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As eusocial insects enter the post-genomic era, the availability of reference genomes and genomic
datasets have facilitated Genome-wide Association Studies (GWAS) for traits measured on whole
colonies. Several GWAS have been completed for traits like foraging and colony nesting behavior.
However, no studies have addressed the specific challenges of applying GWAS to eusocial species.
Eusocial species, such as honey bees, present several hurdles for traditional GWAS designs: they have
high recombination rates, their social traits are generally polygenic, and the existence of multiple
castes introduces additional layers of complexity in identifying genotype—phenotype associations.
Moreover, many eusocial species are haplodiploid and polyandrous. To address these challenges,

we used the honey bee (Apis mellifera) as a model to simulate GWAS scenarios for honey yield. We
explored the influence of factors such as the number of quantitative trait loci (QTL), heritability level,
number of SNP markers covering the genome, and sample size on QTL discovery. We also examined
the impact of genotyping queens versus workers. Our results suggest that a p-value threshold of
1x10-% and sample sizes of at least 1,000 are effective for identifying QTL for key traits. Including both
queen and worker genotypes improved QTL discovery power, emphasizing the need to optimize GWAS
methods for eusocial species. Our results should improve future GWAS in honey bees and highlights
the need for additional simulations and standard-setting work in other eusocial species.
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A Genome-wide Association Study (GWAS) involves statistically testing genetic markers across the genomes of
many samples of the same species to identify genotype—phenotype associations. Over the past decade, GWAS
has revolutionized complex trait genetics, providing numerous associations for key traits across a diverse set of
species!—. Despite its success in identifying novel genes, quantitative trait loci (QTL), and biological pathways,
and translating these findings into practical applications, GWAS in social insects remains underexplored,
even though these species are of significant economic value*>, ecological importance®=8, and provide products
with recognized health benefits, including honey, propolis, and royal jelly’!!. Advances in genotyping and
sequencing technologies, along with the increasing availability of high-quality reference genomes and population
genomics data, provide an unprecedented opportunity to explore complex traits in non-model organisms!?-16.
Nevertheless, GWAS in eusocial insects remains challenging due to their complex biology.

In honey bees and other eusocial species, the organizational level that produces phenotypes differs from
the level at which genotyping is typically conducted. Colony-level traits are expressed as group phenotypes,
whereas genotyping is usually performed on individual queens, workers, or drones, or sometimes on pooled
workers. This mismatch raises the issue of which individuals should be genotyped, since each strategy captures
different aspects of colony genetic makeup and influences the identification and interpretation of causal genes'”.
Queens of highly eusocial species (like honey bees) typically mate with multiple males, producing patrilines
of workers with distinct fathers'®-?°. Honey bee queens and workers are diploid, while drones are haploid
and can be used to infer the queen’s genotype. In honey bees, colony-level traits emerge from the coordinated

1Department of Entomology, Purdue University, West Lafayette, IN, USA. 2Agricultural Institute of Slovenia,
Ljubljana, Slovenia. 3The Roslin Institute and Royal (Dick) School of Veterinary Medicine, The University of
Edinburgh, Edinburgh, UK. “Department of Animal Sciences, Purdue University, West Lafayette, IN, USA. email:
mfikere@purdue.edu

Scientific Reports|  (2026) 16:20843 | https://doi.org/10.1038/s41598-026-51476-0 nature portfolio


http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-026-51476-0&domain=pdf&date_stamp=2026-5-4
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-026-51476-0&domain=pdf&date_stamp=2026-5-4
mailto:mfikere@purdue.edu
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

behavior of thousands of individuals that function as a highly integrated social unit. Colony traits result from
the collective activity of multiple interacting individuals. The queen influences colony traits through her through
reproduction, producing the worker population and determining the colony’s genetic composition through
mating with multiple drones and through pheromonal regulation of colony organization, while the majority
of tasks such as foraging, brood care, and nest maintenance are performed by the workers?*-?%. Social traits
such as honey production®, nest defense!>?, and nest hygiene'® are frequently the target of GWAS (Table 1).
Modeling these traits requires careful partitioning of direct (worker) and indirect (queen) genetic effects on the
phenotype. Eusocial Hymenoptera, and honey bees in particular, also have high recombination rates, which
rapidly break down linkage disequilibrium between loci*’~?. Combined with highly polygenic traits controlled
by many loci with small effects, this necessitates dense marker coverage, large sample sizes, and sometimes
multi-locus statistical methods that jointly model the effects of multiple genetic variants (e.g., mixed linear
models or Bayesian approaches) to reliably detect associations**-32,

A GWAS can be a powerful framework to identify genomic regions associated with important traits, enabling
the discovery of markers for marker-assisted selection and improving our understanding of the genetic basis of
complex social traits in honey bees**-36. Previous GWAS in honey bees have shown wide variability in study design
with sample sizes ranging from nine to 1,441 colonies, DNA being extracted from individual workers, haploid
drones, or pooled samples, and genotyping strategies including SNP chip arrays, whole-genome sequencing,
or genotyping-by-sequencing at varying depths (Table S1). Few studies have applied stringent multiple testing
correction and significance thresholds (e.g., -log,,(p) <8) for detection. A systematic evaluation of these design
choices is lacking. In this study, we addressed this gap by evaluating how quantitative genetics parameters,
source of information, and model design parameters affect statistical power, false discovery rate (FDR), and
locus detection in honey bees. Using empirical genomic data from 1,625 worker bees (representing 980 colonies)
and over 300,000 SNP markers after quality control, we simulated colony phenotypes under varying heritability
levels, numbers of QTLs, SNP densities. By comparing models that accounted for queen effects, worker effects,
or both, we provide an evidence-based framework for optimizing GWAS design in this complex eusocial system.

Materials and methods
Sample genotyping and quality controls
Empirical genomic data from 1,625 whole-genome sequences was collected from honey bees sourced from
across the United States (accession: PRINA1110198 and can be accessed DataDryad at https://doi.org/10.506
1/dryad.j3tx95xpg) (Supplementary Table S1). DNA for genotyping was extracted from thoraces. The samples
were placed in up to 200 pL of lysis buffer master mix containing proteinase K. The mixture was incubated at
65 °C for one hour. Following incubation, a subset of 30-50 pL was taken for bead-based extraction. After DNA
extraction from individual workers, libraries were generated by Gencove Inc. (Lincoln, NE, USA) using the
Mlumina Nextera DNA Flex Library Preparation kit. Libraries were quantified using fluorometry, pooled, and
assessed for quality with TapeStation (Agilent). Low-pass sequencing (~ 5x depth) was conducted on an Illumina
NovaSeq 6000, and reads were assembled and mapped to the honey bee reference genome (Amel _HAv3.1%).
The data were imputed to full genome coverage using 1,041 publicly available honey bee sequences data®®*.
Genotype imputation was performed using Gencove's pipeline with an adapted version of GLIMPSE2%,
which applies the Li and Stephens hidden Markov model*!. Posterior genotype probabilities were obtained
through forward-backward computations on this HMM, where reference haplotypes define the hidden states,
thus quantifying uncertainty in the imputed calls. After quality control of 15 million variants, 3.6 million
biallelic SNPs were retained. To assess genotype imputation accuracy, 5,000 SNPs randomly distributed across
the genome were masked and re-imputed using BEAGLE v5.4 42, This procedure was repeated 10 times, and
Pearson’s correlation coefficients calculated between observed and imputed genotype. Subsequently, SNPs with
more than two alleles, < 99% genotype posterior probability, and minor allele frequencies lower than 0.05 were
filtered out, resulting in a final dataset of 1,625 samples and 342,491 SNP markers (Figure S3). These SNPs were
distributed across all chromosomes, providing representative genome-wide coverage for association testing.

Simulation parameters and GWAS scenarios
We simulated a total of 432 combinatorial scenarios (Fig. 1) to fully quantify the impacts of heritability (low,
h* = 0.02; intermediate, h> = 0.20; and, high h® = 0.50), the number of QTL per chromosome (nQTL=1,
nQTL =10, and nQTL =100), the number of genotyped SNPs (nSNPs =100, nSNPs = 1,000, and nSNPs =10,000)
per chromosome, the number of genotyped samples (nSamples=100; 500; 1,000; 1,600), and the caste selected
for genotyping (workers, queens, or both). Our strategy followed approaches previously described by Kanai
et al. *3; Saber and Shapiro* and Sesia et al.,, ** and was designed to systematically evaluate how key GWAS
design parameters such as sample size, heritability level, SNP density, number of QTLs, and the caste selected for
genotyping affect statistical power, FDR, and QTL detection. The simulation scenarios were chosen to reflect the
range of experimental designs used in honey bee GWAS to date (Supplementary Table S1) as well as the expected
genetic architecture of social traits*®*,

We simulated a honey bee population using the SIMplyBee R package*®, an extension of AlphaSimR v2.1.0
49, The genotype dataset was phased using BEAGLE v5.4. Haplotypes and genetic map data for 1,625 individuals
were imported into AlphaSimR v2.1.0, and a random subset of 200 individuals was sampled to serve as founder
genomes. Colony simulations were initialized in SIMplyBee with a colony size of 100 workers, the number of
drones a queen mates with drawn from a Poisson distribution with mean 10, and 100 colonies per scenario
(see Data availability section). Unmated queens and drones were generated from the founder population, and
colonies were established through controlled mating. Each colony was then built up to contain 100 workers
and 30 drones, after which colony yield phenotypes were calculated using the calcColonyPheno() function,
integrating contributions from both the queen and workers. These colony-level phenotypes were used for
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Fig. 1. Overview of the simulation parameters and genome-wide association study (GWAS) scenarios
workflow. h?=trait heritability; nQTLPerChr= number of quantitative trait loci per chromosomes;

nSample = number of samples ran in each GWAS scenario; nChip (per chromosome) = number of SNPs
subsetted from whole genotyped data used to perform GWAS. The last row of the figure illustrates the marker
data format, including hardcoded genotype (0,1,2) calling for the queen model (Q) where queen genotypes
were fitted; and dosage-based genotype probabilities for the worker model (W) where workers genotypes are
fitted and a combined queen-worker model was fitted to the simulated phenotype and marker data using a
linear mixed model. Subsequently, the breeding value was back solved to get SNP effects, and GWAS summary
statistics were generated following the methodology outlined in the model parameter section. In addition, to
assess the impact of minor allele frequency on statistical power, analyses were conducted using three filtering
thresholds (< 1%, 5%, and 10%) across all sample size scenarios under the queen-worker model.

downstream GWAS analyses (Figure S20. To balance biological realism and computational efficiency, we
simulated 100 workers per colony, which was assumed sufficient to capture within-colony (patriline) genetic
diversity in the model (Figure S3). Model parameters, including phenotypic variance, were scaled to colony size
(e.g., proportional to 10/nWorker for workers), ensuring consistent genetic expectations. Additional analyses
across a wider range of worker densities (10-1000) are provided in the Supplementary Material to assess the
robustness of this assumption (Figure S3). These analyses demonstrate that sampling 100 workers per colony
provides estimates of colony-level genetic values that are comparable in accuracy and precision to those obtained
with larger sample sizes (e.g., 1000 workers), with only marginal gains beyond this point, indicating that the
chosen sample size is adequate.

We simulated a single trait that represented honey production, expressed at the colony level!>>%>!. Internally,
we simulated two attributes representing queen and worker effects, assuming a moderate negative genetic
correlation (r = -0.40) consistent with previously reported antagonistic relationships between queen and worker
traits in the literature®®253, QTLs for each trait were randomly sampled and assigned normally distributed
effects. A colony’s genetic value for honey yield was calculated as the sum of the additive effects of the 100
simulated workers and their queen.

Lastly, the colony phenotype was calculated using the calcColonyPheno() function in the SIMplyBee package®s.
This function maps caste-specific genetic values to colony-level phenotype by retaining the queen’s genetic value
and summing the contributions of all workers in the colony. The queen component represents the maternal
genetic influence on colony organization and reproduction, whereas the summed worker values represent the
collective contribution of workers to colony performance. These components are then combined to generate
a single colony-level phenotype that reflects the joint effects of queen and worker genetics. Honey production
was assumed to follow a normal distribution with a phenotypic mean of 20 kg and phenotypic variance of 4 kg?,
resulting in most colonies producing between 14 kg and 26 kg, closely matching real-world values®. Colony level

2

trait heritability for honey yield trait was calculated as h* = Z—g; where 0 ; =0 3 + 0 3 + 2Cov(W, Q) is
P

the total genetic variance at the colony level (comprising worker variance, queen variance, and their covariance),
and o % = Var (y) is the phenotypic variance of observed colony phenotypes. To achieve the desired trait
heritability specified in our simulation scenarios (0.05, 0.20, and 0.50), the environmental variance associated
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with the effects of the queen and worker bees was iteratively adjusted (Fig. 1 and Figure S2). All calculations were
implemented using R code (see code availability section).

Genomic relationship matrix (GRM) calculation

A genomic relationship matrix (GRM) was calculated for all samples using a standard method as outlined by
VanRaden (2008)>> and implemented in the SIMplyBee R package®®. For queen samples, hardcoded genotypes
were used, with genotypes encoded as 0, 1, or 2 to represent the different genotype states. For worker samples,
the GRM was constructed using dosage-format data, representing allele frequencies within the colony (i.e.,
pooled sequencing). Following VanRaden (2008)%, the standardized genotype matrix was computed as:

Z=M-P

where M isan n X m matrix of genotypes (coded as 0, 1, or 2, or in dosage format), and Pisan n X m matrix
with each column equal to 2p;, the expected allele count at locus 4 given the allele frequency p; of the reference
allele. This centering step ensures that Z represents deviations of individual genotypes from the population
mean. The general estimation of the GRM for both queens and workers followed this same methodology.

Model and genetic parameters

Our model accounted for direct (worker) and indirect (queen) genetic effects!**%%7. Queen genetic effects were
considered indirect because the queen does not directly perform colony tasks but influences colony phenotypes
through the genetic composition of the worker population she produces. Each simulation incorporated SNP
chip data of varying densities (100, 1,000, and 10,000 markers). We used ASReml-R v4.2%8 to estimate additive
genetic effects and partition the phenotypic variance of colony traits into contributions from queens and/or
workers. As described in Fig. 1, the GWAS scenarios performed were: a queen-only model to estimate indirect
genetic effects, a worker-only model to estimate genetic effects, and a combined queen-worker model to jointly
estimate both sources of genetic variation. Genomic estimated breeding values (GEBV), representing the
aggregate genetic merit captured by genome-wide SNP markers through the genomic relationship matrix (G),
were first estimated. SNP effects were subsequently back-solved from the genomic estimated breeding values
(GEBV) using the relationship between GEBV and marker effects defined by the genomic relationship matrix,
allowing marker-level inference.

Queen model (Q)

The queen-only GWAS model estimates the genetic contribution of queens to colony traits:
y=1lu + Zoug + e

Where 1y is the vector of phenotypic observations, v is the overall mean, Zgis the incidence matrix linking
records to queens, ug~N (0, Gqo ) is the vector of queen additive genetic effects with G being the queen
GRM calculated using VanRaden (2008)°> method, and e~N (0, I, 2 ), eis the residual errors. SNP effects were

back-solved from the estimated GEBV's (ﬁQ) using:
ag = M5G5 ug
Where Mg is the centered genotype matrix. The variance-covariance matrix of SNP effects was computed as:
Var ((llQ) = MgGélVar ({LQ) GélMQ

Standard errors were obtained from the square root of the diagonal, and two-sided p-values were calculated
from t-statistics:

’

a;
tj — 7'7,,]%- = 21‘pt(_ |tj| 7df)
SE <aj)

Worker model (W)
The worker-only GWAS model estimates the genetic contribution of workers to colony traits:
y=1u + Zwuw +e

Where Zwis the incidence matrix for workers, uw ~N (0, Gwo %,V) is the vector of worker additive genetic
effects with G'w being the worker GRM calculated from dosage genotype calls, and e is the residual error. SNP
effects were back-solved using the same procedure as for queens.

Combined queen + worker model (Q +W)
The combined model jointly estimates indirect queen and direct worker genetic effects:

y=1p + Zoug + Zwuw +e
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Where uqg~N(0,Gqo 3) and uw~N(0,Gwo 3y) are independent. SNP effects for both queens and
workers were back-solved from their respective GEBVs, with the block-diagonal GRM used in the variance—
covariance computation. For the combined model, GEBV was back solved to obtain SNP effects for both queens
and workers using a block-diagonal GRM:

_ [ Gg 0 I T 1 I\ T -1 / -1
G= o« ,o=M"G u,Var{a) =M G Var|lu)|G M
w

We followed this approach to ensure consistency across all models and GWAS scenarios, providing SNP-level
estimates, standard errors, and two-sided p-values derived from the t-statistics of back-solved effects.

Estimation of study-wide significance thresholds

We extracted summary statistics and information from each run that included variant identifiers, genomic
positions, effect sizes, standard errors, and p-values across every simulated scenario (Fig. 1). To determine a
genome-wide significance threshold ( —log;(p,,,)), we estimated the distribution of the minimum p-values
observed across all tested variants, denoted as pmin, following Kanai et al. (2016)**. The minimum p-value
for each scenario corresponds to the single variant with the strongest association signal. We then transformed
Pin into —log,y(p,,,;,,) and used the Harrell-Davis distribution-free quantile estimator (hdquantile function
from Hmisc R package™; to determine the 95th percentile at a significance level of o = 0.05. The Harrell-
Davis estimator was used because it provides a more stable and efficient estimate of population quantiles by
using a weighted combination of all order statistics, which is particularly advantageous when estimating extreme
quantiles from finite samples. The estimated threshold was subsequently converted back to the original p-value
scale.

A bootstrap resampling approach (100 iterations) was applied to estimate 95% confidence intervals (CI)
for —log,,(p,; g). In each bootstrap iteration, the set of genome-wide SNPs p-values was resampled with
replacement while maintaining the same number of markers as in original dataset. For each resampled dataset,
the minimum p-value (pmin) was recalculated and transformed to —log;, (pPsig), generating an empirical
distribution of the significance threshold across iterations. The 95% CI for —log; (psig) was then derived using
the percentile-based confidence interval estimation approach, where the 2.5th and 97.5th percentiles of the
bootstrap distribution were used as the lower and upper confidence limits*>. One hundred bootstrap iterations
were used to obtain a stable approximation of the confidence interval while maintaining computational efficiency
given the large number of genome-wide SNP markers analyzed. To further validate the study-wide significance
threshold derived from the pyin distribution, we applied the Benjamini-Hochberg (BH) procedure to control
the FDR at a threshold of 0.05%%6!. The genome-wide significance threshold was then applied to the SNP-level
p-values obtained from back-solving the GEBV for each model, ensuring that the identified significant variants
reflect both the estimated genetic effects and study-wide error control.

False discovery rate (FDR) across GWAS scenarios

We evaluated the impact of trait heritability, sample size, queen-worker model assumptions, and the number of
QTLs in the genome (henceforth “study variables”) on the False Discovery Rate (FDR). True Positives (TP) were
defined as the loci corresponding to the true simulated QTLs, whereas False Positives (FP) referred to additional
loci identified that were not among the true QTLs. FDR was estimated using a 50 kb window around each
true site at a significance threshold of p<5x 1076, The 50 kb window was selected to account for local linkage
disequilibrium around simulated QTLs and reflects the relatively short LD extent observed in the honey bee
genome, ensuring that nearby markers capturing the same association signal are considered true positives. For
practical implementation, the G2P tool®* was used to compare detected significant markers, with the simulated
causal variants, enabling the classification of true positive (TP) and false positive (FP) signals. FDR was then
calculated as the proportion of FP windows among all detected TP signals®!.

Estimating statistical power

To assess the effect of each study variable on statistical power, we followed established methods®>*. First,
we calculated the non-collinearity parameter, reflecting the proportion of trait variance explained by a
genetic marker®>. Next, we determined the critical significance threshold by calculating the Z-critical value
corresponding to the genome-wide significance level, using the inverse cumulative distribution function of the
standard normal distribution:

— «
Zcritical = ¢) ! (1 - 5)

In this study, we used a = —logl0 (p) = 6, which corresponds to the genome-wide threshold, ensuring
appropriate control of false positives.
The power of each SNP was then calculated as:

Power = ¢ ()\ - Zcritical) + (1 - ¢ ()\ + Zc’ritical))

Where ¢ is the cumulative distribution function of the standard normal distribution, and A is the non-
centrality parameter associated with the SNP effect. We further assessed the impact of MAF filtering thresholds
on statistical power. This approach allowed us to quantify the probability of detecting true genetic effects under
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each study variable, with average power estimated across 10 replications, which provided stable estimates while
maintaining computational efficiency given the large-scale GWAS simulations performed.

Results

Establishing study-wide p-value thresholds for GWAS in honey bees

We first sought to evaluate and establish a p-value threshold for a honey bee GWAS. We followed Kanai et
al., (2016)* and examined the -log,(p,,;,) distributions of all models (i.e., queen, worker, and a combined
queen-worker model) and study conditions (Fig. 2A). The distribution of p-values varied across models, leading
to different significance thresholds for capturing GWAS peaks (Fig. 2A). An average threshold of 107* was
identified for the queen model, 107> for the worker model, and 10”7 for the combined queen-worker model.
Given this variation, a conservative study-wide p-value threshold of Py~ 1.2% 1076 was selected, with the 95%
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confidence interval derived from the bootstrap distribution of -log, (p,.,), to ensure stringent control of FP
across all analyses (Fig. 2A and B). To validate this threshold, we assessed the -log, ((p,...) distribution pattern
for a scenario with lowest FDR (FDR < 10%; see section below) and we found a similar p-value distribution
pattern between a scenario that exhibited a lower FDR and the -log, (p,....) approach, supporting the robustness
of the selected threshold. The study-wide p-value threshold of Pyg= 1.2 x107° offers a balance between stringent
significance control and the ability to detect true genetic associations across different model assumptions.

Trait heritability significantly impacted the optimal p-value threshold used to detect true genetic associations
(Fig. 2). No significant peaks were detected when applying very stringent p-value thresholds for traits with
low heritability (h* = 0.05). However, significant peaks emerged when using less stringent thresholds (p<10~*
to 107%). Under these relaxed criteria, FDR was notably impacted (~60% more FPs). In contrast, traits with
moderate (h* = 0.20) and high (h* = 0.50) heritabilities allowed for more stringent thresholds (p <10~ to 107%),
reflecting stronger genetic signals (Fig. 2A). Similarly, fewer significant associations and a more widely spaced
p-value distribution were observed when the sample size was reduced from 1,600 to 100, reflecting weaker
genome-wide signals (Fig. 2). We further compared the p-value distributions between models and genotyping
format (dosage vs. hardcoded). This difference likely arises because genotype dosage retains the probabilistic
information from genotype calling or imputation, representing the expected allele count as a continuous value
(e.g., 0.01-1.99), whereas hard-called genotypes discretize these probabilities into integer classes (0, 1, or 2).
Hard-calling therefore ignores genotype uncertainty and may introduce rounding errors, particularly for markers
with ambiguous genotype probabilities. By preserving the underlying probability information, dosage-based
genotypes capture subtle variation in allele dosage and reduce information loss. This improved representation
of genotype variation can increase the precision of association tests and produce a more accurate null p-value
distribution, which in turn leads to a more stringent genome-wide significance threshold. Interestingly, using
dosage (worker model) instead of hard-coded genotypes resulted in a lower p-value threshold (from p<10~* to
p<107°), even under moderate trait heritability conditions (Fig. 2B). We proceeded with a Pgg= 1.2x107° for
all following examinations, unless otherwise specified. This is also a true reflection of the colony genotype, as
worker genotypes include paternal contributions and therefore provide a more complete representation of the
colony’s genetic makeup.

Effects of sample size and marker density on power and FDR

Power was impacted by all study variables, with sample size, trait heritability, and the genotyping strategy (queen
vs. worker) having the largest effects. For low-heritability traits (h?=0.05), larger sample sizes (>1,500) were
required to achieve sufficient statistical power (e.g., 2 80%) to reliably detect true associations, whereas for higher
heritability traits (h=0.50) smaller sample sizes (<100) were adequate to reach comparable power (Fig. 3).
When trait heritability increased from moderate (h* = 0.20) to high (h* = 0.50), power improved by up to 20%
compared to low heritability (h* = 0.05) at the same sample size. In scenarios where the sample size was less than
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Fig. 3. Impact of sample size, trait heritability (h?), number of QTL per chromosome (nQTL), and model
type on honey bee GWAS outcomes. (A) shows the statistical power, and (B) shows the false discovery rate
(FDR) across different scenarios. Each panel compares four models: Queen-only (Q), Workers-only (W),
Queen + Workers (Q), and Queen + Workers (W). Results are presented for varying sample sizes (100, 500,
1000, 1600) and three levels of heritability (h* = 0.05, 0.2, 0.5). The analysis focuses on the nChip =100 per
chromosome scenario, as illustrated in Fig. 1.
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500, trait heritability played a crucial role in lowering FDR (FDR <20%) and increasing power (>60%). Overall,
increasing the sample size from 100 to 1,600 enhanced power (rising from approximately 10% to 90%; Fig. 3
and Supplemental Figures S4 and S5) and reduced FDR (lowering from 60% to 1%). The number of QTL also
impacted Power and FDR. In addition, the number of predefined QTL (nQTL=1) exhibited increased Power
while simultaneously reducing the FDR (Fig. 3, Supplementary Figure S4&S5). In contrast, a larger number
of QTL led to a decline in power (Figs. 3, Supplementary Figure S5). Generally, our results suggest that over
1,000 samples are required to achieve a 5% FDR and >60% Power for most traits. These findings are consistent
with results observed in standard diploid animal models®’-%, highlighting parallels while also extending such
evidence to eusocial insects.

Effect of queen and worker components on power and FDR

We found that the selection of the genotyped individual (queen vs. worker) and the inclusion of queen or worker
effects in the GWAS model have dramatic influence on FDR and Power. A worker model generally outperformed
a queen model (Figs. 3 and 4, Supplementary Figure S4); however, the combined model incorporating worker
dosages and queen genotype consistently yielded higher Power (>80%) and lower FDR (<1%) compared to
either the queen or worker models alone (Figs. 3 and 4, S3). Notably, using the queen model alone resulted in a
higher FDR, even at moderate trait heritability (h* = 0.20), across a sample size range of 500-1,600. When both
the queen and worker components were combined, power increased by over 40%, demonstrating the advantage
of integrating castes in honey bee GWAS analyses. In addition, comparing the number of significant SNPs across
models revealed that incorporating the queen-worker model (direct genetic effect) in the GWAS resulted in the
identification of more significant SNPs than using either the queen or worker model alone (Fig. 4A-D).
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Fig. 4. GWAS Summary Statistics for Different Models (Example Scenario). (A) Manhattan and QQ plots
for the Queen model (lambda=1.02); (B) Worker model (lambda=0.98); (C) Queen + Worker model (Queen
effect) (lambda=1.13); (D) Queen + Worker model (Worker effect) (lambda=1.01).
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Fig. 5. Estimated statistical power across different minor allele frequency (MAF) thresholds, sample sizes,

and SNP effect sizes. Power to detect true genetic associations in the GWAS simulations under varying study
conditions. Panels represent different MAF filtering thresholds (0.01, 0.05, and 0.10). The x-axis shows the
number of sampled colonies (100, 500, 1,000, and 1,600), while the y-axis indicates the estimated statistical
power. Colored lines correspond to different SNP effect sizes (5 = 0.1, 0.2, 0.3, and 0.4). The horizontal dashed
line represents the commonly used power benchmark of 0.6 for reliable detection of true associations.

Allele frequency and power of detection

We further investigated the effect of MAF thresholds (1%, 5%, and 10%) across varying sample sizes (100, 500,
1,000, and 1,600) and stratified marker effect sizes ( 8 ) on power. Our analyses revealed that both increasing
sample size (from 500 to 1600) and higher MAF threshold (1% to 5%) substantially improved the power to detect
true associations (Fig. 5). Notably, the power gains were more pronounced at higher 5 values, indicating that
QTLs with large effect are more reliably detected even at lower allele frequencies when sample sizes are large
(>1,000). These findings emphasize the importance of optimizing both marker selection (e.g., through quality
control and selecting variants that represent genomic regions such as high linkage disequilibrium (LD) blocks)
and sample size to enhance power.

A similar power trend was observed across MAF classes, with common variants (MAF > 10%; 52,495 SNPs)
yielding the highest power (>70%), followed by moderate-frequency variants (1% < MAF <5%; 109,483 SNPs),
and rare variants (MAF < 1%; 180,513 SNPs) showing the lowest power (Fig. 5). This suggests that the detection
of genetic associations is more efficient for common variants, likely due to their higher allele frequency and
better representation in the population, which enhances statistical power. In contrast, rare variants (MAF <1%)
exhibited considerably lower power, even at larger sample sizes, underscoring the inherent challenges in
capturing the effects of such variants. This limitation may arise from low allele counts and increased variability
in effect estimation, which together reduce the likelihood of detecting statistically significant associations by
~20% unless the effect size is substantial. Therefore, future GWAS aiming to detect rare variant associations in
honey bees may benefit from integrating alternative strategies, including tailored modeling approaches (queen-
only, worker-only, or combined) and diverse sequencing designs (queen, worker, drone, or pooled samples), and
larger samples sizes to complement traditional GWAS methods.

Discussion
In this study, we evaluated the impact of sample size, trait heritability, and statistical models on power and
FDR. Our findings show how model choice influences power and FDR in a social phenotype context, while
also highlighting that both trait heritability and sample size are critical for increasing power and reducing FDR.
Furthermore, we identified optimal p-value thresholds for different GWAS scenarios, providing foundational
insights into optimizing GWAS methodologies for honeybee trait analysis and offering a framework for improving
the accuracy and reliability of genetic association studies in populations with complex social structures.
Specifically, our findings indicate that selecting an appropriate sample size requires balancing the need for
sufficient power to detect true associations while maintaining statistical rigor. For low-heritability traits, sample
sizes above 1,000 colonies are recommended, whereas moderate-to-high heritability traits can achieve reliable
associations with smaller sample sizes (>500), provided marker density is adequately high. To date, only a few
honey bee GWAS studies have exceeded 1,000 samples (Supplemental Table S1). Additionally, incorporating
both queen and worker effects into the GWAS model has the potential to reduce false positives, even for traits
with low to moderate heritability, where many honey bee traits typically exhibit heritability below 0.50.
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Trait architecture and complexity in honey bees: Implications for GWAS and genomic
selection (GS)

Genetic improvement programs exist for honey bees and have historically relied on artificial selection for traits
of human interest. However, the implementation of advanced genomic breeding approaches in social insects
remains limited despite the availability of reference genomes for species such as honey bee*’, wasps, ants’!, and
others. Addressing key research priorities and methodological gaps is important given the critical economic,
health, and ecological roles these insects serve. Beyond the relatively late initiation of large-scale sequencing
efforts in insect species, unique biological and statistical challenges remain that must be addressed to effectively
implement advanced genomic-based improvement schemes in honey bees.

A recent GWAS study by Eynard et al. (2025)'* demonstrated that the polygenic nature of honey bee traits, such
as Varroa infestation, recapping behavior, and mite non-reproduction (MNR), together with the haplodiploid
genetic system of the species, demands specialized GWAS models that account for these unique breeding
features. In their study, queen genotypes were reconstructed from worker genotypes across 1,500 samples, and
both single-trait and meta-GWAS were performed using a queen-based model. Despite the large sample size, the
study detected few or no significant associations for disease-related traits, which may reflect the highly polygenic
architecture of these traits, as suggested in previous studies, as well as potential limitations associated with
relying solely on reconstructed queen genotypes. Our findings suggest that a combined worker-queen modeling
approach would capture both direct and indirect genetic effects, thereby increasing statistical power and leading
to the detection of more significant SNPs associated with these traits. These insights may support advanced
breeding strategies such as genomic selection (GS), which relies on genome-wide marker information and
well-defined reference populations of genotyped and phenotyped individuals, but also incorporate previously
identified QTL or other biological information (e.g., through Bayesian models) to improve prediction accuracy
and enhance future colony improvement programs®7>~76,

Several approaches have been used to investigate trait-marker associations in honey bees (Table S1). Some
GWAS studies consider only the queen’s genotype!>*, others use pooled worker samples'®’”78, while others
reconstructed the queen’s genotype from pooled worker genotypes'*!4,. These studies apply varying GWAS
significance thresholds to identify significant SNPs. In our study, we evaluated multiple study variables and model
combinations, resulting in over 432 GWAS scenarios to help establish standardized practices for conducting
GWAS in honey bees (Fig. 1). Our results suggest that a p-value threshold of 1x 107 provides an effective
balance between detection power and control of false discovery rate under our simulation settings. Specifically,
this threshold minimized false positives while maintaining sufficient sensitivity to detect QTLs, particularly at
sample sizes of at least 1,000. Furthermore, incorporating both queen and worker genotypes improved discovery
power, reinforcing the importance of optimizing GWAS strategies for eusocial species.

To ensure the statistical validity of genotype-phenotype associations, GWAS must employ appropriate p-value
thresholds, FDR controls, and power calculations to account for the multiple-testing burden”>%. Although
a genome-wide significance threshold of p=5.0x107%, >60% Power, and a 20% FDR are commonly used in
diploid organisms®**8182_their suitability for honey bees and other eusocial populations remains uncertain and
not standardized. What sample size is required to achieve optimal Power while maintaining a low FDR? What
significance thresholds should be applied, and how should they be determined? Which statistical models are
best suited for accurately disentangling the genetic effects of queens and workers? These are critically important
questions that need to be addressed before pursuing functional genomics or marker-assisted selection”®%3-86,

Our study also demonstrated how sample size and trait heritability are critical factors in the design of
genomic studies. In honey bees, heritability ranges from as low as ~0.08 & 0.01 for traits*""*” like gentleness and
Varroa infestation to as high as 0.65 for hygienic and defensive behaviors®®-*°. For instance, hygienic behavior is
highly heritable (h* = 0.65). However, some of these estimates are derived from relatively small sample sizes and
are associated with large standard errors, which should be considered when interpreting their magnitude. Harbo
and Harris, (1999)% and Spivak, (1996)°! reported a relationship between hygienic behavior and the removal of
mites from brood cells; with colonies selected from hygienic behavior showing reduced mite levels compared
to controlled colonies. However, the strength of this relationship has not always been consistent across years or
studies, and evidence for the long-term repeatability and maintenance of these traits under selection remains
limited. Therefore, while hygienic behavior is considered a promising trait for improving resistance to Varroa
destructor, its effectiveness may depend on population, environmental conditions, and breeding strategies.
Interestingly, most of these polygenic traits exhibit genetic correlations®?, presenting opportunities to combine
genetically related traits in GWAS-meta analyses. This approach enhances the power and effectiveness of GWAS
meta-analyses, making them valuable for novel gene discovery and functional analysis by exploring pleiotropic
effects across traits®7%7393,

Statistical challenges in genomic studies of social insects

Another major hurdle in the genomic study of social insects is the lack of statistical tools capable of
comprehensively addressing the biological structure and genetic makeup of hymenopteran social insects. For
instance, constructing a GRM for haplodiploid species requires accounting for fundamental differences in
genetic makeup. Unlike diploid species, where individuals possess two sets of chromosomes, in haplodiploid
species, females develop from fertilized (diploid) eggs, while males develop from unfertilized (haploid) eggs®*.
This reproductive system results in unique relatedness patterns within colonies; for example, full-sister workers
can share up to ~75% of their genes due to haplodiploidy, although this relatedness is often reduced in honey
bees because queens typically mate with multiple drones. Consequently, colonies are composed of multiple
patrilines, and many colony-level phenotypes represent the aggregated contributions of individual workers
carrying different genotypes. This ploidy difference fundamentally alters the calculation of genetic relatedness:
while diploid relatedness is determined based on the proportion of alleles shared identical by descent (IBD), the
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presence of haploid males necessitates adjustments, typically halving the relatedness between diploid individuals
and haploid males®>~%. In this study, we utilized SIMplyBee, the first simulation package specifically designed for
honey bees*, to simulate phenotypes and construct a GRM using empirical genotype data.

In addition to these challenges, population stratification represents an important source of bias in genome-
wide association studies (GWAS) of social insects. Differences in allele frequencies among genetically structured
populations can lead to spurious associations if underlying structure is not adequately accounted for'®. Evidence
from human, plant, and animal GWAS has consistently shown that properly accounting for population structure
improves the accuracy of association signals, reduces false positives, and increases the power to detect true
genotype-phenotype relationships*>1%%19L, In honey bees, such structure can arise from differences between feral
and managed populations, the coexistence of multiple evolutionary lineages (e.g., African, Western and Eastern
European), and varying levels of admixture and ancestry across breeding populations!®%. These factors can
lead to substantial heterogeneity in allele frequencies and linkage disequilibrium patterns, thereby influencing
GWAS outcomes. Although the genomic inflation factor observed in our dataset was low, suggesting limited
confounding, the complex and multi-layered population structure of honey bees, combined with the presence
of multiple patrilines within colonies, may still affect association signals. Accounting for such structure through
approaches such as principal component analysis or mixed linear models is therefore essential to improve the
robustness and interpretability of GWAS results in honey bees. Building on these considerations, another key
challenge in GWAS of social insects is the quality and reliability of phenotypic data, particularly for behavioral
and hygienic traits, which are often influenced by environmental variation and colony-level interactions.
Measurement error and phenotypic plasticity can substantially reduce the power to detect true genetic
associations, emphasizing the need for standardized and replicated phenotyping protocols'®. In this context,
incorporating pedigree information can provide additional resolution by capturing relatedness and improving
the partitioning of genetic and environmental variance. Such integrative approaches are likely to enhance the
accuracy of marker-trait associations and strengthen downstream applications in genomic selection.

Simulation in social insects: Insights into colony-level phenotype mapping

Simulation testing is a valuable tool for evaluating study designs, especially where empirical data are limited.
In honey bee research, simulations have been particularly useful for assessing the efficiency of breeding
strategies'%*-1%. For instance, Plate et al. (2020)'% investigated alternative breeding schemes for endangered
honey bee species, and Kistler et al. (2021)!%° showed that polyandrous mating led to equal or greater genetic
gains compared to monoandrous mating, while maintaining significantly lower inbreeding rates.

Many honey bee traits are social in nature, arising not from an individual’s genotype alone but from
interactions among colony members!?”:1%, These traits involve both direct genetic effects expressed through
workers reflecting both maternal and paternal genetic contributions and indirect genetic effects from the queen,
which influence colony phenotypes through reproduction and regulation of colony organization. Together,
these are referred to as colony-level or social phenotypes. Traits such as honey production, hygienic behavior,
temperament (e.g., calmness, gentleness, aggression), and disease resistance exemplify this complexity. Accurate
mapping and modeling of these traits at the colony level are crucial®>!%!% Simulation studies have helped
clarify the limitations of GWAS, such as the effects of sample size, population structure, and genetic complexity,
while providing insights into mitigating biases and reducing false positives!!!-114,

Implications of the study

Our simulated phenotypes explicitly included both queen and worker effects, the GWAS model incorporating
these effects performed best. This suggests that the advantage of such models would likely be even greater when
applied to large and well-structured datasets.

However, since this model is likely closer to biological reality, our results provide important estimates of the
loss in statistical power when fitting only queen or worker effects singly. These results are especially useful when
designing experiments where sequencing strategies may only accurately yield queen or worker genotypes, but
not both. In practice, obtaining queen genotypes can be challenging because queens are often difficult to sample
without disturbing colony functioning and are usually represented by a single individual; moreover, destructive
sampling would result in the loss of the queen. In contrast, worker sampling is typically easier and allows pooling
individuals from multiple patrilines, providing a broader representation of the colony’s genetic composition.
Given that worker effects outperformed queen effects when modeled singly, sequencing approaches that capture
worker genetic variation (e.g., sequencing worker pools) may therefore be advantageous. However, in honey
bees, worker pool sequencing cannot fully resolve paternal contributions due to the queen’s polyandrous mating
system, and accurate estimation of allele frequencies from pooled samples requires sufficient sequencing depth
and careful consideration of potential dosage estimation challenges and alignment biases.

Conclusion

In summary, our study demonstrates that both sample size and trait heritability are critical determinants of
power and false discovery rate in honey bee GWAS. We show that reliable detection of rare variant associations
requires large sample sizes (>1,000 colonies), while moderate-to-high heritability traits can be studied with
fewer samples provided marker density is sufficient. Importantly, models that incorporate both queen and
worker effects yielded the best performance in terms of statistical power, reduced false discovery rates, and
improved detection of true QTLs, underscoring the need to account for the unique biology of eusocial insects.
By systematically evaluating various GWAS scenarios, we provide practical guidelines for optimal p-value
thresholds, model choice, and sequencing strategies, offering a framework to improve the design, reliability, and
impact of future genetic studies in honey bees and other social insects.
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Data availability

The datasets generated and/or analysed during the current study are available in the European Variation Archive
(EVA) repository under project accession PRJEB112074. The associated analysis accession is ERZ29311177. The
data are archived and will be publicly available from 1 May 2026.All analysis scripts and code used in this study
are available on GitHub at: https://github.com/DrMulusewFikere/BeeGWASThese resources provide sufficient
detail to reproduce the analyses presented in this study.
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