 specimens, 47 000 of
which have associated images (Fig. 1). Specimens are contrib-
uted by 24 data providers based at museums and universities
across the globe. The University of Utah (234 121 specimen
records) and the California Academy of Sciences (231 106
specimen records) have contributed the greatest number of
specimen records. All ant genera and 83% of valid ant species
and subspecies are represented, although differences exist in
the number of specimens and images per taxon. On average,
69% of the species found in each biogeographic region are
imaged (Supporting information). Specimen records include
a variety of fields including identification, caste assignment,
collection date, imaging date (where applicable), collection
event coordinates and notes taken at the time of collection.
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Images were taken using a Leica DF425 camera using the
same image format settings under a Leica LED5000 HDI
Dome Illuminator at the California Academy of Sciences.
Images taken at other institutions used identical or similar
equipment and all followed a standard protocol for AntWeb.
org  (www.antweb.org/web/homepage/Imaging Manual
LAS38_v03.pdf). White balance was standardized using a
sheet of white paper before imaging. Gain, saturation and
gamma were adjusted from an standard set of values to best
match the image color to the visible color of each specimen
as assessed by eye. This should make imaged specimen col-
ors more in line with human perceived colors, but variation
in how different imaging personnel make these adjustments
could add noise at the individual level that contributes to
observed intraspecific variation (Fig. 3). Exposure, the
amount of light allowed to hit the specimen, is manually
adjusted to minimize the number of overexposed and under-
exposed pixels. This leads to more visible detail but priori-
tizes body details over more accurate color by adjusting all
the pixels in an image to be slightly darker or lighter. Ants
with sections much lighter or darker than their surround-
ings might have their overall color lightness slightly reduced
or increased, respectively, by this exposure adjustment. We
do not expect this effect to occur in a systematic or biased
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Figure 2. Distribution of hue (a), saturation (b) and value (c). Color bars under each histogram represent variation in each separate color
component while keeping the other two components constant at either a hue of 0.6 (red), maximum saturation or maximum value. Panel
(d) is a biplot of the PCA results summarizing global variation in ant specimen HSV. Points indicate individual specimens and are colored
from black to white to emphasize point density. Red lines illustrate the loadings of the original HSV variables on the principal component
dimensions. Dimension 1 is primarily associated with saturation (S) and value (V) variation, dimension 2 primarily with hue (H) variation.
Percentage values refer to the total HSV variation that is captured by each dimension. Only the first two dimensions are shown here.
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www.antweb.org/web/homepage/Imaging_Manual_LAS38_v03.pdf
www.antweb.org/web/homepage/Imaging_Manual_LAS38_v03.pdf
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Figure 3. AntWeb.org images from four well-sampled species showcasing intraspecific variation as a combination of real color difference and
random variation in imaging setup. Of the ~500 species containing ten or more specimens imaged, two species (left) were randomly selected
from the 80th percentile of color variation (showing high intraspecific variation) and two species (right) were randomly selected from the
20th percentile (showing low intraspecific variation). For each species, ten random worker images are shown in order of descending light-
ness from the top. Colored squares next to each image show the color that was automatically extracted and used in analysis.

way across the imaged species, but it would make darker ants
slightly lighter and lighter ants slightly darker, adding noise
contrary to dark-to-light axis signal and increasing the risk
of type-1I error. However, our analyses still detected a strong
dark-to-light axis, suggesting that the signal is visible through
this exposure-adjustment noise.

Habitat strata assignment

We analyzed the text strings of the specimen ‘collection-
Notes’ field to assign specimens to one of three habitat strata:
hypogaeic (subterranean), epigaeic (ground-living) or arbo-
real (above ground-living). Approximately half of AntWeb
specimens include ‘collectionNotes, which were taken by
collectors at the time of collection, but none contain strict
information on the habitat strata where they were collected.
We searched the collection notes text strings for the presence
of words and phrases indicative of habitat strata. For example,
we interpreted ‘soil core’ as indicative of hypogaeic, ‘ground
forager’ for epigacic and ‘above ground’ for arboreal habitats.
We also searched for the presence of words or phrases that
exclude other words: for example, we interpreted the pres-
ence of ‘tree’ in the absence of ‘fallen,” ‘dead’ or ‘rotten’ to
indicate arboreal habitat. We assigned a habitat stracum to
254 492 out of the 400 000 specimens containing the ‘col-
lectionNotes™ field (not all necessarily had images) using 32
different string conditions (Supporting information).

Color extraction

We developed a pipeline in Python and R to extract color
information from AntWeb specimen imagery. The pipeline
separates ants from their background, a process called seg-
mentation, then quantifies the color of the ant by averaging
its pixel RGB values (Fig. 1).

We first downloaded all ‘medium’ resolution specimen
images from AntWeb, which allowed for faster analysis than
the ‘high’ quality images while still maintaining color and
visible detail. Each specimen in AntWeb has anterior, ventral
side and dorsal side images. We quantified head color using
the anterior images, which provide a frontal view of the head
(Fig. 1 and 2). Only non-greyscale images were included,
excluding color-invalid images such as SEM micrographs.
For specimens with multiple anterior images we used the first
image taken.

For our segmentation component, which extracts ant heads
from the surrounding image (Fig. 1), we took an existing ver-
sion of a DeepLabV3 ResNet101 pre-trained on a subset of the
COCO Train2017 dataset and continued training it on our
ant images in a process commonly known as transfer learning
(Chen et al. 2017). Deep neural networks, most commonly
with the segmentation architectures U-Net or DeepLab, have
found increasing success for application on plant and insect
specimens (Minakshi et al. 2020, Toulkeridou et al. 2020,
Weaver et al. 2020). We trained the ant head segmenter using
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50 randomly selected human-created ant masks each. Ten
additional images were used in each test set, with half of these
random and half chosen specifically to span ant head mor-
phological diversity. Training used the ADAM optimizer and
a binary-cross entropy with logits loss function. The images
were resized to 344 X 344 pixels for segment training and
mask inference, then the resulting mask was upscaled back to
the initial image size. All model training and inference steps
were performed using the Python library PyTorch.

We averaged all pixels of each segment by their RGB (red,
green, blue) values and assigned this RGB value as the speci-
men head color. Finally, we used the rgb2hsv function in
the R statistical programming environment to transform the
RGB values of each specimen (described above) into HSV
(hue, saturation and value) format, so that we could use the
‘value’ channel in our analysis (below). Our training data and
all code for deep-learning segmentation and segment pixel
averaging are freely available though a GitHub link within
our Dryad repository.

We assessed the quality of our segmentation by randomly
selecting 1000 segments and having an observer tag them as
‘good,” ‘include background,” ‘head incomplete 75 or ‘head
incomplete 50.” Segments where greater than 10% of the area
constituted background, antennae or thorax were tagged as
‘include background,” a case where the mean color would be
lighter than it should be because light background is cap-
tured. Images where this was not the case but the segment
captured less than 75% or 50% of the ant’s total head area
were tagged as ‘head incomplete 75 and ‘head incomplete
50, respectively. In these cases, mean color would not be
derived from a full portion of the ant head, making it imper-
fect. All other segments were tagged as ‘good.” Of the 1000
segments examined in this way, only ~1.5% of them were
tagged as ‘bad background” and ~0.5% of them were tagged
as ‘bad head incomplete 50, representing a 2% rate of mod-
erate error. An additional 1.5% were tagged as ‘head incom-
plete 75, which was considered a minor error.

We validated our pixel-averaged color estimates against
those from a previously published method. Multiple stud-
ies on ants have quantified color via the human eye by scor-
ing specimen color manually against a set of color references
(Bishop et al. 2016, Law et al. 2020). We used the same set
of reference colors as in those studies. Eight observers (the
three authors plus five others) scored only the head images
of between 30 and 139 randomly chosen ant specimens. We
converted the manually scored colors into HSV color space.
This left us with a dataset of color estimates on the same scale
that had been captured by either our computer vision tech-
nique or by one of the eight human recorders. We used major
axis linear regression on the raw and ranked lightness (V in
HSV) data to understand how well the computer vision color
estimates matched the manual method results.

Environmental and specimen data

We sourced data on mean annual temperature, mean annual
precipitation, mean annual UV-B irradiance and specimen
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storage duration for each specimen in our database. Mean
annual temperature and mean annual precipitation were
extracted for each specimen using latitude and longitude
information from the WorldClim2 climatic layer (Fick and
Hijmans 2017). We extracted UV-B radiation from the g/UV
climatic layer (Beckmann et al. 2014). UV-B also correlates
strongly with temperature (Pearson’s r=0.64). This enabled
us to take the residuals of the regression between UV-B and
temperature as a measure of temperature-corrected ultravi-
olet radiation — high values indicate greater than expected
UV for a given temperature, low values indicate lower than
expected UV (Bishop et al. 2016). We calculated specimen
storage duration as the difference in days between collection
date and image upload date. In 1.4% of specimens the image
upload date was prior to the specimen collection date — a
typographical error. We assigned these specimens a storage
duration of 0.

Statistical analysis

Ant color variation

We used a principal component analysis (PCA) to under-
stand how the individual components (i.e. hue, saturation
and value) of ant color covaried across the dataset. We scaled
and centered the HSV data derived from our computer vision
pipeline (‘Color extraction,” above) before applying a PCA to
them using the princomp function in R. Hereafter, our analy-
ses focus on V (value) given its importance in ecogeographi-
cal hypotheses and refer to it as lightness.

We further analyzed the taxonomic and phylogenetic
structure of ant color variation in two ways. First, we used
a variance partitioning analysis to quantify the variation
in ant color with respect to taxonomic rank. To do this,
we constructed a linear mixed effects model using the /me
function in the nlme package in R (Pinheiro et al. 2017,
www.r-project.org). Lightness (i.e. V in HSV) was used as a
response variable, and no fixed effects were used. The random
effects were a nested hierarchy of subfamily, genus, species
and caste (male, queen or worker). We applied the varcomp
function from the package ape (Paradis and Schliep 2019)
to this model to extract the variance components associated
with each taxonomic rank. This approach follows that of
Messier et al. (2010).

Second, we used a genus-phylogeny (Nelsen et al. 2018)
to estimate the phylogenetic signal in lightness. We calcu-
lated the phylogenetic signal metrics Pagel’s A (Pagel 1999)
and Blomberg’s K (Blomberg et al. 2003) in two ways. First,
we calculated phylogenetic signal with genus-level averages
of value using the phylosig function of the phytools package
(Revell 2012). Second, we incorporated species and speci-
men color variation by using the intra_physig function of
the sensiPhy package (Paterno et al. 2018). This method
incorporates variation within clades of a phylogeny (in our
case, specimen-level variation within genera) by recalculat-
ing the phylogenetic signal metrics after drawing random
values 1000 times from the distributions of the genus-level
standard deviations.
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We also used ancestral character state reconstruction
(Revell 2013) to visualize how lightness varied across the ant
phylogeny. We first split lightness into quartiles to aid the
interpretation of this visualization, and then used the ‘con-
tMap’ function of the phytools package in R (Revell 2012)
with the default parameters to estimate the reconstruction.

Interspecific patterns

We used a multi-model inference framework to assess the
evidence for or against three major ecogeographic rules relat-
ing to ectotherm color. These were the thermal melanism
hypothesis (TMH, lighter colors where warm), the photo-
protection hypothesis (PPH, lighter colors where relatively
low UV-B) and the melanism-desiccation hypothesis (MDH,
lighter colors where wet). We constructed three linear mixed
models using the n/me package in R (Pinheiro et al. 2017).
Each model represented one of the hypotheses. While these
hypotheses are not strictly mutually exclusive (Wisocki et al.
2020), we opt to test them separately here for clarity. The
fixed effects structure of the models was of the form:

LightnessX x caste X strata + storageduration x caste X strata

where X was either mean annual temperature (TMH), the
residual UV-B irradiation (PPH) or mean annual precipita-
tion (MDH). We included specimen storage duration and its
interactions with caste and strata assignment in each model
as a moderating variable — we expected that storage dura-
tion might influence specimen lightness, but were primar-
ily interested in evaluating the relative effects of temperature,
UV-B and rainfall. We included an exponential correlation
structure into the models to account for potential spatial
autocorrelation between specimens. We chose an exponential
correlation structure because it had the lowest AIC compared
to other structures. We controlled for the effect of ant phy-
logeny by including a nested random effect of species nested
within genus within subfamily. We chose this approach
because our phylogenetic data is only available at the genus-
level, meaning that to model specimen-level data we would
need to assign specimens as polytomies within species poly-
tomies. We consider the taxonomic rank approach used here
a pragmatic solution given the resolution of the available
phylogenetic data. In the analysis, each datapoint was an ant
specimen (of any caste) that had associated geographic and
environmental data (n=15 207). We scaled and centered all
explanatory variables prior to analysis to make the final mod-
els easier to interpret (Schielzeth 2010). To evaluate the rela-
tive support and explanatory power for each hypothesis we
ranked the models according to AIC, calculated their R?  and
R? values (Nakagawa and Schielzeth 2013) and interpreted
their estimated effect sizes. We did not perform any further
model selection.

Intraspecific patterns
To investigate whether any of the three hypotheses explained
color variation for individual species, we chose widespread

species from the full dataset and applied models similar to
them as above. First, we used three criteria to select species
from the wider dataset. These species needed to 1) be repre-
sented by at least 10 worker individuals, 2) have specimens
that were separated from each other by a median distance of
at least 100 km and 3) have at least 30% of their environ-
mental data values be unique. These criteria ensured that we
tested widespread species that were not all sourced from a
limited number of WorldClim pixels. Our chosen thresholds
for these criteria are arbitrary, but they appear to avoid select-
ing species which were only sampled from a limited number
of sites but with high worker numbers in our preliminary
testing. We used only worker specimens in this analysis.

The selection criteria left us with 173 widespread species
(average number of specimens per species=14.39, mini-
mum = 10, maximum = 60). For each of these species we used
generalized least squares models from the nlme package in R
(Pinheiro et al. 2017) to estimate how color lightness varied
with respect to temperature (TMH), residual UV-B (PPH)
and precipitation (MDH). For each species, we constructed
a model with one of these environmental variables and speci-
men storage duration as the explanatory variable. Specimen
lightness was used as the response variable. Each datapoint
was a single worker ant specimen. As in the interspecific
analysis, we included an exponential correlation structure in
the models to account for potential spatial autocorrelation
between specimens. For each modelled species, we extracted
the estimated effect (= 95% Cls) of each explanatory variable
and visualized these in a forest plot. We scaled and centered
all explanatory variables prior to analysis (Schielzeth 2010).

Results

We extracted color data for 44 340 ant specimens. Of these,
21 001 had associated geographic coordinates and 9151 had
collection information from which we could extract habitat
strata information. When comparing the computer vision
color estimation to the manual color estimation method
(Bishop et al. 2016, Law et al. 2020), the manual method
tended to overestimate extreme lightness values relative to the
computer vision method (Supporting information). When
comparing the lightness ranking of specimens between the
two methods, however, we uncovered a 1:1 relationship for
all observers (intercepts of 0 and slopes of 1, R? values of
0.57-0.76, Supporting information). In other words, the
computer vision method produces rankings of lightness simi-
lar to the manual method. Consequently, we expect that this
method is not systematically biased compared to previously

published methods.

Ant color variation

Across all ant specimens, the average hue was 0.60 (+ 0.14
SD, red on our rescaled hue variable), the average saturation
was 0.25 (+ 0.16 SD) and the average value was 0.44 (+ 0.12
SD) (Fig. 2a—).

Page 7 of 14

A ‘0 “L8S00091

:sdny woxy papeoy;

:sdny) suonIpuo) pue swd I a1 25 [€20z/10/4¢] uo Areaqry auiju Aopip “YVOSYOVAVIN - SSHOOY DINEH £q 6£290°3099/[ [ 11°01/10p/wi0d" Koim A

10)/W09" K[ Im A

p

AsULdIT suowo)) aAneal) a[qesrjdde oy £q pauraA0s ale sadIIE Y Lasn Jo sajnl 1of A1eiqi auljuQ A3JIA\ Uo (



The PCA on the HSV data produced three orthogonal
dimensions of color variation. They captured 66, 21 and
12% of the total ant color variation, respectively. The first
dimension (Fig. 2d) has high positive loadings for saturation
(0.61) and value (0.60), and a slightly weaker positive load-
ing for hue (0.52). Consequently, this first dimension largely
describes variation from dark, weakly saturated ants to light,
highly saturated ants. The second dimension almost exclu-
sively captures variation in hue, from green-blue to orange-
yellow. It has a high positive loading for hue (0.85) and weak
negative loadings for saturation (—0.32) and value (—0.40).
The third dimension describes the covariation of saturation
and value. Saturation is strongly negatively loaded on this
dimension (—0.72) while value is strongly positively loaded
(0.69). This pattern is opposite to that captured by the first
dimension, and describes variation from highly saturated but
dark ants, to weakly saturated pale ants. Hue has a loading of
0 on this dimension.

The variance partitioning analysis revealed that 55% of
the variation in specimen lightness (value) was held at intra-
specific levels. 3.9% of the total variation was held between
subfamilies, 22.06% was held between different genera
within the same subfamily, 18.79% was held between dif-
ferent species within the same genus, 16% was held between
different castes of the same species and 39% was held within
the same caste of the same species. The variability of light-
ness within workers of the same species itself, however, varied
across species (Fig. 3). The coefficient of variation for species
with 10 or more specimens ranged from > 1% (little intra-
specific variation) to greater than 140% (high intraspecific
variation). Most species (75%) had a coefficient of variation
in lightness > 30%. We found similar results, with high levels
of intraspecific variation, in hue and saturation (Supporting
information).

The phylogenetic signal analyses matched the vari-
ance partitioning results. Using only genus-level averages,
and without including variation below the genus level, we
detected a strong phylogenetic signal (A =0.56, p < 0.01;
K=0.74, p < 0.01). When we included within-genus
variation, however, the estimate of Pagel's A was smaller
but no longer significant (A=0.15, p=0.2), while the
estimate of Blomberg’s K was similar and still statistically
significant (K=0.62, p=0.02). This analysis reflects the
~74% of lightness variation held below the genus level.
Consequently, these results highlight that at the subfamily
and genus level there is a strong phylogenetic signal in light-
ness in ants — closely related clades tend to be similar in
terms of lightness (Fig. 4). This signal is eroded, however,
when the large amount of species- and specimen-level vari-
ability is included.

Clear differences in lightness can be seen across the ant
phylogeny: subfamily Ponerinae is largely dark, Myrmicinae
is variable but with many pale genera, and the early branch-
ing subfamilies Martialinae, Proceratiinae, Apomyrminae and
Leptanillinae tend to be pale. Further, the three largest sub-
families (Myrmicinae, Formicinae and Dolichoderinae) have
groups of genera with either dark or pale coloration (Fig. 4).
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Interspecific patterns

The model representing the TMH had the strongest support
(Table 1). This model had the lowest AIC value, the larg-
est R?, and the largest effect size for its main effect (in this
case, mean annual temperature). Further, this model revealed
that ant specimens were generally paler in warmer condi-
tions, matching the predictions of the TMH. The relation-
ship between temperature and lightness was stronger for male
ants than for queens and workers (Fig. 5a—¢, p < 0.01, full
model outputs in appendix) but did not appear to differ with
respect to habitat strata (p > 0.05). This model also predicted
a negative relationship between lightness and specimen stor-
age duration (p < 0.01) such that specimens that had been
in storage longer tended to have darker cuticles. This rela-
tionship was weaker for workers however than for males and
queens (p < 0.01).

The second-best supported model was the one represent-
ing the PPH (Table 1). The lightness of queens and males
displayed no relationship with residual UV-B, but workers
became darker with increased UV-B (Fig. 5d-f, p=0.047).
Similar specimen age effects were recovered as in the TMH
model.

The model representing the MDH was the least well sup-
ported. This model had the largest AIC, the smallest R? and
the smallest main effect size (Table 1). The model found no
significant association between lightness and mean annual
rainfall (p > 0.05). There were also no significant associations
with the interacting effects of caste and strata (Fig. 5g-i).
Consequently, the predicted effects of the MDH were not
met. Again, the predictions for storage duration were similar
to that for the TMH model.

Each model had an R?  0f 2-3% and an R?_ of 59% (Table
1). Consequently, only a tiny fraction of variation in speci-
men lightness is explained by each of the models. The major-
ity of variation is explained by the random effects accounting
for ant phylogeny.

Intraspecific patterns

Opverall, intraspecific variation in ant color did not clearly
support any of the four hypotheses represented by the sta-
tistical models (Fig. 6). This conclusion comes from two
lines of evidence from within the analysis. First, for each
of the hypotheses most of the 173 species tested displayed
no significant relationship (TMH=13.3% of species were
significant, PPH=12.7%, MDH =12.1%). Second, even
where there were significant associations between light-
ness and the explanatory variables, the likelihood of these
matching the predicted direction of the three target hypoth-
eses effects was equivocal. For instance, the TMH predicts
a positive relationship between lightness and temperature
but only 56% of the significant species matched this (i.e.
black points above the dashed line in Fig. 6). Similarly, the
PPH predicts a negative relationship (59% of species) and
the MDH predicts a negative relationship (42% of species).
Consequently, our data reveal highly idiosyncratic and
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Dorylinae

- Formicinae

Figure 4. Genus-level phylogeny of the ants adapted from Nelsen et al. (2018). Dark colors (purple) represent clades which have dark col-
oration. Light colors (yellow) represent clades that have pale coloration. Subfamilies are labeled in full or abbreviated as follows:
Ag. =Agroecomyrmecinae, Am.=Amblyoponinae, An. = Aneuretinae, Ap. = Apomyrminae, Ec. = Ectatomminae, He. = Heteroponerinae,
Le.= Leptanillinae, Ma. =Martialinae, My. = Myrmeciinae, Pa.= Paraponerinae, Pr. = Proceratiinae, Ps. = Pseudomyrmecinae.

species-specific associations between color lightness and
the three candidate hypotheses. There is no general support
at the intraspecific level for any of the hypotheses tested.
Finally, these intraspecific effects did not appear to vary
systematically with a suite of moderator variables including
sample size, the variability of lightness or the geographic or
environmental distance captured by each species within our
dataset (Supporting information).

Discussion

Using a global dataset of specimen-level color, we show
that ants mainly vary from dark to pale, that the majority
of color variation is held at the intraspecific level and that
three popular ecogeographic hypotheses cannot explain the
majority of interspecific or intraspecific variation in ant color.
This finding contrasts with existing analyses on ants at the

Table 1. Summary of linear mixed model outputs for the interspecific analysis. Models describe the relationship between color lightness and
one of the focal explanatory variables while controlling for specimen storage duration. Models are ranked by AIC. TMH =thermal-melanism
hypothesis, PPH=photoprotection hypothesis, MDH =melanism-desiccation hypothesis. LL=log likelihood. R? =marginal R? (variation
explained by fixed effects), R? =conditional R* (variation explained by fixed +random effects), estimated effect=the estimated parameter of
the main effect in the model (temperature, residual UV-B or rainfall) on the same standardized scale.

Hypothesis AIC AAIC

R? R? Estimated effect

TMH —28 889.8 0 14 467.96 0.03 0.59 0.02 + 0.008
PPH —28 854.5 35.3 14 450.31 0.03 0.59 0.0038 + 0.0072
MDH —28 842 47.85 14 444.03 0.02 0.59 0.00032 + 0.0073
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Figure 5. Interspecific analysis. Plots showing the predicted effects (lines) of temperature (top row, a—c), UV-B (middle row, d—f) and rainfall
(bottom row, g-i) on specimen lightness. Green (paler) lines represent predictions for canopy specimens and purple (darker) lines represent
predictions for soil specimens. Each panel shows predictions for either males (a, d, g), queens (b, e, h) or workers (c, f, i). Greyscale bar on
y-axes represents actual changes in specimen lightness. Predictions related to specimen storage duration are presented in the appendix.

assemblage-level. We anticipate that our computer vision-
based approach (Fig. 1) will have major consequences for the
way in which functional biogeographers access and collate
large-scale trait databases moving forward.

Our data provide the first quantitative evidence for the
dominance of the dark-pale color spectrum among the ants.
The major ecogeographic hypotheses relating to organismal
color implicitly assume that variation between dark and pale
colors is most important (Clusella-Trullas et al. 2007, Delhey
2017a). Our PCA analysis shows that this is indeed the case
in the ants (Fig. 2): 66% of all HSV variation was associ-
ated with changes from dark (low S and V) to pale (high
S and V). Changes in hue (i.e. blue, red, green, etc.) were
largely associated with the second principal component axis,
which accounted for only 21% of the total variation (Fig. 2).
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Consequently, our data validate previous studies on ant color
which have focused on color lightness at the expense of vari-
ation in hue (Bishop et al. 2016, Law et al. 2020). Given
the large number of species we sampled, our results suggest
that the dominance of the pale-dark spectrum may also exist
in other holometabolous insect groups (Zeuss et al. 2014,
Stelbrink et al. 2019). Given the available data, similar princi-
pal component analyses could be run in these groups to con-
firm this pattern. The real strength of our finding, however,
is that it comes from the largest possible sample of ant color:
our database contained color data from 44 340 individual
specimens from across the globe, suggesting that the domi-
nance of the dark-pale spectrum is a real biological pattern.
Further, variation in lightness (i.e. V in HSV) is taxonom-
ically and phylogenetically structured in interesting ways.

A ‘0 “L8S00091

:sdny woxy papeoy;

:sdny) suonipuo) pue s I a1 225 [€20z/10/4¢] uo Areaqry autjuQ Aaiim “YVISYOVAVIN - SSHOOY DINEH £q 6£290°3099/1 [ 11°01/10p/wi0d" Ko[imAIeiq]

110)/W09° A3[ 1M KIRIQI[AUI]!

p

ASULII suowo)) dAneal) a[qesrjdde oy £q pauIdA0S ale sad1IE Y Lasn Jo san Jof KIeIql duljuQ) K3IA\ UO (Ssuony



Effect

)

L
.
3
(S

°
o‘ d *
_1_
_2—
| | |
Temperature uv-B Rainfall

Figure 6. Plot showing the estimated effect (y-axis) of each of the
candidate hypotheses (x-axis) on intraspecific color lightness. Each
point represents the estimated effect for a single species and a given
species (n=173) is represented by each of the three effects (total
points=172 X 3=516 datapoints in the plot). Grey points repre-
sent non-significant effects (where the 95% confidence intervals of
the effect cross zero) and black points represent significant effects.
Plots with Cls displayed are presented in the Supporting informa-
tion. Significant effects are approximately evenly distributed
between positive and negative effects. Theory predicts a positive
effect for temperature, and a negative effect for UV-B and rainfall.
Dashed red line indicates an effect of zero.

Our data show that lightness variation was split almost evenly
between interspecific levels (between subfamilies, between
genera and between species: 3.9+22+18.8=44.7%) and
intraspecific levels (between castes and within castes of a
species: 16+39.2=55.2%). This intraspecific fraction had
a large influence on our phylogenetic signal analyses. When
averaging away specimen-level variation and analyzing genus-
level variation, we found a significant phylogenetic signal.
For example, the ponerine clade tends to be dark, while the
myrmecines are primarily light but have repeatedly evolved
darkly colored genera (Fig. 4). Once the between- and
within-species variation has been accounted for, however, this
phylogenetic signal becomes insignificant — emphasizing that
the full spectrum of lightness variation can be found almost
anywhere on the ant phylogeny when looking at individual
species or specimens. Intraspecific variation in ant and insect
color is understudied (but see Hegna et al. 2013), but previ-
ous work on ant morphological traits has found that intraspe-
cific variability among workers of the same caste is typically
low at around 1-4% depending on the trait (Gaudard et al.
2019). Consequently, the data we present here suggest that
color lightness is more variable in ants (i.e. 39% of total
lightness variability is found within castes) than other aspects
of their morphology. Therefore, researchers studying color
across large taxonomic or geographic scales should attempt
to account for intraspecific variation in their analyses.

The large intraspecific variation in ant color that we report
also raises the question of its cause. Here, we tested three pop-
ular ecogeographic hypotheses at the intraspecific and inter-
specific level. None of them provided general explanations for
intraspecific variation in ant color. In fact, the majority of the
widespread ant species that we analyzed displayed no evidence
of significant, systematic trends in their lightness variation
(Fig. 6). While a minority of species displayed significant asso-
ciations between lightness and at least one of the hypothesized
drivers, the direction of these effects was equally likely to be
positive or negative (Fig. 5). For example, our data show that
species are equally likely to match to the thermal melanism
hypothesis (lighter where warmer) as they are to display oppo-
site patterns (lighter where colder). Consequently, our large-
scale, comparative data are unable to explain why ant workers
of the same species vary in their color. We note that individ-
ual reports exist whereby intraspecific variation in ant color
appears to match one or more of these major ecogeographi-
cal hypotheses (Branstetter 2013). We do not cast doubt on
these examples. Instead, we highlight the bigger picture within
which these cases fit: different species are likely responding to
completely different selective pressures on their color lightness,
and these pressures may or may not be linked to the dominant
ecogeographical hypotheses outlined in the literature to date.

At the interspecific-level, the model representing the
thermal-melanism hypothesis offered the best fic (Table 1,
Fig. 5a—c). This is consistent with previous research on ant
thermal ecology. Temperature has been shown to influence
ant activity (Jayatilaka et al. 2011), the diversity and distri-
bution of species (Sanders et al. 2007, Warren and Chick
2013) and color across thermal gradients at the assemblage
level (Bishop et al. 2016). In our dataset, ants are paler at
higher temperatures, as predicted by the thermal-melanism
hypothesis. We anticipated finding a stronger thermal mela-
nism effect for canopy ants compared to ground-living ants,
but this was not the case. The thermal-melanism hypothesis
is centered on the effect of incoming solar radiation landing
on ectotherm bodies (Clusella-Trullas et al. 2007). As ants
living within the soil column itself are largely shielded from
solar radiation, we would not expect the thermal-melanism
hypothesis to affect them. Ground- and canopy-living ants,
however, are much more likely to be exposed to the sun’s rays,
and to conform to the thermal-melanism hypothesis. Yet our
data do not match this expectation, echoing the results of
Heidrich et al. (2018). Heidrich et al. (2018) found that
both diurnal and nocturnal moths conformed to the expected
geographic patterns of the thermal-melanism hypothesis.
Heidrich et al. (2018) propose that this may be because mel-
anization is correlated with several other morphological and
developmental traits. In particular, increased melanization
has been linked to increased development time (Talloen et al.
2004). In cold environments, ectotherms typically develop at
a slower rate than in warm environments (Sibly and Atkinson
1994). Consequently, the darker colors of the subterranean
ants we find in cool environments may be caused by the
slower rate of development that occurs in these places, rather
than a thermoregulatory mechanism per se.
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Our analysis also suggests that temperature gener-
ally exhibits a stronger selective pressure on ant coloration
than UV-B. While we found a significant negative relation-
ship between worker lightness and UV-B (the photopro-
tection hypothesis or Gloger’s rule), this model was clearly
ranked second in comparison to the TMH and had much
smaller effect sizes (Table 1). There are exceptions, however.
Approximately half of the species tested at the intraspecific
level had significant negative associations between lightness
and UV-B — highlighting that species-specific ecology and life
history has a major role in which ecogeographic rules may be
‘obeyed’. Further, in local environments where temperature
is relatively homogenous but where UV-B may vary strongly
the PPH does seem to constrain color variation. Law et al
(2020) found this effect across vertical gradients in tropical
rainforest, albeit at the assemblage level.

A more important point to note when interpreting our
models (Table 1), however, is that they explain only a small
fraction of the total variability in our dataset. For example, in
the best model, the TMH, the fixed effects explain only ~3%
of the total variability in the dataset. The fixed effects and
the random effects of taxonomic rank, however, explain 59%
of the variability. Consequently, while we observed a clear
signal of the TMH in our dataset (Table 1), the ability of this
hypothesis to explain variation in ant color on its own is low.
Much variation is locked up in the taxonomic effects of sub-
family, genus and species. This contrasts with the relatively
high R? values obtained by previous studies at the assemblage-
level. Bishop et al. (2016) found evidence for the TMH and
the PPH, obtaining fixed effect R% of ~50%. We hypothesize
that this effect of different data scales may be general. The
cuticle color of individual ant workers and species is likely
subject to a range of different selection pressures and develop-
mental and evolutionary constraints. Further, different spe-
cies may well be thermoregulating, or responding to a variety
of environmental pressures, without relying on cuticle color
(Shi et al. 2015). This difference between species/individual
and assemblage level analyses has also been found in birds,
where the effect of various ecogeographic rules nearly always
appears stronger when the data are aggregated at the assem-
blage level (Delhey 2017b). Birds also appear to display this
pattern for body size, whereby entire bird assemblages appear
to follow Bergmann’s rule (larger where colder) (Olson et al.
2009) in contrast to individual species (Riemer et al. 2018).

Our findings demonstrate the value of a computer vision-
aided approach to the study of trait biodiversity. However,
there may be some limitations to our current implementa-
tion. For example, differently colored setae, cuticle reflective-
ness, the quality of the image segmentation and oversaturated
photographs may all contribute to noise within our dataset.
We do not expect these factors to be differentially expressed
between environments, castes or habitat strata to the point
where they would affect our modelling results, however.
Regardless, our approach using image analysis, online data-
bases and text mining techniques could be applied to other
taxonomic groups with large and well-curated databases.
Image segmentation techniques are steadily improving and
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adapting cutting edge algorithms will allow us to obtain
increasingly accurate and high-resolution data from specimen
images. This will include information not just about color,
but a wide gamut of morphological data. This will broaden
the possible set of biogeographical questions that we can
answer (Violle et al. 2014). Image databases for a variety of
taxa grow larger every day — LepNet already contains 255 000
imaged butterflies (Seltmann et al. 2017). Integrating intra-
specific detail with biogeographical coverage will finally be
attainable in any taxon with a large and well-curated image
database, helping us to understand the evolution and ecology
of traits across the globe.
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