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Size-complexity relationships of ant (Hymenoptera: Formicidae) assemblages
across an invaded region: a conceptual framework for sociometric trait analysis of
eusocial insect invasions

Leo OHYAMA, David G. JENKINS, Nikita PATEL, Matthew P. NELSEN, Andrea Lucky & Joshua R. KING

Abstract

The size-complexity relationship is characterized by the positive correlation between larger organismal size and increasing
internal division of labor. This relationship is a key facet of life-history research and often investigated within individual,
free-living organisms. However, it is also applicable to animal societies, where size can be measured as group or colony
size, and internal complexity can reflect differentiation among group or colony members. Size-complexity in social in-
sect societies is under-explored as a factor potentially impacting ecological outcomes that span larger spatio-temporal
scales than individual colonies or populations. Here, we explore the potential impact that social complexity may have
on an increasingly common ecological process — biological invasion by social insects, specifically ants. We posit that
increasing social complexity may broadly contribute to the success of non-native ant species and thus be a useful way
to better understand outcomes across invaded regions. Specifically, we asked whether non-native ants have different
size-complexity relationships than native species in assemblages across the Southeastern United States. We analyze
how colony size relates to a key axis of social complexity: queen-worker dimorphism. Queen-worker dimorphism is an
important indicator of the degree of division of labor within colonies. Our results show that non-native ants increase in
complexity as colony size increases at a greater rate than that of native ants. A consequence of this, when viewed at the
scale of an increasingly invaded assemblage, is that the relationship between size and complexity increases the positive
slope of the relationship. This shift, driven by the apparently greater size-complexity of non-native species, therefore,
suggests that greater size-complexity is generally a trait of successfully established non-native species in this region
and may broadly be contributing to the success of many common invasive ant species.
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Introduction

Large body size can be both a driving force and a product of
increasing complexity in multicellular organisms (BELL &
MOOERS 1997, BOURKE 1999, ANDERSON & MCSHEA 2001,
KAPPLER 2019). This size-complexity relationship is also
applicable to societies (multiple bodies), especially within
eusocial insects (ANDERSON & McSHEA 2001), since both
an individual body and a society shift towards improved
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efficiency with increasing size (BONNER 2004). This can
be observed in eusocial insects as individuals within a
colony perform different roles in colony maintenance and
reproduction (HOLLDOBLER & WILsON 2009). In eusocial
insects, size can be quantified by colony size (number of
individuals), and complexity can be assessed through the
degree of division of labor (BOURKE 1999, KAPPLER 2019).
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Overall, the relationship between colony size and division
of labor for an assemblage of eusocial insects (e.g., ants)
is an important distillation of species’ natural and life
histories. These eusocial-insect-specific traits may also
inform how they affect ecological outcomes (TSCHINKEL
1991, 2011, King 2010).

We focus here on putting forward a conceptual and an-
alytical framework for understanding patterns of eusocial
insect size-complexity traits in the context of successful
biological invasion. Here and throughout, we use the term
“assemblage” to refer to the collection of ant species that
occur (and have the potential to interact) within a given
spatial unit or grain. Obviously, this scale is human-de-
fined and the spatial units we impose may be above or
below the spatial scales at which species interact but
nevertheless reflects realistic groupings of co-occurring
species relative to important features of the environment
(for example, a climatic zone, entire ecosystems, foraging
and dispersal distances, etc.). We consider the assemblage
as an important scale at which to assess size-complexity
relationships as assemblages represent aggregates of indi-
vidual species constrained by a wide variety of ecological
interactions. Thus, size-complexity relationships viewed
across assemblages shed light on how species compositions
lead to emergent patterns related to resource acquisition
and efficiency across complex landscapes.

The role of size-complexity remains largely unexplored
in eusocial insect invasions, despite the near ubiquity of
multi-species invasions worldwide (HoLway & al. 2002).
Determining whether size-complexity patterns are reliably
correlated with successful invaders or cohorts of invaders
may provide better understanding as to why some non-na-
tive species succeed while others do not. Furthermore,
exploring these trait patterns across larger scales and
entire, invaded assemblages permits establishment of
a conceptual framework for testing specific hypotheses
about why the size-complexity traits of successful invaders
may differ from those of native species.

For example, the addition of non-native species may
change size-complexity relationships in an assemblage
both by altering the species composition in ecological
communities and / or because they themselves differ
substantially in colony size, worker size, and behaviors.
Such an outcome could impact ecosystem services like
seed dispersal or predation or protection of plant-suck-
ing insects that result from the traits of native species
that are replaced (NEss 2003, DEVENISH & al. 2019). The
consequences of such changes may however be difficult to
predict without a more complete understanding of current
patterns and a hypothesis-testing framework to ultimately
understand cause and effect for successful invasions.

For social insects, body size can be quantified as
the number of individuals or total biomass of a colony
(HOLLDOBLER & WILSON 2009). The partitioning of that
biomass (many small workers, fewer larger workers) as
well as total colony biomass are components of different
adaptive “strategies” seen across eusocial insect species.
Likewise, queen size, queen number, and the difference in
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size between workers and queens also may reflect different
“strategies” under selection across eusocial insects. OSTER
& WILsoON (1978) viewed these conceptually as “economic
strategies”, which, while somewhat simplistic, do provide
an appropriate basis motivating further exploration of
the central concept of size-complexity trait patterns as-
sociated with different ecological scenarios, for example.
These relationships and the possibility that these represent
adaptive strategies under specific environmental condi-
tions have generally not been tested extensively (OHYAMA
& al. 2023).

Here, we adopt their conceptual view of worker strat-
egies and integrate queen size as an expansion of the
“economies of size” that can and should be considered
when trying to understand how size complexity ultimately
fits into an overall ecological “strategy” that is adaptive for
different environmental conditions for eusocial insects.
OSTER & WILSON’s (1978) hypothesis of the fundamental
trade-off where smaller worker size is correlated with the
potential for rapid colony growth can thus be expanded
in our view to consider that larger queen size (relative to
worker size) is an extension of this strategy whereby larger
queens can quickly produce many more small workers
(than a queen similar in size to workers). Generalized,
the broad hypothesis is that more-smaller-workers-from-
a-larger-more-fecund-queen “strategy” is adaptive for
exploiting early successional and ecologically “unstable”
conditions where rapid colony growth is possible and
resources and space need to be exploited rapidly (open
niche space). For many successful invasive species, this
strategy may indeed be adaptive to modern landscapes
that are highly modified by human activities. In con-
trast, native species with slowly increasing colony size,
smaller worker numbers, larger worker size, and smaller
queens and lower total lifetime reproductive output are
“strategies” indicative of an adaptive strategy for a more
stable environment and increased competitive conditions
(crowded niche space).

Viewed solely through the lens of economies of scale
(OSTER & WILSON 1978), these strategies represent dif-
ferent points along a conceptual body size “strategy spec-
trum” specific to eusocial insects where queen fecundity,
worker and queen body size, and colony size (and other
specific traits such as worker morphology) are key traits
under selective pressure. As we do not yet have data linking
genomic or genetic underpinnings for these strategies, we
adopt and expand OSTER & WILSON’s (1978) general ap-
proach, focusing on both worker and queen traits to better
capture the variety of strategies that social insect colonies
have available and to determine if there is an “invasive
syndrome” of traits. Combinations of different traits are,
of course, entirely possible, and many species may be
plastic in their ability to “exhibit” trait combinations over
the life of a colony.

The primary limitation of this approach is that it as-
sumes that worker size, colony size, and queen size are
all traits that are adaptive for different ecological condi-
tions and, more specifically, that colonies with (relative to
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Fig. 1: Graphical representation of alternative hypotheses of how the proportion of non-native species within an assemblage
might impact the native size-complexity relationship. These effects include increasing the slope and / or intercept (A), introducing
non-linearity (B), no slope changes and no intercept changes (C), and decreasing the slope and / or intercept (D).

workers) larger queens and more, smaller workers benefit
from 1) more productive queens and 2) greater energetic
“efficiency” in reaching larger colony size. In the absence of
other measures, such as egg laying rates, worker longevity,
and worker turnover rates (births to deaths), for which we
do not have these data for the vast majority of species, we
focus instead on the correlated physical traits. For exam-
ple, we can use queen body size where larger queens are
often more fecund. We also acknowledge that there are
other factors that matter, like larval counts, which unfor-
tunately simply cannot currently be measured or estimated
for entire assemblages (TSCHINKEL 1988).

Social complexity has typically been quantified through
the differences among workers (behavioral or morpholog-
ical) and in queen-to-worker body size or queen-worker
dimorphism (QWD) (OHYaMA & al. 2023 and references
therein). Here, we focus on QWD, a putative measure
of reproductive division of labor, that also is inclusive
of ecologically relevant worker traits, such as body size,
reflecting a broader measure of trait complexity found
within entire colonies (and therefore is not solely repre-
sentative of reproductive division of labor). It is thus a
physical trait that serves as a proxy for social complexity
and differs from other measures in that it is measured
on a continuous rather than discrete scale (e.g., presence
or absence of worker polymorphism, number of castes).
Ants with higher QWD often exhibit a larger repertoire
of morphological specializations that facilitate general
ecological success (BOURKE 1999, ANDERSON & MCSHEA
2001, GADAU & FEWELL 2009).

We focused on the ant assemblages of the Southeastern
United States for the critical advantages there for assess-
ing impacts of non-native species on the size-complexity
relationship. This region is home to a diverse native ant
fauna as well as a huge variety of established non-na-
tive species that have been well-studied and sampled
in the context of their native counterparts (DEYRUP &
al. 2000, KiNG & PoRTER 2007, DEYRUP 2016, OHYAMA
& al. 2020, BOOHER & al. 2023). Trait data, such as col-
ony size and the diversity and distribution of native and
non-native species, are also known for this region, per-
haps better than for any other ant fauna in the world
(DEYRUP & al. 2000, KiNG & al. 2013, DEYRUP 2016,
OHYAMA 2022).

We present possible outcomes as four a priori predic-
tions for size-complexity relationships due to the impacts
of increasing proportions of non-native species in assem-
blages.

(1) The slope when considering both native and
non-native species (rate at which size increases per unit
of social complexity) will increase (Fig.1A) relative to
the slope calculated without non-native species. Because
the intercept (average colony size per unit social com-
plexity) is independent of the slope, the intercept may
increase, decrease, or stay the same regardless of slope
changes.

(2) The size-complexity relationship breaks down in
linearity when both native and non-native species are
included relative to just native species being included.
This could be due to non-native species introducing strong
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variation due to larger than average colony sizes or greater
social complexity. Evidence of this would reflect a de-
creasing coefficient of determination (R2) while slope and
intercept changes can vary widely (Fig. 1B).

(3) There is no detectable shift in slope, intercept, or
linearity between native-only species and the inclusion of
both native and non-native species. (Fig. 1C).

(4) Non-native species may have relatively smaller
colony sizes but greater levels of social complexity than
native species, leading to lower size-complexity relation-
ships (Fig. 1D) than in native species.

In sum, in ant assemblages, we expect that the
size-complexity relationship correlates with the scaling
of colony size across social complexity and follows a posi-
tive linear relationship (BOURKE 1999, FERGUSON-Gow &
al. 2014, OnyaMmA & al. 2023). By evaluating differences in
slope, intercept, and R2, the effects of non-native species
on this fundamental relationship can be quantified and
compared with native species relationships. While we
expect all ants to show a positive relationship between
size and social complexity within an assemblage, we hy-
pothesize that assemblages with non-native species are
expected to exhibit higher levels of complexity and / or
size than native species due the potential relationship
between social complexity and invasion success. Specific
factors that are likely contributors to this include polygyny
(multiple queens per nest), supercoloniality, generalist
diets, and polymorphism (HoLway & al. 2002, KING &
TSCcHINKEL 2008, FOURNIER & al. 2019, HELANTERA 2022).
OnyaMa & al. (2023) previously provided support for this
approach, and we expand their analysis to incorporate
more specific testing of these relationships in an invaded
region.

Material and methods

Analytical framework

The analysis pipeline consisted of first gathering spa-
tial, phylogenetic, and trait data from various sources and
creating two datasets that would be analyzed separately.
Of these two datasets, one would include only native spe-
cies while the other included both non-native and native
species. Because the study focused on assemblages, the
datasets were binned into spatial grains of ~ 1770km?2, the
spatial grain at which beta diversity peaks for this region
(OnYAMA & al. 2024). The general objective of the pipeline
was to fit regression models of QWD as a function of colony
size per assemblage and extract model metrics (explained
in the Introduction). The difference in the model metrics
between the two datasets would thus represent changes
detected in the size-complexity relationship given the
presence of non-native species. These differences across
assemblages would then be modeled as a function of the
non-native ant percentage. This conceptual framework was
chosen as it is quantitatively justified (OHYAMA & al. 2024)
and can be repeated across other regions for standardized
comparisons. All statistical analyses in this study used an
alpha level of 0.05.
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Quantifying social complexity

Social complexity can be quantified by multiple metrics
(ANDERSON & MCSHEA 2001); here, QWD, the morpho-
logical difference between queens and workers, is used
because it most directly represents the reproductive /
non-reproductive division of labor in a colony (FERGU-
SON-Gow & al. 2014).

Datasets

Trait data: Species lists, including both native and
non-native species, for the US states of Alabama, Georgia,
and Florida were sourced from Antweb (ANTWEB 2026)
and the literature (IPSER & al. 2004, GRATIASHVILI & BAR-
JADZE 2008, MACGOWN & al. 2021, OHYAMA & al. 2023).
These states were chosen because they represent a good
balance of geographical and ecological trait data coverage
for their species lists. Colony size data for species were col-
lected from the literature, building upon an initial dataset
aggregated by OHvaMA & al. (2023) which pulled primarily
from several sources (KING & PORTER 2007, KinG 2010,
BURCHILL & MOREAU 2016, DEYRUP 2016). Because of the
difficulty in collecting colony size estimates, the variance
of these estimates does not benefit from extensive replica-
tion and is an important limitation. There are exceptions
to this (e.g., the red imported fire ant, S. invicta). If colony
size estimates were not available from the author’s work
or established in the literature, they were then approxi-
mated based on average colony sizes for the genus. Queen
and worker morphological measurements were collected
by measuring specimen images from Antweb (ANTWEB
2026) using the same protocols outlined in OHYAMA &
al. (2023) with ImageJ v. 1.54e (RASBAND 1997). Multi-
ple worker specimens per species were measured when
possible (measurements range: 1 - 11, measurements
average: 4) and measurements across workers and majors
for polymorphic species were averaged. When measuring
polymorphic workers, majors and minors for dimorphic
species were measured. For continuously polymorphic
species a random set of up to 11 images, depending on
image availability, were measured. Because of limited
queen specimens (queens are infrequently sampled), only
one queen image per species was measured. 197 of 210
total species had one imaged queen specimen, and all were
species with monomorphic workers. QWD for species with
reported colony sizes was calculated as the average of the
ratio of Weber’s length (the diagonal length of an ant’s
thorax in profile view) of queen to workers using the same
formula from FERGUSON-Gow & al. (2014) (equation 1.1):

QWD = 100 (

2 (iqueen Weber’s length — Zworker Weber’s length) >

iqueen Weber’s length + Zworker Weber’s length

Given equation 1.1, QWD is effectively a species-spe-
cific percent difference of queen size relative to worker
size. Weber’s length was used because it is a strong proxy
for overall body size (WEISER & KaspART 2006), and while
head width has also been used as a similar proxy, it can
be biased by polymorphic taxa where workers may be



very similar in size but differ in head size or shape (e.g.,
Pheidole). Higher QWD reflects larger size differences of
queens relative to workers, which in this study is used to
be indicative of the strength in the division of labor, and
thus social complexity, for a given species. If the species
had colony sizes reported but lacked QWD values, a ge-
nus average QWD value was used as a substitute (22 of
210 species). To account for intraspecific variation in
analyses, the standard deviation of QWD for each species
was calculated. Finally, because some species only had
one imaged worker, a standard deviation based on the
genus average for QWD was utilized (14 of 210 species).
These species were monomorphic with relatively lower
standard deviations. While genus averages may not fully
represent the true variation among species, only 3.1% of
all geographical occurrence records used in analyses relied
on genus averages. As such we considered the potential
impacts of genus averages to be minimal on the overall
results. Additionally, these species were distributed in 14
different genera, further minimizing overrepresentation
of genus averaged species in genera with high levels of
intra-generic variation (e.g., Camponotus, Pheidole).

Geospatial data: Spatial data (geographic coor-
dinates) for species were obtained from the Global Bi-
odiversity Informatics Database (GBIF) (GBIF 2026),
the Global Ant Bioinformatics Database (GUENARD & al.
2017), and from additional published literature (Kass &
al. 2022, OnyaMA & al. 2023). To improve geographical
accuracy, GBIF data were filtered for coordinates with a
1km accuracy or less. Additionally, to further clean the
data, coordinates were screened and cleaned with the
“coordinatecleaner” R package (Z1zka & al. 2019).

The cleaned data were used to produce two data sets,
one with only native species and a second with both native
and non-native species. These two datasets were produced
because the analysis pipeline would be applied on each of
the datasets. By calculating differences in results between
these two analyses, it would be possible to evaluate the
impacts of non-native species on the size-complexity rela-
tionship. Here, a non-native species is defined as a species
that has no evidence of being native to the USA through
extensive work in historical and recent collections and
collections records (DEYRUP 2016, BOOHER & al. 2023).

The analyses used regressions fitted to species-trait
values within an assemblage (here, spatially defined as
a specific geographical area). To bin the ant occurrence
data into assemblages, a hexagonal hierarchical spatial
index system (H3) developed by the ride sharing company,
Uber, was used. H3 provides a scalable and reproducible
geographical framework that can divide an area into an
approximately equal-area hexagonal grid at varying pre-
determined spatial grains. For the purposes of this study, a
spatial resolution of ~ 1770km?2 was chosen to represent an
assemblage. This resolution was justified based on recent
work by OHYaMA & al. (2024) which showed that peak beta
diversity, the maximum separation in species composition
between spatial units, in ants across the continental United
States occurred at ~ 1500km?2 to ~ 2000 km?.

To reduce sampling bias and overlapping data between
data sources, only the presence of species per hexagonal
bin was used, thereby removing potential bias in assuming
reported abundances are accurate across widely differ-
ent spatial grains (and sampling methods). While abun-
dance-weighted approaches can be used to provide more
accurate analysis, this was avoided because the occurrence
data were sourced from different databases, with high
potential for repeat observations.

Phylogenetic data: To account for phylogenetic relat-
edness amongst species in subsequent analyses, this study
relied on four sets of previously published species-level
phylogenies (100 trees each) for phylogenetic compara-
tive analyses (EcoNomo & al. 2018). The four sets of trees
differed in methods used for both dating (fossilized birth-
death analysis (FBD) vs. node calibration) and grafting
(stem vs. crown grafting). Trees were searched for each
species present in the southeastern United States. For
species not located in the phylogeny (12 species), a con-
gener was randomly selected and used as substitutes. All
tips not corresponding to these species (excluding the 12
congeneric substitutes) were dropped from the 400 trees
using the “ape” package (PARADIS & SCHLIEP 2019). For
each set of 100 trees, a consensus tree was made using
the “phytools” R package (REVELL 2024). The consensus
tree's edge lengths were calculated as the average edge
lengths from all 100 trees using majority-rule consensus.
This consensus tree was therefore resolved at the genus
level with species within a genus forming a polytomy.
While species-level differences were not captured by the
phylogeny, coarse approximations of these relationships at
the genus level are still appropriate and useful in ecolog-
ical analyses (Qian & Jin 2021). Results of analyses from
subsampled models (see below) were compared, and no
differences between tree types were detected. Therefore,
the presented results are based on the consensus tree built
from a set of crown-grafted FBD trees.

Analysis

Phylogenetic regressions: Regression analyses
are sensitive to sample sizes (JENKINS & QUINTANA-AS-
cENcIO 2020) and the inclusion or exclusion of certain
species. To address the latter issue, the species roster of
every hexagonal bin was subsampled 100 times without
replacement, and the analyses (subsampled phylogenetic
generalized least square (PGLS) regression) was applied
for every iteration of the subsampling. This was done for
both datasets. Through this subsampling, the slope, inter-
cept, and R2 estimates were stabilized and less influenced
by the inclusion or exclusion of key species.

To address the former issue, the subsampled regres-
sions were fitted at three different sample sizes (number
of species) per hexagonal bin: 20, 25, and 30 species for
both datasets. This means that every regression fitted with
data from each hexagonal bin always had a sample size of
20, 25, or 30 species. Additionally, varying sample sizes
would capture more geographic variation because different
sample sizes lead to the inclusion or exclusion of different
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hexagonal bins depending on a bin’s species richness. After
model fitting, the distributions of average model parame-
ters across different sample sizes were visually inspected to
detect evidence of any systemic bias. Limits to the possible
number of non-native species relative to the total sample
size (20, 25, 30) were not set. However, based on post-hoc
review of the subsampled data, the percentages of exotic
species relative to total species richness in each hexagonal
bin averaged from 27% to 29% across all sample sizes.

Across both datasets (native and native + non-native),
subsampled PGLS regressions (GRAFEN & HAMILTON 1997,
MARTINS & HANSEN 1997) were fitted with colony size as
a function of both QWD and its standard deviation for
every hexagonal bin at all sample sizes and spatial scales.
This model structure represents the size-complexity rela-
tionship for each bin, resulting in multiple relationships
fitted by linear models across the study area. The stand-
ard deviation of QWD served as a covariate to account
for intraspecific variation, especially for polymorphic
species. Because predictors were scaled and centered,
the interpretation of the QWD slope reflects the change in
colony size for every standard deviation unit increase in
QWD. All PGLS regressions were fitted using the “nlme”
R Package (PINHEIRO & BATES 2006). At every iteration of
subsampling and sample size (20, 25, 30), PGLS models
with different correlation structures were fitted, and the
most plausible model was selected through comparing
corrected Akaike Information Criterion (AICc) scores,
where AIC is corrected for small sample size. These differ-
ent models included: an intercept-only model (serving as
a null), two PGLS models with Pagel’s lambda correlation
structure (lambda = 0.5 and lambda = 1), and one PGLS
model with Martin’s correlation structure (alpha = 1). The
most plausible model was assessed for model assumptions
(normality and homoscedasticity of variance of residuals).
To assess the assumption of normality, a Lilliefors test was
run on normalized residuals for every top model. To assess
the homoscedasticity of variance, a Pearson correlation
test was run between the normalized residuals and fitted
values of the model. In both tests, a P-value below 0.05
would indicate violations of the assumptions of the model,
and the model would be excluded from further analyses.
For all PGLS regressions, colony size was log-transformed
and predictors were scaled and centered. Only regressions
passing residuals checks were used to calculate an average
slope coefficient, goodness of fit (R2), and intercept for each
hexagonal assemblage. Additionally, the total number of
subsampled models used in the calculation of the averaged
parameters was collected because the value is correlated
with the average slope value. Finally, the proportion of
non-native species in the regressions were saved and aver-
aged from subsampled regressions using the total dataset
(native + non-native).

Difference calculations: The differences in average
slopes, R2, and intercepts between total (i.e., native and
non-native species) and native-only datasets were calcu-
lated by subtracting the average value for the total dataset
from the native-only average value for matching hexagonal

248

bins. Hereafter, these values are referred to as Aslope,
Aintercept, and AR2 (collectively as A variables). Aslope
represents the change in slope from adding non-native
species to the assemblage. The same logic is applied to
Aintercept and AR2. Additionally, the average of number of
models used in the calculation of each slope value was cal-
culated to be used as a covariate in later analyses because
parameters like the slope value were strongly correlated
to the number of models used to calculate the value. All
these steps were taken for every set of PGLS parameters
for each PGLS sample size.

Assessing differences in model parameters: Re-
gressions were used to assess the effect on non-native ant
percentage on A variables. Therefore, at every PGLS sam-
ple size (20, 25, 30), a regression modelling the A variables
as a function of the average number of models used in pa-
rameter calculation and the average percentage of non-na-
tive species was fitted. These models were compared with
an intercept-only model (serving as a null model) using
AIC. Predictors for all models were scaled and centered.

A Moran’s I test assessed the data for spatial autocorre-
lation. If spatial autocorrelation was present, spatial gen-
eralized linear models (GLMs) were fitted. In the absence
of spatial autocorrelation, GLMs were fitted. The response
variable, AR2, did not exhibit spatial autocorrelation across
all PGLS sample sizes. Spatial GLMs were fitted using
the R package “sdmTMB” (ANDERSON & al. 2025). These
GLMs use a spatial random field to represent the spatial
surface of the data as a mesh that is approximated by a
predetermined number of knots representing vertices
within the field. The number of knots was selected based
on half the sample size and using a k-means clustering
algorithm to settle on the final number of knots used in
the construction of the mesh. At smaller sample sizes, the
models were fitted with a smaller number of knots to reach
model convergence. Centroid coordinates of the hexagonal
bins were used to construct the mesh.

A Gaussian error distribution was used for models
assessing A variables because the response variables were
normally distributed. To further check if the residuals of
models met assumptions, residual diagnostic tools and
tests of simulated residuals using the “DHARMa” package
(HARTIG & HARTIG 2017) were implemented. Finally, to as-
sess the effectiveness of the spatial regressions, the residu-
als of all spatial models were tested for spatial autocorrela-
tion using the Moran’s I test. All analyses were completed
using the R programming language (R DEVELOPMENT
Core TEAM 2022) and all data visualizations were made
using the R package “ggplot2” (WickaHaM 2009). All code
used in the analyses is available on Github (OHYAMA 2026).

Results

Patterns in raw data

Of the 339 ant species known to occur in our study’s
geographical area, 210 species (54 non-native and 156
native) had colony size estimates that could be used. Thus,
analyses represent 62% of known ant diversity in the study
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values at different levels of phylogenetic generalized least square sample sizes.

Tab. 1: Model effect sizes with 95% confidence intervals (CI) of non-native ant percentage on slope differences (diff), intercept
(int) differences, and R2 differences of the size-complexity relationship for each phylogenetic generalized least square (PGLS)
sample size. Bold terms indicate statistically significant effect sizes.

TS )| model 9) Parameter | Tffectsize +95%CI =
Slope diff 0.03 + 0.013 0.19
20 106 | Int diff 0.01 +0.043 0.00
R2 diff 0.01 + 0.008 0.03
Slope diff 0.02 + 0.018 0.32
25 126 | Int diff -0.01 + 0.032 0.02
R2 diff -0.01 + 0.009 0.05
Slope diff 0.03 + 0.011 0.30
30 89 | Int diff Failed model convergence
R2 diff 0.01 +0.011 0.03
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regression parameters per hexagonal bin fitted with only native
species from the average parameters fitted from both native
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actual model estimates are in Table 1.
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area and 62,433 of 68,100 (92%) of geospatial points for all
known species. We therefore considered data to be broadly
representative of regional ant diversity. Of the 210 species,
12% (22) had their QWD calculated from genus-average
values and 6% (14) had the standard deviation of QWD
calculated from genus-average values.

The number of assemblages used in analyses decreased
with increasing PGLS sample size (Fig.2). Areas that
exhibited the strongest increase in the rate at which size
increased per unit of social complexity (increasing Aslope
values) were in the southernmost region of our study area
(south Florida, Fig.2). Geographic patterns of non-native
ant percentage correlated with the Aslope patterns with
generally higher non-native ant percentages in areas of
higher levels of Aslope. Both variables maintained these
patterns across all PGLS sample sizes used in the analyses.

PGLS sensitivity assessment

We found no evidence that the average QWD slope
or intercept values from subsampled PGLS regressions
changed across sample sizes, though variance was greater
at smaller sample sizes. This showed that PGLS regres-
sions with both lower (20) or higher (30) sample size
(numbers of species) did not impact overall results in
slope or intercept values. We did observe lower average
R2 values as PGLS sample size increased across both
combined and native-only datasets. This decrease likely
stems from greater variation, which is introduced into the
data at increasing sample sizes. Despite this, the number
of times a null model was ranked highest, signifying that
a model assessing colony size with no predictor was the
most informative model compared with those using QWD,
decreased as PGLS sample size increased.

Effect of non-native ants on Aslope, Aintercept,
and AR2

Across PGLS sample sizes, increasing non-native
ant percentage resulted in significant increases in slope
changes (Aslope) (Tab. 1, Fig. 3). Essentially, assemblages
that had more non-native ant species relative to native
species had significantly higher slope values compared
with slope values calculated using just native species.
These results concerning Aslope were consistent with
hypothesized patterns depicted in Figure 1A, where we
predicted that non-native species would positively increase
the slope of the size-complexity relationship. The effect
size of non-native ants on Aslope remained consistent in
magnitude across sample sizes (0.02 - 0.03, Tab. 1) further
supporting the generality of this effect. Finally, because we
found no effect of non-native species on the linearity of the
size-complexity relationship (AR2), there was no evidence
that non-native species were distorting the relationship
and introducing non-linearity.

Discussion

The size-complexity relationship represents an important
set of correlated organismal traits that are consistent
across living systems. For the first time, we provide ev-



idence that non-native eusocial species can steepen this
relationship. This result supports the first of the four initial
hypotheses, which predicted that non-native species con-
sistently differ from native species in both size and social
complexity (1). By contrast, we found little to no support
for the hypotheses predicting a breakdown in linearity
(2) or a lack of change (3), and only weak support for the
remaining hypothesis predicting negative slope differences
(4). From our findings, we infer that increasing numbers
of non-native ant species are associated with increases
in overall assemblage colony size for every unit of social
complexity (QWD).

This pattern in the size-complexity relationship from
the addition of non-native species to an assemblage is an
important starting point for establishing a more compre-
hensive approach to understanding how social complexity
and aspects of division of labor may or may not contribute
to invasion success in ants. Successful and widespread
non-native species often exhibit social traits that are corre-
lated with large colony sizes; these include polygyny, poly-
domy (multiple nests), and supercoloniality (HoLwAY & al.
2002, FOURNIER & al. 2019, WoNG & al. 2020, OHYAMA &
al. 2023). Additionally, non-native species contributing to
the changes observed in the size-complexity relationship
appear larger in colony size but not necessarily higher or
lower in social complexity relative to native species. While
OHYAMA & al. (2023) found no difference in QWD and
colony size between Florida’s native and non-native spe-
cies, here, we also accounted for the effects of assemblage
membership. Our results here showed that while QWD is
correlated with colony size, it deviates from this covari-
ance as it captures variation that is not included by colony
size alone. This provides further support of the importance
of QWD in assessing social complexity in eusocial taxa
like ants and further suggests that it is a very useful trait
for testing outcomes of eusocial insect invasions. Specifi-
cally, if non-native species exhibit these patterns in other
invaded assemblages, it suggests an adaptive “size-com-
plexity syndrome” may exist for successful invasive
ants.

Establishment of non-native species is not the only
mechanism through which the size-complexity relation-
ship may steepen. Turnover of native species with size and
complexity values in the lower right area of the size-com-
plexity space can also increase slope. In some cases, such
turnover can be a direct result of the immigration of
non-native species through ecological processes (e.g.,
competition). Our analyses here cannot support inference
about local ecological interactions, but it is possible that
local extinctions caused by non-native species (LEBRUN &
al. 2013, TERCEL & al. 2023) can increase the slope of the
size-complexity relationship.

Our analyses account for phylogenetic relatedness and
support significant correlations between size and com-
plexity, but mechanisms other than interactions between
native and non-native ants may also contribute to results.
For example, differentiation in worker castes of stingless
bees has been shown to be driven by parasitism (GRUTER

& al. 2017), and resource acquisition, rather than social
complexity, can drive larger colony sizes in termites (PE-
QUENO 2024). In ants, correlations exist between division
of labor and size (FERGUSON-Gow & al. 2014, BOURKE
1999), but more studies testing alternative causal drivers of
this relationship would add to this understanding. Lastly,
it is important to note that the level of slope differences is
also impacted by the relative abundance of species within
assemblages, a metric that can be difficult to quantify
accurately. Depending on how prevalent species are, the
impacts of non-native species on the size-complexity re-
lationship can be exacerbated or diminished.

Integrating size-complexity into trait-based
study of ant invasions

Results suggest that specific size-complexity traits
(especially colony size and QWD) likely influence the
success of invasive ants. While this study is not a direct
test of whether or not invasive ants shape size-complexity
relationships for whole communities, results do provide
evidence for establishing a conceptual framework to guide
future work explicitly testing the role of eusocial traits
in both invasion success and the impacts of invasions
on entire ant assemblages. Trait based studies of social
insects, and ants in particular, have largely focused on
physical and physiological aspects of individual workers
(body size, head width, head length, color, metabolic rate).
Other than estimating colony size, rarely have studies
accounted for ecologically relevant traits that are key,
functional components of different eusocial life-history
strategies (TSCHINKEL 1991, 2011, OHYAMA & al. 2023).
Integrating quantitative eusocial traits into modeling
efforts for predicting ant species invasion success and
whole assemblage impacts can help improve forecasting
of ant invasions that have largely only relied on categorical
predictors of size complexity (FOURNIER & al. 2019). Our
results do suggest testable hypotheses for understanding
“economies of scale” related to colony size, worker size,
and queen size.

Colony size, queen size, and worker size can be used to
compare species assemblages at a variety of scales and in
different places and times if data are available. We suggest
that the analytical approach used here is particularly pow-
erful for answering specific questions about ant invasions
that will ultimately inform the role of size-complexity
traits in forecasting future invasions. To test the impacts
of non-native ants on native assemblages, it is necessary
to use experiments (addition or removal experiments at
smaller scales) or “natural” experiments (comparisons at
larger scales) to assess differences in native and non-na-
tive species size-complexity patterns in invaded versus
not invaded ecosystems or regions. Likewise, quantifying
changes before and after invasions would also be direct
tests of impacts of invasions on native assemblages and
could be performed across larger spatial scales.

These direct tests may reveal that i) invasions have no
impact or do not shift size-complexity patterns of native
ant assemblages. If so, then this would suggest that the
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patterns we note here (increasing colony size for every unit
of social complexity (QWD)) indicate that invasive ants
are “occupying” a size-complexity trait space that differs
from native ants. This result could be verified if non-native
species retained the same size-complexity traits in their
native and invaded ranges. In contrast, ii) if the native ant
assemblages are shifted after invasion, and the non-native
species size-complexity traits differ from their native
range, this suggests that the non-native species are dis-
placing the native species and may benefit from plasticity
in these size-complexity traits. Further research on factors
like egg-laying rates, queen number, and worker turnover
for individual species in native and invaded ranges would
provide specific, mechanistic understanding of how colony
size and colony growth rate may or may not be adaptive
under different ecology scenarios (TSCHINKEL 1988). These
outcomes are not mutually exclusive, and many successful
non-native species show plasticity in both physical and
reproductive traits (e.g., fire ants may switch social form
which is correlated with changing worker body size, queen
size, queen number, and colony size (TSCHINKEL 2006)).
Plasticity in social traits may be another key trait for in-
vasion success that the analytical framework presented
here can accommodate if both queen and worker traits
(and their differences between social forms) have been
measured.

Size-complexity trait data as analyzed here provide
another important resource for understanding and poten-
tially predicting non-native ant invasions and impacts on
native assemblages. This is an important step forward as
quantitative analyses of trait data are most useful if they
can inform ecological forecasting as spatial and temporal
scales relevant to biological invasions (local, regional).
Our approach awaits further testing in different regions
as size-complexity data for ants and other social insects
accrue.
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