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Single-nucleus and spatial transcriptomics
identify brain landscape of gene regulatory
networks associated with behavioral
maturation in honeybees

Xiaohuan Mu1,7, Zijing Zhang 2,7, Qun Liu3, Jie Ma3, Yating Qin3, Haoyu Lang 1,
Yingying Zhang3, Nannan Zhang3, Qunfei Guo4,5, Pei Zhang4, Denghui Li3,
Ruihua Zhang3,5, Qianyue Ji3, Aijun Jiang3, Yang Wang4, Shanshan Pan3,
Xiawei Liu3, Xuemei Liu3, Jiahui Sun3, Yan Liu6, Hao Chen6, Li Zheng6,
LiangMeng3, Haorong Lu 4, He Zhang 4, Yifan Zhai6, Qiye Li 4,5, Junnian Liu3,
Huanming Yang 4, Jian Wang4, Xiaosong Hu1, Xun Xu 4 , Shanshan Liu3 &
Hao Zheng 1

Animal behavior is linked to the gene regulatory network (GRN) coordinating
gene expression in the brain. Eusocial honeybees, with their natural behavioral
plasticity, provide an excellent model for exploring the connection between
brain activity and behavior. Using single-nucleus RNA sequencing and spatial
transcriptomics, we analyze the expression patterns of brain cells associated
with the behavioral maturation from nursing to foraging. Integrating spatial
and cellular data uncovered cell-type and spatial heterogeneity in GRN orga-
nization. Interestingly, the stripe regulon is explicitly activated in foragers’
small Keyon cells, which are implicated in spatial learning and navigation.
When worker age is controlled in artificial colonies, stripe and its key targets
remained highly expressed in the KC regions of bees performing foraging
tasks. These findings suggest that specific GRNs coordinate individual brain
cell activity during behavioral transitions, shedding light on GRN-driven brain
heterogeneity and its role in the division of labor of social life.

Animal behaviors are mainly coordinated by the nervous system
transmitting signals across different body areas1,2. Brain, as a major
part of the central nervous system, contains neurons that send elec-
trochemical waves rapidly to modulate other cells, which drives spe-
cific behavioral responses3. In addition, dynamic genomic processes
reflected by the transcriptional states within the brain cells are also
implicated in behavioral changes4. Specific changes in brain gene
expression have been linked to behavioral responses to environmental

stimuli and even can accurately predict behavioral states5. While genes
maynot directly specify behaviors, theymediate the production of cell
molecules, such as neurotransmitters6,7 and hormones8, that govern
brain functions, and behavioral states are expressed. For the exam-
ination of the relationship between brain gene expression and beha-
viors, there is a particular focus on the transcriptional profile related to
social behaviors4. Social behavior characterizes the complex interac-
tions among individuals and is normally beneficial to the engaged
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individuals within the species9. Compared to other traits, social
behaviors are highly plastic during the lifetime of the individuals10.
Studies of the social phenotypes ofmultiple species have revealed that
brain gene expression mediates plastic responses in the context of
social organization11–13.

Insects provide ideal models for the study of social behavior as
they exhibit extremes of social organization from solitary to complex
societies where groups of individuals perform specific tasks14,15. The
honeybee is one of the few models with a highly evolved social
structure and a rich behavioral repertoire16, and the colony is orga-
nized by a complex and sophisticated division of labor17. In addition to
the reproductive castes (queens and male drones), worker honeybees
show distinct labor division patterns. The newly emerged adult bees
spend the first ~2 weeks inside the hive and perform most nursing
tasks, and then they transit to foraging foods outside the hive18.
Naturally, nursing and foraging states are age-related, and many
independent studies have documented the close relationship between
behavioralmaturation in honeybees and the bulk brainneuro-genomic
state11,19–21. However, it still lacks the resolution to assign the cell het-
erogeneity and distinguish the expression differences across cell
populations.

Although the honeybee possesses a relatively small brain con-
sisting of ~1 million neurons, its neural organization is much more
elaborate than Drosophila22. Moreover, the honeybee brain comprises
distinct regions that perform various advanced functions, such as the
mushroom bodies (MBs), optic lobes (OLs), and antennal lobes (ALs),

coordinating the brain activity23–25 and, thus, resulting the behaviors.
Recent studies using single-cell RNA sequencing technology find that
the honeybee brain is composed of multiple cell types showing dif-
ferential gene expression patterns, which are associated with the
reproduction caste26 and the aggressive behavior in honeybees27.
However, the comprehensive profiling of the entire brain regarding
behavioral transition from within-hive tasks to foraging remains
elusive. Particularly, behavior-specific neuro-genomic states were
influenced by GRN which seek to describe the relationship
between transcription factors (TFs) and their putative target genes19,28.
Additionally, the behavior-associatedGRNs in the brain aremanifested
across functional regions containing multiple cell types, which may
show specific activities of GRNs with the behavior transitions29. Thus,
uncovering both the cell and spatial heterogeneity in the GRN orga-
nization will provide insights into molecular characteristics of the
brain associated with the behavioral states.

Here, we constructed a high-resolution molecular landscape of
brain across natural behavior maturation of honeybee workers (10-
day-old nurse and 22-day-old forager) using single-nucleus RNA
sequencing (snRNA-seq) and spatial transcriptomics (Fig. 1a). Typical
cell types, including Kenyon, glial, and optic lobe cells, with dis-
tinguished patterns of gene expression led by specific combinations of
TFs, displayed different activity of GRN. Comparing the two classical
state of workers, nurses and foragers, we uncovered the dynamic
expression changes and deciphered the regulatory code for specific
cell populations in spatial and cellular profiles. By integrating both of
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Fig. 1 | Cell types of the honeybee worker brains identified by single-nucleus
transcriptomes. a Schematic diagram of the experimental design. b Annotated
tSNE visualization of the clustering of 121,247 single-nucleus transcriptomes
obtained fromnurse (70,060) and forager (51,187) bees. KC: Kenyon cells; Glia: glial
cells; OLC: optic lobe cells; OPN: olfactory projection neurons; Hem: hemocytes;
IPC: insulin-producing cells; Others: unknown cell type. Cluster identifiers from
Seurat clustering at a resolution of 0.2 are indicated in parentheses. c Selected

marker genes for the cell clusters annotated in nurse and forager bee brains. The
expression levels of indicated genes were evaluated by the collapsed pseudo-bulk
expression in each cluster as a percentage of uniquemolecular identifiers (UMIs) of
the total cluster. Bars represent themeans of 54biological replicates + SEM. Cluster
labels correspond to those shown in Supplementary Fig. S4. Source data are pro-
vided as a Source Data file. d Normalized UMIs per cell for the markers of Kenyon
(dopR2,mAChR-DM1) and glial (repo, glnS) cells Heatmap plotted over global tSNE.
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these profiles, we found brain regions, such as the mushroom body
exhibiting distinct GRN activity during the behavioral transition.

Results
Identification of discrete cell types in honeybee brain
We isolated nuclei for brains from 136 nurse and 80 forager honeybee
individuals. All brain tissues were profiled by snRNA-seq using the
DNBelab C4 droplet-based platform. We first included all samples,
regardless of caste, to get a comprehensive description of cell types.
We obtained transcriptomic data for 143,228 nuclei and filtered
doublets and cells with a low number of genes. Finally, 121,247 high-
quality cells were retained from 54 libraries (Supplementary
Figs. S1–S3; Supplementary Dataset S1). An average sequencing depth
of 88,867 reads per cell was achieved, and ~90% of reads could be
mapped to the genome of A. mellifera, with ~50% of reads mapped to
the exonic regions. The average number of detected genes per cell is
1213 in nurse and 1038 in forager bees.

Depending on the clustering resolution, we obtained 32–52 cell
clusters (0.2–1.6; Supplementary Fig. S4). In global visualization
using t-Distributed Stochastic Neighbor Embedding (tSNE), the cells
from nurses and foragers did not cluster separately (Supplementary
Fig. S5), indicating the consistency of cell types between the two
castes. Cell types of 24 clusters (resolution = 0.2) were annotated
using known markers from single-cell transcriptomes of Drosophila
and Harpegnathos30–34. Generally, we observed characteristic cell
types of the brain, including 29.0% Kenyon cells (KCs), 12.0% glia,
13.0% optic lobe cells (OLCs), 2.8% olfactory projection neurons
(OPNs), 0.5% hemocytes, and 2.2% insulin-producing cells (Fig. 1b;
Supplementary Figs. S6 and S7). The expression of classical markers
documented in A. mellifera confirmed our annotation (Fig. 1c, d;
Supplementary Dataset S2). Seven subclusters of the glia were
characterized (Supplementary Fig. S8). Subpopulations of
ensheathing (marked by CG7509), cortex (wrapper, CG6356, zyd), and
surface (Glob1, Indy, Tret1) glia were identified. Three subclusters of
astrocytes were distinguished by a set of markers (Eaat1, Gat, Rh50,
CG1495, CG9657), and one cluster (G1) could not be assigned to a
known transcriptional type. Eight distinct subclusters were identified
from OLCs with different expression patterns. Cluster 8 was identi-
fied as OPNs by Oaz30 To further validate our annotation, the cell
clusters from nurses and foragers were mapped to the whole-brain
profiles of Drosophila melanogaster30 and Monomorium pharaonic
ant35. The cross-species analysis based on AUROC scores revealed
that the major cell types (KC, glia, OLC) were more conserved
between honeybees and ants, but only glia showed relatively high
similarity between honeybees and Drosophila. (Supplementary
Fig. S9). In addition, the KCs and glial cells from nurses and foragers
clustered according to cell types rather than worker castes (Sup-
plementary Fig. S10). In addition, it revealed differentially expressed
genes (DEGs) for distinct cell types (Supplementary Dataset S3).
Gene ontology (GO) analysis on DEGs in each cell type revealed sig-
nificant enrichment in different biological functions (Supplementary
Fig. S11; Supplementary Dataset S4). For example, GO terms of
“learning or memory” and “cell communication” were explicitly
enriched in KCs, while OLCs and OPNs were enriched for “axon” and
“neuron projection”. Taken together, our snRNA-seq atlas revealed
the common cell types populating the nurse and forager honeybee
brains.

Constructing spatial landscape of cell types in honeybee brain
Since we identified the major cell types in the bee brain, we next
attempted to profile the spatial map with cellular resolution. We
applied Stereo-seq to the brain sections of both nurses and foragers.
The honeybee brain is oval in shape and contains several principal
parts, including the MBs, optic lobes, central complex, and antennal
lobes (Fig. 2a). The HE-stained section showed a relatively intact tissue

in our sample, and the major structures could be distinguished
(Fig. 2b). Two cryosection slices from nurse and forager were loaded
on the chip, and the tissue regions were identified by ssDNA staining
(Fig. 2c).We aggregated the datasets for each section into 50× 50DNB
bins (bin 50) and obtained a total of 4741 bins. We retrieved ~18,000
unique transcripts ofmore than 1200genes per bin fromboth samples
(Supplementary Fig. S12). Unsupervised spatially constrained-
clustering of the bins identified functional regions generally match-
ing the localization of anatomically defined parts in the bee brain.
Specifically, the paired cup-like calyx region ofMBs was dominated by
one specific cluster, and three contiguous clusters were distinguished
within the outer layers of optic lobes, mainly resembling the regions of
the retina, lamina, and part of the medulla (Fig. 2d, e). However, the
anatomic regions of other brain parts (e.g., VL, AL, OC) could not be
distinguished by clear boundaries of clusters, possibly because the
slides are more posterior portions of the brains25. We next validated
our spatial atlas by aligning the snRNA-seq data onto the brain sec-
tions. The projection by Tangram identified the localization of the KCs,
OLCs, and glia across different brain regions (Fig. 2f, g). In both sec-
tions of nurse and forager bees, KCs and OLCs were condensed in the
MB and optic lobe regions, respectively. In contrast, glial cells were
spread on the whole central brain, which accords with the previous
investigation by immunolabeling36. Thus, we generated a topographic
transcriptomic atlas of the honeybee brain for the following investi-
gations of spatial heterogeneity in cell activities.

Spatial heterogeneity and evolution of the cell subtypes
Compared with other insects, honeybees’ MBs are more developed37.
Morphological and molecular analysis has found four KC subtypes in
the honeybee brain: Class-I large-type (lKCs), middle-type (mKCs),
small-type (sKCs) KCs, and Class-II KCs. Preferentially expressed genes
have been identified in KC subtypes38; we further reclustered all KC
transcriptomes from our dataset. This identified five distinct popula-
tions within KCs (Fig. 3a), and the lKCs (marked by Mblk1), mKCs
(mKAST), and sKCs (E74) could be distinguished by previously docu-
mented marker genes (Fig. 3b, c)38. We identified two subclusters for
Class-II KCs: II-KC1 showed high relative expression of Trp and Fstl5,
while II-KC2 was characterized by a set of markers (Apisα7-2, Mrjp3,
PKC, sgg). Additionally,many other geneswere expressed in a subtype-
preferential manner (Supplementary Dataset S5), and the GO enrich-
ment analysis suggested distinct functions of KC subtypes. DEGs in
lKCs are involved in visual functions (e.g., ommatidial planar polarity),
while those in Class-II KCs are associated with locomotor rhythm,
associative learning, and memory (Fig. 3d).

Since different subtypes of KCs have also been characterized in
other insect species, we then compared the transcriptional similarity
of KCs between honeybee39 and other datasets fromM. pharaonis35,H.
saltator33, and D. melanogaster30,31,34 (Fig. 3e; Supplementary Fig. S13).
Most KC clusters fromhoneybees showedhigh similarity to those from
the two ant species, exhibiting advanced social organization. Specifi-
cally, the l- and mKCs of A. mellifera were similar to the Class-A KCs of
ant species, while the Class-B KCs from ants were most similar to the
Class-II KCs from honeybees. Comparatively, only the γ- and α’β’-type
KCs of Drosophila showed relatively higher similarity to sKCs and II-
KCs of the honeybee, respectively (AUROC>0.9).

We also reclustered the eight subtypes belonging to the OLCs in
our atlas (Fig. 4a).We compared the honeybeeOLC clusterswith those
fromMonomorium ants35 and twodatasets ofDrosophilaoptic lobe40,41.
Althoughmany honeybeeOLC clusters showedhigh similarity to those
from Monomorium ants35 (Fig. 4b; Supplementary Fig. S14c), some
honeybee OLCs had strong similarity to OLC subclusters of
Drosophila40,41 (Supplementary Fig. S14a, b). Interestingly, the OLC4 of
A. mellifera showed a similar gene expression pattern to the c20 inM.
pharaonic (AUROC=0.98) and the lamina monopolar cells (L1-L5) in
Drosophila (AUROC=0.99) (Fig. 4b, Dataset S5). Specifically, OLC4 is
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highly similar to the L1–3 neurons of Drosophila expressing markers
for chloride channel42. L1 and L2 depolarize in response to gamma-
aminobutyric acid (GABA) and store vesicular glutamate43,44. Corre-
spondingly, OLC4 of honeybee highly expressedmarker genes related
to chloride (ort, Lcch3), GABA (Grd, GABA-B-R3), and glutamate (Glu-
Clalpha, Ekar) channels (Supplementary Fig. S14d; Supplementary
Dataset S6), suggesting relative conserved molecular functions of
visual neurotics in the lamina45. In addition, the OLC1 and OLC8 were
similar to the distal and proximal medulla neurons of Drosophila.
Although theOLC6 of A.melliferawas not similar to themajor OLC cell
types fromeitherMonomorium orDrosophila, it showed a highAUROC
scores to several Drosophila subclusters (e.g., TmY3, Dm4 and Tm2;
Supplementary Fig. S14a, b).

The cell types and the topographical relationships of major neu-
ronal elements in the optic lobes of worker honeybees have been well
described by Ribi23,46 (Fig. 4c). Two types of fiber elements, the short
(svf) and the long visual fibers (lvf) form the optic cartridges with the
monopolar cells, L-fibers,within the lamina. In addition, two types ofT-
cells, the narrow (Tnf) and wide field (Twf) fibers and transmedullary
cells (Tm), were also defined in bee brain. Interestingly, the Tangram
projection of the snRNA-seq data revealed that the OLC4 subtype was
specifically enriched in the lamina region of nurses and foragers
(Fig. 4d, e). This observation suggests that the OLC4 cells exhibiting
homology to the Drosophila laminar monopolar cells probably repre-
sent the L-fibers in the first optic ganglion of the honeybee46.

Cell type-specific gene expression changes associated with
behavioral maturation
Since we have generated a cellular transcriptomic atlas for the hon-
eybee brain, we examined the gene expression during the transition
from in-hive tasks to foraging outside. We identified 1265 and 1016
genes upregulated in forager and nurse bees, respectively (Supple-
mentary Fig. S15; Supplementary Dataset S7a). Among the top ten
differentially expressed genes across four cell types, Mrjp1-5 were
highly expressed in the KC, OLC, OPN, andGlia of nurses, which agrees
with thepreviousfinding thatmrjp is involved in regulatingphenotypic
plasticity47. Whereas LOC724367 (l(2)efl) were generally upregulated in
various cell types of foragers, which participate in eIF2 alpha phos-
phorylation, which may enhance the translation of specific mRNAs to
promote memory consolidation48. However, some of the differentially
expressed genes are restricted to one cell type, there are 48.4% and
63.5% of these genes was cell-type specific for forager and nurse,
respectively (Fig. 5a, b). To examine the gene expression variations
conditional on cell type, we first compared our snRNA-Seq data to
three independent bulk assays by Whitfield et al.11, Alaux et al.49, and
Khamis et al.19 (Fig. 5c, d). In foragers, the bulk data were dominated by
expression changes identified in KCs. Conversely, in nurses, cellular
changes in glia and OPNs could be captured only in the A-MEXP-755
dataset.

Moreover, both DEGs in nurses and foragers exhibited subtype-
specificity (Supplementary Fig. S16, Supplementary Dataset S7b). To
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bees revealed subclusters in anatomical regions. a A schematic view of the
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(LA), and retina (RE). b Hematoxylin-eosin staining of one of the representative
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identify subtypes with the most pronounced differential expression
between nurse and forager bees, we normalized log2 fold change
(log2FC) values of gene expression to a 0-1 scale across all subtypes
(Fig. 5e). Among the genes analyzed, the Pban, which encodes the
pheromone biosynthesis-activating neuropeptide50 and caveolin-3,
known to enhance synaptic plasticity and learning ability51,52, displayed
the most significant differential expression in sKCs. The astrocytes of
nurses showed high expression of apidermin 2 (Apd-2), which is also
upregulated in the heads of young bees53. Collectively, these results
suggest that the gene expression shifts detected by bulk assays could
be attributed to specific cell types, and single-cell resolution is impli-
cated in finding cell heterogeneity in response to behavioral states.

Spatial heterogeneity of gene regulatory networks
In addition to the gene expression within the cell, the GRN coordi-
nating the observed expression changes is an important driver of
behavioral plasticity54. TFs are key proteins in linking signaling trans-
duction networks to gene-specific transcriptional regulation55. In order
to identify GRNs and the activities of TFs across individual cells, we
built a SCENIC database for A.mellifera and inferred the co-expression
networks. In total, 184 regulons (out of 602 initial co-expression
modules) were identified with significantly enrichedmotifs (NES score

>3) with their corresponding TFs (Fig. 6a; Supplementary Dataset S8).
Notably, 19 TFs have been identified as potential key regulators of
behavioral plasticity in the honeybee brain19,28,54. Cell clustering based
on the AUCell scores resulted in 14 SCENIC clusters, showing a dif-
ferent t-SNE projection compared to that based on gene expression
(Fig. 6b). Each SCENIC cluster was dominated by different cell types
(Fig. 6c, d), and the SCENICclusterswere grouped according to the cell
categories (Fig. 6e, f). Correspondingly, each cell type exhibited a
specific pattern of regulon activities, indicating that the same type of
cells possessed similar activities of regulatory networks. AUCell scor-
ing revealed potential master regulators driving specific states for cell
types (Supplementary Dataset S9a). KCs were mainly regulated by
Vsx2 and hormone receptors (Hr51). Bsh was the marker regulon for
both OPNs and OLCs, which corroborated with the optic lobe of
Drosophila30. Glia was recognized by the activity of the Repo, Dll, and
HGTX networks56.

Based on the constructed SCENIC database, we compared the
activity of the regulons from different cell populations in nurse versus
forager bees (Fig. 7a; Supplementary Dataset S9b). The br and usp
regulon showed significantly higher activity in most cell types of nurse
bees. The Hr38 and stripe regulons were enriched in forager KCs,
especially in sKCs. GRN is often combinatorial that TFs cooperate
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Fig. 3 | Subclustering of Kenyon cells from honeybee worker brains. a tSNE
visualization for the subclustering of Kenyon cells. lKC: Class I large-type Kenyon
cells; mKC: Class I middle-type Kenyon cells; sKC: Class I small-type Kenyon cells;
II-KC: Class II Kenyon cells. Cluster identifiers from Seurat clustering at a reso-
lution of 0.2 are indicated in parentheses. b Discernible marker genes for the
subclusters annotated in Kenyon cells. Bars represent the means of 54 biological
replicates +SEM. c Heatmap showing the average expression scale for marker
genes in subclusters of Kenyon cells. d Representative GO terms enriched by the
DEGs in different subclusters of KCs. Fold change is calculated as the proportion

of detected genes within each GO term. Dot size represents the normalized
fold change. Significance is assessed using the two-sided hypergeometric test.
e Correspondence of KC clusters between Apis mellifera, Monomorium
pharaonis35, and Drosophila melanogaster30 determined by MetaNeighbor. The
lines with different thickness link KC clusters from A. mellifera with those from
M. pharaonis and D. melanogaster according to the AUROC scores. Only tran-
scription similarities with AUROC > 0.6 are shown (Supplementary Fig. S13).
Source data are provided as a Source Data file.

Article https://doi.org/10.1038/s41467-025-58614-8

Nature Communications |         (2025) 16:3343 5

www.nature.com/naturecommunications


through regulating the samegenes57. The regulatory network showed a
substantial overlap among master regulons in KCs, including stripe,
CrebB, Hr38, forming a complex network consisting of 525 genes
(Fig. 7b; Supplementary Dataset S10). Moreover, the TF stripe and
CrebB exhibited self-regulation by targeting each other or themselves.
These indicate that honeybee brain cells show differential regulatory
networks of TFs, which may be related to the behavioral patterns of
honeybees.

We next explored the GRN activities and compared the activ-
ities of regulons across spatial locations (Fig. 7c). For nurse, themost
outer layer of the optic lobe was distinguished by the highly active
usp regulon. However, this is not consistent with the snRNA-seq
analysis, which might be due to the complex structure of the bee
optic lobes25. In comparison, both the snRNA- and Stero-seq analyses
revealed that the stripe regulon was enriched in the MB regions of
forager bees, and the projection-based analysis showed a higher
activity score of the stripe regulon at MB regions of forager brains
(Fig. 7d). To further confirm the expression patterns of the stripe
regulon, we performed fluorescence in situ hybridization (FISH)
assays to detect the activity of the TF stripe, and its target genes,
Hr38 and caveolin-3. Here, we established single-cohort colonies and
collected age-controlled forager and nurse bees (10- and 22-day old
foragers, 10-day old nurse bees). Our FISH analyses showed that the
fluorescence signal of stripe was concentrated in the small KCs
localizing at the inner core of the MB calyces (Supplementary

Fig. S17), which is consistent with the results based on the snRNA-seq
data (Fig. 7a). Moreover, the stripe transcripts were highly expressed
in both 10-day-old and 22-day-old foragers (Fig. 7e, h). Similarly, the
target genes Hr38 (Fig. 7f, h) and caveolin-3, (Fig. 7g, h) also showed
significantly higher activities in forager brains. Notably, cells
expressing caveolin-3 exhibited widespread distribution in MB,
consistent with the observed upregulation trend of caveolin-3
expression in the lKCs, mKCs, and sKCs of forager bees (Supple-
mentary Fig. S18). Altogether, our data showed cell-type specific
gene regulatory interactions and the GRNs operating in different
spatial locations may coordinate the behavioral maturation of
honeybees.

Discussion
The MBs, a higher-order center for sensory integration and memory,
are conserved in insect brains58. Compared with other insects, A. mel-
lifera possessed amore elaborateMB structure59. Consistently, we find
a large proportion of KCs (29.0%) in A. mellifera, which is comparable
to that in the social ants (36.0%) but much larger than that in Droso-
phila (5%)30,33,35, indicating that the large volume of MB is implicated in
the development of sociality60. Previous studies suggest that KCs were
more prevalent in the brains of social insects35,61. Consistently, the
cross-species analysis revealed that bothClass-I and -II types of KCs are
conserved between the honeybee and the two species of ants. In A.
mellifera, morphological analysis documents that four subtypes of KCs

Fig. 4 | Subclustering of optic lobe cells from honeybee worker brains. a tSNE
visualization for the subclustering of OLCs from the worker brains, which are
grouped into eight subtypes. Cluster identifiers from Seurat clustering at a reso-
lution of 0.2 are indicated in parentheses. b Correspondence of OLC clusters
between Apis mellifera, Monomorium pharaonis35, and Drosophila melanogaster40.
The lines with different thickness link OLC clusters from A. mellifera with those
from M. pharaonic and D. melanogaster according to the AUROC scores. Source
data are provided as a Source Data file. c A schematic diagram of the structural

characteristics of neurons from the optic ganglia of the honeybees (adapted from
Ribi and Scheel23). svf, short visual fibers; lvf, long visual fibers; L, L-fibre; Tnf,
tangential fiber with narrow-field ending; Twf, tangential fiber with wide-field
ending; Tm, transmedullary neuron. Spatial visualization of the distribution of the
OLC4 subcluster in the optic lobe regions of the brain sections of nurse (d) and
forager (e) bees inferred by Tangram. The color of each merged bin is scaled
according to the Tangram scores basedon the projectionof the snRNA-seq dataset.
Scale bars, 0.3mm.
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localize at specific brain regions, including Class-I large-, small-,
middle-type KC and IIKC38. Our findings reveal distinct transcriptomic
and functional profiles among the four types of Kenyon cells, under-
scoring their specialized roles in neural processing and behavior. The
spatial transcriptomic data confirmed the location of KCs in the MBs,
while we could not distinguish the distribution of specific subtypes
within the MB calyces58. Among them, the mKC is a recently defined
subtype from Class-I KCs62, and our atlas found that the mKCs showed
a high expression level of mKast together with a set of marker genes,
which are specifically enriched in the pathway of cellular response to
ecdysone (Fig. 3d). Ecdysone is a major regulator of behaviors in bees,
and the ecdysone-regulated genes are selectively expressed in the
MBs63. The transition of the ecdysone signaling mode in the MBs is
involved in the worker age-polyethism, and the mKCs are active in the

brains of foragers64. Thus, these suggest that the sensory information
processing in the mKC is significant during behavior maturation62.

With an extraordinary ability to recognize colors and navigate
routes accurately, the OLs are a vital sensory organ for honeybees to
receive information from the outside environment16. Previous studies
have demonstrated that the morphological features and neural
structures of the visual systems in honeybees exhibit caste-specific
adaptations65.The nurse bees spend most of their day inside the col-
ony, while the foragers need to detect flowers and navigate during
their foraging flights outside the hive66. Specifically, the OLC4 loca-
lizing in the lamina layer exhibits a highly similar gene expression
pattern to the monopolar cells in Drosophila. It probably represents
the L-fiber in the honeybee OLs, transmitting signals from the retina to
the medulla67. The monopolar cells in Drosophila express GABA
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receptors and accept GABAergic inputs from the centrifugal
interneurons68. Correspondingly, the genes related to GABA
receptors and channels are upregulated in OLC4. It has been
found that GABAergic neuron activity was significantly higher in a part
of the OL regions of the forager bees69. Taken together, the region-
specific GABA-mediated neuronal networks within the brain may be
implicated in processing complex information during foraging tasks in
the field.

Behaviors stem from the coordinated activities of cells and the
genes operating within the cells of the brain. It has been long recog-
nized that significant changes in brain gene expression profiles are
related to the behavioral transition by worker bees from hive work to
foraging21. The altered brain profiles are mainly driven by behavior
rather than age and can accurately predict the behavioral state of
individual workers11. Moreover, the shift in brain gene expression
accompanying behavioral maturation is quite reproducible, validated
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by independent studies28,70. This implies that many cells experience
similar state transitions that the aggregate expression profiles of the
whole brain still reflect the changes. However, we found that the
altered gene expression profiles are highly cell-type specific, while the
identified DEGs largely overlapped between the bulk studies and our
cellular measurements. Thus, the construction of a higher-resolution
brain gene expression map resolves the cellular heterogeneity in
transcription and suggests that individual cells switch states in a
coordinated manner during the behavioral transition.

The gene expression changes associated with behaviors are
coordinated by the GRN, controlled by the active TFs and their inter-
actions with the cis-regulatory regions. We found that the GRNs
underlying the transcriptional states of brain cells differed significantly
between the two worker castes. In the forager’s brain, the expression
level of the TF stripe is upregulated in theMBs. The stripe (EGR1), as an
immediate early gene, is activated and transcribed in response to
neurological signals, which contribute to the learning and memory
system in both vertebrates71,72 and insects73. In honeybees, the stripe is
rapidly activatedduring the orientationflight, whichmay contribute to
spatial learning and navigation behavior74,75. Correspondingly, our
spatial transcriptomic map showed that the stripe regulon is more
active in the MB calyces of foragers. Furthermore, there is hetero-
geneity in cell subtypes of the stripe regulon activity, which is speci-
fically active in the forager’s sKCs related to sensory information
processing during the foraging flights62. Previous studies have identi-
fied stripe as an immediate early gene highly expressed in sKCs76,77. Our
findings reveal that stripe functions as a TF together with a group of
target genes shows elevated regulon activity in sKCs, highlighting its
broader regulatory influence on honeybee behaviors. Conversely, the
stripe regulon is less active in the glia. During brain development,
stripe is involved in brain epigenetic programming, with its binding
sites becoming hypomethylated in mature neurons but remaining
methylated in the glia78. Thus, the upregulated stripe in response to
orientation flightsmay lead to the demethylation of its binding sites of
the mediated genes shifting to a more active transcriptional state.

The division of labor in honey bee colonies is based on the age,
with worker bees performing discrete sets of behaviors throughout
their lifespan18. These behavioral states are associated with distinct
brain transcriptomic states driven by GRN19. Thus, the brains gene
expressions will be affected by both age and natural behavioral
maturation49. In our snRNA analysis, the ages for nurse and forager
bees were not controlled, we found that many genes showed obvious
changes. Specifically, the TF stripe and its target genes are largely
affected in the KCs. Considering the potential age effect, we built the
artificial colony and controlled for the age of workers. The FISH ana-
lysis revealed that stripe and its key target genes, such as Hr38 and
caveolin-3, remained highly expressed in specific KCs of foragers
(Fig. 7). However, the current study may not fully detangle the effects
of age and caste. Previous studies have found that age-related differ-
ences in brain gene expression are most apparent in early adult life,

typically much earlier than they start nursing and foraging79. In future
studies, by comparing the cellular GRN between natural and age-
controlled foragers and nurses, it will distinguish the key features for
the division of labor.

In this study, our spatial transcriptomic analysis could not
delineate the anatomic regions of certain parts of the honeybee brain,
such as the VL, AL and OC. This limitation may arise from the bee
brain’s intricate spatial organization, where the capture of different
cell types can vary depending on the slice position25. Additionally,
snRNA-seq captures cells from the entire brain, but the spatial tran-
scriptomic analysis was based on a single-layer sampling. Such differ-
ence in cellular sampling can amplify discrepancies in regulon activity
between the two datasets, particularly in the OL regions, which con-
sists of the lamina, medulla, and lobula arranged sequentially from
distal to proximal along the body axis80. Future studies can construct a
3D expression atlas of the entire brain through serial sectioning, pro-
viding more comprehensive insights. On the other hand, while our
study focused on gene expression changes within individual cells,
dynamic interplay between neuronal networks and GRNs may con-
tribute to the generation of social behavior29. The electrochemical
signals, such as hormones, transmitted through the neuronal networks
may affect the activity of GRN, and in turn, GRN can also control neural
activity by regulating the response elements81. Here, our spatial tran-
scriptomic analysis identified distinct GRN patterns between nurses
and foragers across different brain regions. Future integration of both
neuronal networks and GRNs will provide insight into the evolution
from solitary to social life.

Methods
Honeybee sample collection
The fieldwork took place in August 2020 at the apiary of China
Agricultural University, Beijing, China. To control the age of nurse
bees, single-cohort colonies were set up82. Briefly, brood frames were
collected from a single hive, and adult bees were brushed off. The
frames were then incubated in the laboratory at 35 °C and 50% rela-
tive humidity. In two days, ~1000 bees emerged from each frame in
the incubator. Newly emerged bees were individually marked on
their thoraces with a spot of paint (Uni-Paint PX-20). Then, marked
bees and the frames were immediately returned to their original
hives. Ten-day-old marked bees placing their heads into honeycomb
cells containing an egg or larva were collected as nurse bees. Age-
matched 21- to 23-day-old bees returning to the colony with loads of
pollen on their legs were captured as foragers. There is no current
requirement regarding insect care and use in research. Honeybees
were cared for daily with adequate food during the experimental
period. For tissue collection, bees were collected gently and imme-
diately euthanized by CO2 anesthesia before dissection to reduce any
unnecessary duress.

All bees were collected between 9:00 and 11:00 a.m. on the same
day (2020/8/20). Honeybee brains were dissected immediately using a

Fig. 7 | Spatial heterogeneity of the gene regulatory networks in the honeybee
brain associated with behavioral maturation. a Differential regulon activity
between forager and nurse bee brains across cell subtypes. Nineteen regulons
previously associated with bee maturation are shown here19,28,54. The size of the
square represents a -log10(adj. P) of the two-sided t-test, and P value is adjusted
using the Benjamini–Hochbergmethod. The color indicates the normalized log2FC
across different cell types. Log2FC >0 indicates upregulation in foragers.
bRegulatory network for the co-regulatory factorsCrebB, stripe,Hr38. Regulons for
each TF are represented by different edge colors. The target genes are shown in
circles; the TFs and the corresponding motifs are shown in hexagon nodes.
c Volcano plot showing the regulons with differential activity scores in functional
subregions of the mushroom body and the optic lobe. The significance is deter-
mined by two-sided t-test, adjusted by Benjamini–Hochberg correction. d Spatial

visualization of the normalized activity score of the regulon stripe at mushroom
body regions of nurse and forager brains. Scale bars, 0.3mm. Fluorescent in situ
hybridization of stripe (e), Hr38 (f) and caveolin-3 (g) in the bee brains. Simulta-
neous detection of target gene mRNA (red) and (4’, 6-diamidino-2-phenylindole)
DAPI-stained nuclei (white), using confocal microscopy. Brain sections from 22-day
forager, 10-day forager and 10-day nurse bees, respectively. Scale bars = 20 um.
Each experiment was repeated independently three times. h The bar plot displays
the variation in fluorescence intensity within the mushroom body for stripe (top)
and its target genes Hr38 (middle) and caveolin-3 (bottom). The comparative ana-
lysis was conducted using the two-sided LSD test, with a significance level of 0.05,
adjusted by Benjamini–Hochberg correction. Each point represents a randomly
selected fluorescence region (n = 5). Bars represent the average intensity + SEM.
Source data are provided as a Source Data file.
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dissecting microscope (Canon). Bees were placed on beeswax and
fixed using two insect needles through the thorax. The head cuticle
was removed, and the whole brainwas placed on a glass slide. We then
carefully removed the hypopharyngeal glands, salivary glands, three
simple eyes, and two compound eyes. Dissected brains were kept
frozen at −80 °C until analysis.

Single-nucleus suspension preparation and snRNA-seq with
DNBelab C4 system
For the construction of each library, four frozen brain tissues were
transferred into a 2-ml Dounce homogenizer (Sigma, D8938) with 2ml
ice-cold 1×Homogenization Buffer containing 0.1mM Tris-HCl (pH=7.5,
Thermo Fisher, 15567027)), 0.1mM NaCl (Invitrogen, AM9760G),
0.03mMMgCl2 (ThermoFisher, AM9530G), 0.1mMDTT (Sigma, 43816),
1 × Protease inhibitor cocktail (Roche, 4693116001), 0.4 U/μl RNase
inhibitor (BGI, 01E019MM), 0.1% NondietP-40(Roche, 11332473001).
After transferring, the homogenizerwas put into ice for 20min, and then
tissues were homogenized by 25 strokes of the tight pestle B. Then, the
mixture was filtered through a 30-μm strainer (MILTENYI, 130-110-915)
into a 15-ml tube and centrifuged at 700 × g for 10min at 4 °C to pellet
the nuclei. The pellet was resuspended in 1ml of ice-cold PBS containing
1.5% bovine serum albumin (SIGMA, V900933) and 0.2U/μl RNase inhi-
bitor. The suspension was centrifuged at 700×g for 5min at 4 °C to
pellet the nuclei. Nuclei were resuspended in PBS containing 0.04%
bovine serum albumin and 0.2U/μl RNase inhibitor at a final con-
centration of 1000 nuclei per μl for library preparation.

snRNA-Seq libraries were prepared by the DNBelab C Series
Single-Cell Library Prep Set (MGI, 1000021082)83. First, single-nucleus
suspensions were converted to barcoded snRNA-seq libraries by dro-
plet encapsulation, emulsion breakage, mRNA-captured bead collec-
tion, reverse transcription, cDNA amplification, and purification. Then,
indexed sequencing libraries were constructed and quantified by
Qubit ssDNAAssayKit (Thermo Fisher Scientific, Q10212). Then snRNA
libraries were sequenced by the DIPSEQ T1 platform at the China
National GeneBank (Shenzhen, China) with the following sequencing
strategy: 41-bp read length for Read 1 and 100-bp read length
for Read 2.

snRNA-seq data processing
Raw sequencing reads from DNBSEQ-T1 were filtered and demulti-
plexed using PISA (v0.2; https://github.com/shiquan/PISA). Reads
were aligned to the genome of A. mellifera (GCF_003254395.2_A-
mel_HAv3.1_genomic) using STAR (v2.5.1b)84, and the bam files were
sorted by sambamba for downstream calculation (v0.7.0)85. The reads
were annotated against the GTF file of the A. mellifera genome with
‘PISA anno’. The barcode rank plots were generated, and the ambient
RNA noise was reduced based on the cutoff point between empty and
nonempty barcodes in SoupX (v1.4.8)86. The nucleus versus gene UMI
count matrix was generated using PISA.

Cell quality control and integration
The Seurat (v4.0.5)87 pipeline was executed on each library. Cells from
the nurse and forager bees sorted by the nFeature_RNA (number of
expressed genes in a cell) and 5th to 95th percentile were retained,
with each gene detected in at least three cells. Cells with high mito-
chondrial content were discarded (the percentage of UMIs classified as
mitochondrial genes <0.03). The UMI countmatrix was normalized via
the ‘NormalizeData’ function, and the mean-variance relationship was
controlled to select the most variable genes by ‘FindVariableFeatures’.
Principle components (PCs) were calculated using the ‘RunPCA’ func-
tion of Seurat.

For each library, we used DoubletFinder (v2.0)88 to remove
potentially doublet cells. The expected doublet rate was estimated as
5%, and the pseudo-doublets were generated with pN (the number of
artificial doublets) set to 0.25 and pK (the neighborhood size) of 0.01.

Cells were identified as doublets based on their rank order in the
distribution of the proportion of artificial nearest neighbors
(pANN), and cells with the top pANN values (> pK) were predicted as
doublets.

Using ‘FindIntegrationAnchors’ and ‘IntegrateData’ functions, all
libraries were integrated into a single matrix with the first 30 principal
components. The following parameters were used to correct for batch
effects of sequencing: reduction = “rpca”, normalization.method =
“LogNormalize”. Integrated expression values were then scaled using
the ‘ScaleData’ function, and principal components were calculated by
‘RunPCA’ based on the top 2000 variable genes. Graph-based unsu-
pervised clustering was performed by ‘FindNeighbors’ and ‘FindClus-
ters’ with different resolution parameters (0.2, 0.5, 0.8, 1.2, 1.6),
followed by ‘clustering trees’ using the R package clustree (v0.4.3)89 to
visualize the relationships between multiple resolutions. The embed-
ding plot TSNE (‘RunTSNE’) was used for visualization.

Cell type annotation
We annotated cell type by searching for specific expression patterns
for marker genes that have been defined in other insects, including
D. melanogaster30–32, Harpegnathos saltator33, and Monomorium
pharaonic35. The gene sets of A. mellifera (GCF_003254395.2_A-
mel_HAv3.1), D. melanogaster (GCF_000001215.4_Release_6_plus_I-
SO1_MT), and H. saltator (GCA_003227715.2_Hsal_v8.6) were retrieved
from National Center for Biotechnology Information (NCBI). The
reference genome of M. pharaonic was retrieved from Gao et al.90. To
define homologous genes between A. mellifera and other species (D.
melanogaster,H. saltatory,M. pharaonic), we referred to the orthologs
provided by OrthDB (v10.1)91 and also included the protein sequences
with two-way reciprocal best hits identified by DIAMOND (v0.8.23) (e-
value < 1e−5, percentage of identical matches >30%)92. Different num-
bers of homologous genes were defined between A. mellifera and D.
melanogaster (7955 genes), H. saltator (9464 genes), andM. pharaonic
(8545 genes).

According to the established neuronal and glial marker genes,
clusters were assigned to different cell types according to aggre-
gated cluster-level expression profiles. Moreover, we also detected
specifically overexpressed genes for each cluster by a differential
expression analysis of the cells with the ‘FindAllMarkers’ function of
Seurat. Significance was defined based on the Wilcoxon rank-sum
test (P value < 0.01, log2FC > 0.1). Only genes detected in at least 25%
of the cells within the sub-cluster were considered. Then, we per-
formedGeneOntology enrichment analyses on these overexpressed
genes for different clusters using the R package clusterProfiler
(v3.18.1)93. The GO terms of genes from A. mellifera were retrieved
from Elsik et al.94. The Hypergeometric test (two-sided) was used
to test the frequency of terms associated with a different set
of genes relative to the overall 12,374 protein-coding genes of
A. mellifera as background. The significance was adjusted using the
Benjamini–Holm correction.

Transcriptional similarity of cell clusters between species
We assessed the pairwise transcriptional similarity of cell clusters
between different species as described by Li et al.35. In brief, Meta-
Neighbor (v1.10.0)95 was used to calculate the AUROC score for iden-
tifying clusters with high similarities between species, including A.
mellifera, D. melanogaster,M. pharaonic, and H. saltator. Orthologous
genes between species identified as markers of different cell clusters
(log2FC > 1.25, FDR <0.05) were used for the MetaNeighbor analysis.
The UMI counts from a pseudo-cell generated by combining ten cells
randomly selected from a cell cluster without replacement were
summed by genes. The expression level of the marker genes was cal-
culated as CP10K (UMI counts per 10,000) and was standardized by
z-transformation. The correlations between the cell clusters from dif-
ferent species were compared based on Pearson’s coefficients.
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Differentially expressed gene analysis
We performed DEG analysis across different cell clusters and sub-
clusters. The number of UMI for each gene from all cells in the cluster
from each library was summed together and normalized by Trimmed
Mean of M-values (TMM) method. Common, trended, and tagwise
negative binomial dispersions were calculated by ‘estimateDisp’
function in edgeR (v3.32.1)96. We then performed Quasi-likelihood F-
tests using ‘glmQLFit’ and ‘glmQLFTest’ to identify differentially
expressed genes between nurse and forager bees. DEGs were defined
as genes with an absolute log2FC > 1 and adjusted P value < 0.05
(Benjamini–Hochberg correction). In addition, we compared our DEGs
with threeDEG sets between nurse and forager bees obtained from the
previous bulk analysis, including A-MEXP-36 (529 upregulated genes in
nurses; 317 in foragers)11, A-MEXP-755 (467 in nurses; 439 in foragers)49

and CAGEscan (457 in nurses; 416 in foragers)19. Enrichment over gene
sets from previous bulk data and DEGs in each cluster from our snRNA
data was statistically assessed using the hypergeometric distribution
(Fisher’s exact test). For all cases, we used all 12,374 protein-coding
genes in Apis mellifera as background.

Stereo-seq library preparation and sequencing
Single fresh brain tissue of nurse or forager bee was collected within
2min after dissection. The hypopharyngeal glands and salivary glands
were removed, while three simple eyes and two compound eyes were
preserved to ensure brain tissue integrity. Brain tissues were then
frozen in anOCTembeddingmedium (Sakura FinetekUSA, Inc) bathed
in chilled isopentane. After embedding, the tissue orientation was
marked on the disposable base molds (25mm× 25mm×5mm). OCT-
embedded bee brains were cryosectioned to a thickness of 10 μm
using a Leika CM1950 cryostat. Stereo-seq library preparation and
sequencing were performed as previously described with minor
modification97. In brief, the selected intact brain tissue sections of
nurse and forager bees were immediately placed on the Stereo-seq
chip and were fixed in 100% methanol at −20 °C for 30min. The chips
were then checked by nucleic acid dye staining (Thermo fisher,
Q10212) and light microscopy (Ti-7 Nikon Eclipse Microscope).
Meanwhile, tissue sections adjacent to those used for Stereo-seq were
stained by hematoxylin and eosin for histological examination. For
RNA release, tissue sections on the Stereo-seq chipwere permeabilized
with 0.1% pepsin (Sigma, P7000) in 0.01M HCl buffer (pH= 2), incu-
bated at 37 °C for 6minutes and then washed with 0.1x SSC buffer
(Thermo, AM9770) containing 0.05 U/μLRNase inhibitor (NEB,
M0314L). Then, mRNAs were in situ captured by the DNBs and reverse
transcribed overnight at 42 °C using SuperScript II (Invitrogen, 18064-
014, 10 U/μL reverse transcriptase, 1mM dNTPs, 1M betaine solution
PCR reagent, 7.5mMMgCl2, 5mMDTT, 2 U/μLRNase inhibitor, 2.5μM
Stereo-TSO, and 1x First-Strand buffer). Subsequently, the tissues were
removed by incubating at 37 °C for 30minwith Tissue Removal buffer
(10mM Tris-HCl, 25mMEDTA, 100mMNaCl, 0.5% SDS). The resulting
cDNAs were subjected to Exonuclease I (NEB, M0293L) treatment for
3 h at 37 °C. They were finally amplified with PCRmix containing KAPA
HiFi Hotstart Ready Mix (Roche, KK2602) and 0.8μM cDNA-PCR pri-
mer. The PCR reactions were incubated at 95 °C for 5min, followed
by 15 cycles of 98 °C for 20 s, 58 °C for 20 s and 72 °C for 3min, and
finally 72 °C for 5min. A total of 20 ng of the resulting PCR products
were subject to the following steps for DNA nanoballs (DNBs) gen-
eration: fragmentation (in-house Tn5 transposase), amplification
(KAPA HiFi Hotstart Ready Mix), and purification (VAHTS DNA clean
beads). In the end, DNBs were loaded into the patterned Nano arrays
and sequenced on an MGI DNBSEQ-T10 sequencer (50bp for read 1,
100bp for read 2).

Stereo-seq raw data processing
Stereo-seq raw data processing and unsupervised clustering were
performed97. In brief, sequenceswere generated by anMGIDNBSEQ-Tx

sequencer with CID andMID appended on each sequencing read. First,
CID sequences on Read 1 were mapped to the designed coordinates of
the in situ captured chip with 1-base mismatch tolerance, and reads
with MID containing either N or >2 bases with a low-quality score (<10)
were filtered out. STAR was used to map reads to the reference gen-
ome of A. mellifera. Only UMI sequences with a MAPQ> 10 were
annotated to their corresponding genes and included in the sub-
sequent calculation. Finally, the CID-containing expression profile
matrix was generated by a publicly available pipeline SAW.

Binning and unsupervised clustering of Stereo-seq data
Transcripts captured by 50× 50 DNBs were merged as one bin 50, the
fundamental unit for the downstream analysis. The “SCTransform”

function of Seurat was applied to normalize and identify highly vari-
able genes (HVGs). All HVGswere included in the principal-component
analysis. Clusters were identified using the ‘FindNeighbors’ and
‘FindClusters’ functions.

Mapping snRNA data onto Stereo-seq data
Tangram (v0.21.1)98 was used for mapping single-nucleus gene expres-
sion data onto our spatial gene expression data to project annotation in
the snRNA-seq on space. The top 100 differentially expressed genes in
each cell type were identified by the ‘sc.tl.rank_genes_groups’ function.
The DEGs were then used as training data for the Tangram projection
with the ‘cluster’ mode.

SCENIC analysis
We first created the motif databases for the cisTarget and SCENIC
analysis on A. mellifera. We identified TFs with Position Weight
Matrix (PWM) models in D. melanogaster. We collected 850 TFs with
16,882 motifs in D. melanogaster from the SCENIC database,
and ortholog analysis (described above) identified 602 orthologous
TFs associated with 9737 PWM models in A. mellifera. A custom
cisTarget database was created on A. mellifera using ‘create_-
cisTarget_databases’ (https://github.com/aertslab/create_cisTarget_
databases). We scored the 9738 PWMs on the regulatory regions up
to 5 kb upstream and 2 kb downstream of each gene in A. mellifera.
The gene-motif rankings were then built, taking the best-scoring
region for each motif and gene.

The SCENIC analysis was conducted as described in the
workflow99 using pySCENIC (v0.6.6)100. Candidate regulatory modules
were inferred from co-expression patterns between TFs and genes by
GRNBoost2. Co-expression modules were refined by eliminating
indirect targets based on TF motif information using cisTarget to
identify putative direct-binding targets. We only retained the motifs
that showed NES > 3.0 with their corresponding TF. These processed
modules with significant motif enrichment of the correct regulator
were retained. We used the AUCell algorithm to assess the activity of
each regulon in every single cell. This calculated the enrichment of the
regulon as an area under the recovery curve across the ranking of all
genes in a particular cell, whereby genes were ranked by their
expression value. Based on gene regulatory networks described by the
AUCmatrix,we ran the cell clusteringwith a resolution of0.2 in Seurat.
The marker regulons across cell types were defined by the Wilcox test
with log2FC >0.1 and P value < 0.01.

For each regulon, the log2FC between nurse and forager bees
was calculated within each subtype at single cell level. To
assess significance, differential regulon activity was determined
using the t-test. The resulting p-values were then corrected using
the Benjamini–Hochberg false discovery rate method101. To inves-
tigate regulon activity in space, we utilized AUCell to assess
their activity within bin 50 of the spatial transcriptomic sections.
Using the same approach, we then examined the differences in
regulon activity between nurse and forager in the corresponding
brain regions.
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Fluorescence in situ hybridization
To verify the expression of genes regulated by the stripe regulon in
KCs, the field experiment was performed again in May 2024 at the
apiary of China Agricultural University, Beijing, China. Three hives
were selected to set up single-cohort colonies to control the age of
adult bees. Ten-day-old marked bees placing their heads into honey-
comb cells containing an egg or larva were collected as nurse bees. 10-
day-old and 22-day-old bees returning to the colony with loads of
pollen on their legs were captured as young and old foragers.

We performed SweAMI-FISH (GF002, Servicebio) and high-
throughput microscopy scans102. RNA probes targeting the stripe
(LOC726302), Hr38 (LOC551232) and caveolin-3 (LOC408310) incor-
porating thefluorescent dyeCy3 at the 5′ endswere designed. Detailed
information of the probe sequences can be found in Supplementary
Dataset S11. After fixation in 4% paraformaldehyde in PBS for 24 h, the
brains were dehydrated, embedded in paraffin, and sectioned at a
thickness of 4 μm. Sections with intact tissue underwent dewaxing and
antigen retrieval using citrate buffer (pH 6.0). Proteolytic digestion
wasperformedusingproteinaseK (20μg/ml) for 5min. Tissue samples
were washed three times in PBS, each for 5min. A pre-hybridization
solution was applied at 37 °C for 1 h, followed by overnight hybridi-
zation in a 40 °C incubator using a probe- containing hybridization
solution. Post-hybridization washes were conducted using 2× Saline
SodiumCitrate (SSC) at 37 °C for 10min, 1× SSC at 37 °C twice for 5min
each, and 0.5× SSC at room temperature for 10min. For branchedDNA
probe hybridization, slidesweregently dried and coveredwith 60μl of
pre-warmed hybridization solution, followed by incubation in a
humidified chamber at 40 °C for 45min. Post-hybridization washes
included2× SSC, 1× SSC, 0.5× SSC, and0.1× SSC at 40 °C for 5min each.
Cy3-labeled signal probes were applied at a dilution 1:200 and incu-
bated at 42 °C for 3 h. Further washes were performed with 2× SSC at
37 °C for 10min, 1× SSC at 37 °C twice for 5min each, and 0.5× SSC at
37 °C for 10min. Sections were stained with DAPI in the dark for 8min,
rinsed, and mounted with an anti-fade mounting medium. Hybridized
brain tissues were imaged using a Zeiss 810 Laser Scanning Confocal
microscope with a 20× objective (Carl Zeiss Microscopy GmbH, Jena,
Germany).

Fluorescence intensity was analyzed using ImageJ software
(v1.8.0)103. In the fluorescence region, five distinct areas of equal size
were randomly chosen. To detect differences of intensity, an analysis
of variance (ANOVA) model was fitted using the ‘aov’ function in the
‘stats’ package in R. Multiple comparisons were performed after the
one-way ANOVA using the ‘LSD.test’ function from the ‘agricolae’
package (v1.3.5).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The raw data of the snRNA-seq used in this study are available in the
CNGB Sequence Archive104 of China National GeneBank DataBase105

under accession code CNP0003087. The raw data of the spatial tran-
scriptomics used in this study are available in the CNGB Sequence
Archive of China National GeneBank DataBase under accession code
CNP0003197. The reference genomes used in this study were
retrieved from NCBI: Apis mellifera GCF_003254395.2 [https://www.
ncbi.nlm.nih.gov/datasets/genome/GCF_003254395.2/], Drosophila
melanogaster GCF_000001215.4 [https://www.ncbi.nlm.nih.gov/
datasets/genome/GCF_000001215.4/], and Harpegnathos saltator
GCF_003227715.2 [https://www.ncbi.nlm.nih.gov/datasets/genome/
GCF_003227715.2/]. The reference genome of Monomorium phar-
aonic was retrieved from the CNGB Sequence Archive CNP0001417.
The public datasets used in this study include scRNA-seq data of the
adult Drosophila brain from Davie et al.30, available at GEO GSE107451,

and from Li et al., 2022, available at ArrayExpress E-MTAB-10519. The
scRNA-seq data of the adult Drosophila midbrain from Croset et al.31,
have been deposited in NCBI SRP128516. The snRNA-seq data of the
whole brain of Monomorium pharaonic are accessible at NCBI
PRJNA833256, while the RNA-seq data generated for theHarpegnathos
saltator midbrain have been deposited in NCBI GSE149668. The
scRNA-seq data of the Apis mellifera brain are available at NCBI
GSE142044. The scRNA-seq data of the Drosophila visual system from
Kurmangaliyev et al. have been deposited in NCBI GSE156455, while
those from Özel et al. are available at NCBI GSE142789. The bulk brain
gene expression data of nurse and forager honeybees based on
microarray A-MEXP-755 have been deposited at ArrayExpress E-TABM-
512, while those based on microarray A-MEXP-36 are available at
ArrayExpress E-MEXP-24. Additionally, the CAGEscan sequences for
nurse and forager samples have been deposited in NCBI
GSE64315. Source data are provided with this paper.

Code availability
The scripts used in this study have been made available on GitHub
repository (https://github.com/mumu8910/snRNA_NF.git) with the
identifier (https://doi.org/10.5281/zenodo.14909482)106.
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