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Cellular morphology is tightly linked to function, but how subcellular
transcriptlocalization contributes remains unclear. Using microglia,

the brain’s resident macrophages, as amodel, we combined multiplexed
error-robust fluorescence in situ hybridization with immunohistochemistry
to map how morphology and subcellular mRNA localization interact

with functionin young and aged mouse brains. We show that mRNA
spatial organization varies across microglial states and defines distinct
localization patterns within their processes, revealing morphological
heterogeneity within transcriptomically defined populations. Notably, we
found a subpopulation of disease-associated-like microglia with aramified
morphology (that is, displaying numerous processes), challenging the
conventional assumption between morphology and microglial states.
Finally, we found that aging may reshape mRNA distributions and their
co-localization networks, shifting microglial programs fromintracellular
signaling and regulation of phagocytosis toward migration and catabolic
regulation. Our findings highlight the role of subcellular transcript
organization in shaping microglial morphology and function, offering
new avenues for studying and modulating microglial states in health,

disease and aging.

Subcellular localization of mRNA provides precise spatial control over
proteinsynthesis'. This processiis essential for cells with complex mor-
phologies, and its disruption has been linked to age-related neurode-
generative diseases, including Alzheimer’s disease® ®. In the central
nervoussystem (CNS), neurons and gliarely onlocalized transcripts to
maintain polarized functions’ . Microglia, the residentimmune cells
of the CNS*, are anideal model for studying how mRNA localization’s
interaction with cellular morphology generates functional diversity™'®.
Microglia have traditionally been classified into two morphological
states with distinct functions: a ‘homeostatic’ state with ramified or
branched processes and an‘activated’ (disease-associated) state with

anamoeboid shape". This variation has long been assumed to reflect
the distinct functional specializations of transcriptomically defined
states, with the extensive branching of ramified microglia enabling
surveillance of large tissue volumes while the compact amoeboid form
facilitates efficient phagocytosis of cellular debris'®". However, the
mapping between microglial morphology and function may be more
complex thanthis simple picture suggests, asrecent findings showed
that ramified microglia can perform phagocytic functions typically
associated with amoeboid morphology®.

Single-cell transcriptomics has characterized myriad micro-
glial states? ™, including homeostatic®*, transitioning® and
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disease-associated microglia (DAM)?, across healthy and diseased
brains**®, However, these studies relied on tissue dissociation, which
obscures spatial context and prevents measurement of cellular mor-
phology and subcellular transcript localization. By contrast, spatial
transcriptomics preserves tissue architecture, but most approaches
lack the resolution to resolve subcellular mRNA distributions®. Tech-
niques suchas multiplexed error-robust fluorescence insitu hybridiza-
tion (MERFISH) address this limitation, enabling high-resolution mRNA
mapping and studies of aging and disease in the CNS**"*2, Although a
recent study combined spatial transcriptomics with electron micros-
copy on adjacent sections to correlate microglial ultrastructure with
the transcriptome®, no current method captures subcellular transcript
location along the full extent of their processes. Emerging evidence
suggests that mRNA positioning within microglial processes contrib-
utes to cell function®.

To address this, we combined MERFISH with high-content fluo-
rescence immunostaining to examine how transcript localization
correlates with microglial morphology in young (3-month-old) and
aged (24-month-old) mouse brains. Our analysis uncovered diverse
microglialmorphologies associated with distinct transcriptomic phe-
notypes, including a subpopulation with a DAM signature with highly
ramified processes. Correlating transcriptomic data with morpho-
logical features, we identified genes strongly associated with this cell
state, potentially impacting microglial function. Spatial mapping of
transcripts withinindividual microgliarevealed that process-localized
genes may be predictive of specific morphological states across the
lifespan. Aging altered the distribution of compartmentalized mRNAs
and reshaped their co-localization networks, shifting microglial pro-
grams from cytokine production and phagocytic processesin younger
brains toward migration and catabolic pathways in older brains. Col-
lectively, these findings show that subcellular mRNA organization, in
bothlocalization and age-dependent clustering, helps define distinct
morphological phenotypes and functional states of microgliaandillu-
minates how localized transcriptomic architecture shapes microglial
rolesinthe aging brain.

Results

Microglial transcriptional state depends on age and region

To visualize gene expression and microglial morphology in situ, we
applied subcellular-resolution MERFISH combined with fluores-
cence immunostaining of ionized calcium-binding adaptor mol-
ecule 1 (IBA1)* on sagittal sections of three mouse brains per sex at
3 months old (young) and 24 months old (aged) (12 in total) (Fig. 1a
and Methods). Our spatial transcriptomics dataset contains counts
and subcellularlocalization for a panel of 500 curated genes, designed
to capture cell type and age-related variation across the brain (Fig. 1b
and Methods). This gene panel was used to segment®® and character-
ize spatially resolved single-cell gene expression. After quality control
(Extended Data Fig. 1a,b), preprocessing and clustering of spatially
resolved single-cell transcriptomes, we identified and annotated*
991,315 cells across 38 major cell classes spanning seven brain regions
(Methods and Extended Data Fig. 1c—e).

To characterize microglial regional distribution and transcrip-
tional states with age, we identified and reanalyzed microglia across
all12 brain sections (Methods). After identifying approximately 5,800
transcriptomically defined microglia, we aligned the transcriptomics
data to the fluorescent images and used IBAl-based segmentation
to refine microglial boundaries (Extended Data Fig. 2a—c). We then
recomputed RNA molecule counts within these boundaries to obtain
single-cell expression profiles for the microglia (Extended DataFig. 2d).
Intotal, weidentified 3,970 microglial cells (Methods) directly aligned
to non-overlapping IBA1 segmentations representing their mor-
phologies. These microglia were predominantly in posterior
brain regions, especially the midbrain, pons and medulla (MPM)
(Extended Data Fig. 3a). Clustering and two-dimensional uniform

manifold approximation and projection (UMAP)* visualization of
these aligned microglia revealed three primary transcriptional sub-
types (Fig. 1c—e and Extended Data Fig. 3b). The homeostatic cluster,
marked by the expression of canonical microglial markers P2ry12,
Tmem119 and Cx3crl (ref. 24), was enriched in the cortex (Fig. 1d and
Extended Data Fig. 3c). A transitory state of microglia expressed high
levels of Cd83 and Hifla* and was primarily localized to the MPM and
the hypothalamus (Fig. 1d and Extended DataFig. 3d). The third cluster,
defined by elevated expression of DAM markers /tgax, Axl and Spp1
(ref. 26), was primarily found in the cerebellum, hippocampus and
MPM (Fig. 1d and Extended Data Fig. 3e) and was the main subtype
increased in aged versus young mice (Extended Data Fig. 3b). We also
observed asmall region-dependent effect, where microgliain subsets
of cortical layers and cerebellum showed slight transcriptomic devia-
tions from other populations (Extended Data Fig. 3f).

Given that microglial function is typically associated with mor-
phological changes, we next quantified morphological differences
across transcriptomic classes. Using the same IBA1 segmentation, we
calculated 26 morphological features for all microglia (Extended Data
Figs. 2c and 4 and Supplementary Data Table 1). To validate that our
thin sections captured intact morphologies, we compared features
from whole microglia with those from matched sections of the same
cellsand observed strong positive correlations (Supplementary Data
Fig. 1). Upon confirmation that our morphological measurements
reliably reflected the true three-dimensional structure of the cells,
we then compared all features between the different transcriptomic
classes (Extended Data Fig. 4). As expected, microglia expressing a
DAM signature exhibited a more amoeboid morphology, with ele-
vated values of cell solidity (Extended Data Fig. 4) compared to the
other two classes on average™. Interestingly, both transitioning and
homeostatic clusters showed substantial variation in ramification
(number of processes), with transitioning cells displaying slightly
more branching points. We also observed high morphological vari-
ance among DAM-like microglia, with some cells showing ramification
similar to homeostatic microglia, contradicting previous assump-
tions about these states (Extended Data Fig. 4). Together, these find-
ings suggest a disconnect between transcriptomic classification and
inferred morphological ramification patterns and point to additional
functional heterogeneity within DAM-like microglia based on their
morphological properties.

Microglial functional states defined by transcriptomic states
have heterogeneous morphology

After examining the morphologies associated with different tran-
scriptomic states of microglia, we next asked whether their geometry
provided additional insight into functional states. To quantify mor-
phology, we used the aligned IBA1 maximum projection images and
Bayesian-defined cellboundary priors to generate single-cell microglial
images (Extended Data Fig. 5a). We then used a pretrained neural net-
workto parameterize theseimages into a high-dimensional morphology
embedding that captured multiscale features® (Extended Data Fig. 2b).
We then clustered microgliain this space and visualized them using a
UMAP embedding (Fig. 2a). Applying k-means clustering to the mor-
phology embeddings, weidentified five clusters arranged along a con-
tinuum from the least to the most ramified morphologies (Fig. 2b). We
labeled these C1-C5, with C1 showing the lowest ramification values,
such as cell area, number of terminal points and fractal dimension, and
C5 showing the highest. Regional distributions recapitulated previ-
ous findings where more ramified microglia were enriched in cortex,
whereas amoeboid cells were found predominantly in the midbrain
and hindbrain*° (Extended Data Fig. 5b—f) while increasing with age
(Extended Data Fig. 5g)*'. The morphological classes were character-
ized by variations in both basic measurements, such as cell area and
solidity, as well as ramification metrics, such as fractal dimension and
the number of terminal branches*** (Fig. 2b), confirming that the
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morphology embedding captured variation in microglial ramification
(Extended DataFig. 6 and Supplementary Data Table 1).

We next compared morphology-derived and transcriptomics-
derived clusters by calculating the percentage of each morphology
classwithin each transcriptomic class (Fig. 2a,c). As expected, DAM-like
microglia showed reduced ramification, with higher proportions of
amoeboid classes C1 and C2 and lower proportions of the ramified
classes C4 and C5, whereas C3 was uniformly distributed across all
transcriptomic classes. However, we also observed, in contradiction
with previous observations, populations of homeostatic microglia
with amoeboid morphologies and DAM-like cells with ramified mor-
phologies (Fig.2c). We validated the presence of these ramified micro-
glia expressing a DAM signature through immunohistochemistry of
microglia (Supplementary Data Fig. 2a and Methods), which showed
that AXL-positive microglia (microglia expressing a DAM signature)
comprised both ramified and amoeboid cells based on the mean mor-
phological values of C4 microglia (Supplementary Data Fig. 2b—d).
These ramified DAM-like cells, representing approximately 30% of
the transcriptomic class, might have an increased surveillance area
compared to their amoeboid counterparts while maintaining their
phagocytic and proinflammatory function. Additionally, we see that
transitioning microglia displayed the highest proportion of ramified
morphologies, suggesting that homeostatic microglial cells display a
slightincrease followed by adecrease in ramification when undergoing
functional responses (Fig. 2c). Thus, a morphological gradient exists
across transcriptomic classes, and the pronounced morphological
heterogeneity within each class supports the now-accepted concept
that function, morphology and transcriptional state are not necessar-
ily connected in the manner once assumed*®, further calling for the

revision of the classic homeostatic-DAM classification framework.
The variable proportions of the different morphologies for each tran-
scriptomic class alsoimply arange of the functional implications that
the morphological states can have on the different transcriptomic
classes, further skewing previous definitions of microglial cell state.
To further probe relationships between transcriptional state and
morphology, we performed differential gene expression analyses
between morphology clusters C1 and C5, the extremes of the mor-
phology space, and between homeostatic and DAM-like clusters,
the extremes of the microglial reactive states (Fig. 2d). Comparative
analysis of the most enriched Gene Ontology Biological Process terms
derived from these differentially expressed gene (DEG) sets showed
that the transcriptomic changes between homeostatic and DAM-like
microgliawere associated with Gene Ontology terms such as cell junc-
tion disassembly and phagocytosis. By contrast, DEGs between the
two extremes of the morphology space were linked to cellular com-
ponent biogenesis and metabolic processes (Fig. 2d,e), suggesting
functional differences between cells of varying geometries that are
independent of changes between homeostatic and DAM phenotypes.
Together, these findings indicate that reduced ramification does not
necessarily correlate with the DAM functional state. Additionally,
comparing the morphologically distinct cells within the homeostatic
microglia, we observed that genes related to glutamate trafficking
and to the anchoring of glutamate receptors, which are associated
with ‘activated’ microglia (Methods), are elevated in the ramified
microglia as opposed to the amoeboid-shaped cells (Fig. 2f). These
results contradict that increased expression of different glutamate
trafficking genes results in activated and morphologically less com-
plex cells, as observed previously*”*%, Collectively, comparing our

Nature Aging | Volume 6 | April 2026 | 869-885

87


http://www.nature.com/nataging

Article

https://doi.org/10.1038/s43587-026-01089-z

a Cc
[ Xej|
100
®Cc2
®C3
@ca
80 | @® C5
8
o 60
(o)}
S
C
[0}
2
& 40
20
® C3 ®cC4 ® C5 ® Homeostatic @ Transitioning ® DAM o -
Homeostatic Transitioning DAM
< Cell area Homeostatic glutamate transporter
% 8017 score by morphology
© % 60 Morphology versus transcriptomic DEGs ° 259 *kk .
&3 10 g 20
35 o
x 2 20 £ 159
a o -
3 g 101
04
2 T £ o054
= Cl C2 C3 C4 C5 c DAM 9
Number of veé;us 1 25 42 Hor:caercs)uts o E 04
terminal points stati £ 05
50 1 © 0] -
T T
5 407 c1 c5
Q 4
€ 30 Morphology cluster
3 20 -
= 10 4 e Top GO terms for morphology
and transcriptomic DEGs
o4
T

Cl C2 C3 C4 C5
Cell solidity

Solidity (abu)
o
o
L

Anterograde trans-synaptic signaling (GO:0098916) —
Modulation of chemical synaptic transmission (GO:0050804) |
Chemical synaptic transmission (GO:0007268)

Regulation of protein-containing complex assembly (GO:0043254) |
Establishment of protein localization to mitochondrion (GO:0072655) —
Regulation of trans-synaptic signaling (GO:0099177) |

Negative regulation of smooth muscle cell proliferation (GO:0048662) —
Regulation of cellular component biogenesis (GO:0044087) —

Endocytosis (GO:0006897)
DAM versus Homeostatic

C1versus C5

Phagocytosis (GO:0006909) |

1.0 4
0.8 1
0.4 1
0.2 4
T T T T

T
Cl C2 C3 C4 C5

Fractal dimension

Synaptic transmission, glutamatergic (GO:0035249) —

Regulation of superoxide anion generation (GO:0032928) —

Positive regulation of superoxide anion generation (GO:0032930) |

Myelin maintenance (GO:0043217) —

Mitochondrion-endoplasmic reticulum membrane tethering (GO:1990456) —
Positive regulation of mitophagy in response to depolarization (GO:0098779) —

Value (abu)

. o
1.2
1.0 4
0.8 1
0.6
T T T T T

Cl C2 C3 C4 C5

Fig. 2| Discrepancies between implied microglia function defined

by morphology versus transcriptional state. a, Morphological UMAP
embeddings of microglia (n =3,970 cells), colored by Leiden clusters (left)

and by identified transcriptomic clusters (right). b, Representative images of
microglia from each of the morphologically defined Leiden clusters (left) and a
selection of manually measured morphological features for each Leiden cluster
(right). Violin plots for morphological measurements are generated from all
471,542,1,082,1,157 and 718 cells in clusters 1 through 5 (C1-CS5), respectively.
Samples were compared using an false discovery rate (FDR)-corrected Kruskal-
Wallis test. Scale bars, 25 um. The corrected P values for all comparisons

shown are less than1x107°°® and do not yield an exact Pvalue due to numerical

Synapse pruning (GO:0098883)
Cell junction disassembly (GO:0150146) —

0 2,000 4,000 6,000
Combined score

precision limits. The box plot drawn in each violin spans the interquartile range
with a central line marking the median. The whiskers extend to the most extreme
points within 1.5 times the interquartile range for the upper and lower quartiles.
¢, Frequency of morphological Leiden clusters per microglia transcriptomic
cluster.d, Comparison of DEGs between Cland C5 and between DAM-like and
homeostatic microglia. e, Gene Ontology Biological Process terms, sorted

by combined score, for each of the comparisons made ind. f, Comparison of
aglutamate transporters scored expression, witha Pvalue of 1.53 x 10 viaa
Mann-Whitney-Wilcoxon test, between different morphologically classified
cellsamong homeostatic microglia (n =315 C5 microglia; n =173 Cl microglia).
***P < (0.001. GO, Gene Ontology. abu, arbitrary units.

Nature Aging | Volume 6 | April 2026 | 869-885

872


http://www.nature.com/nataging

Article

https://doi.org/10.1038/s43587-026-01089-z

morphology-based clustering to the transcriptomics-based classifi-
cation of microgliarevealed previously unrecognized heterogeneity,
which could not be fully explained through either transcriptomic or
morphological analyses alone.

Gene morphology correlations could contribute to shape
heterogeneity

Given the observed disconnect between transcriptomic states and
morphology, we next asked how morphological features relate to gene
expression. Previous work suggested links between microglial gene
expression and ultrastructure®. To test for dependencies between
cellular morphology and the transcriptome, we performed Spear-
man correlations between expression of microglial-specific and ubiq-
uitously expressed genes and morphological features using paired
measurements across all brain regions (Fig. 3a—c and Methods). This
analysis revealed two distinct clusters of genes and features, identifying
candidate markers of microglial morphological status. Interestingly,
genessuchas Csfirand Cx3cr1, which are upregulated in homeostatic
microglia, are positively correlated with ‘amoeboid’ morphological
features. By contrast, genes such as SlcIa2 and Gria2 correlated with
ramification features. Slcla2 was particularly enriched in cells from
the most ramified morphological clusters (Supplementary Data Fig. 3a
and Methods). To confirm that these ramification-associated genes are
expressed in microglia, as seen in single-nucleus sequencing®, rather
thanreflecting astrocyte contamination, we performedsingle-molecule
fluorescence insitu hybridization (smFISH) onbraintissue. Slcla2and
Gria2 puncta were present within IBA1-positive microglia across ages
and ramification states (Supplementary Data Fig. 3b,c). To further
exclude astrocyte contamination, we performed dualimmunostaining
with boththe microglial marker IBAland the astrocyte marker ALDHILI,
supporting the existence of Sicla2 puncta, which co-localized with IBA1
and not with ALDHIL1 (Supplementary Data Fig. 4a,b and Methods).

Using transcriptomic features of morphologically distinct micro-
glia, we curated agene set that captures variance inboth morphology
and transcriptomic space. We combined the top five genes correlated
with eachmorphological property, yielding 29 morphology-associated
genes. Notably, hierarchical clustering of a held-out population of cells
using this gene set separated the cells into two distinct groups, contain-
ingdistinctmorphology clusters defined previously (Fig. 3d). Clusters
C3-C5corresponded to genes associated with ramified morphology,
whereas clusters C1 and C2 were associated with genes linked to a
more amoeboid morphology (Fig. 3d). These results clearly identify
aset of genes that can be used to cluster microglial cells with distinct
morphological properties.

Individual morphological measurements also correlated with
genes functionally relevant to the compartments from which those
measurements derive (Extended Data Fig. 7a—c). For instance, fractal
analysis, which is commonly used to assess microglial complexity®,
largely relates to the complexity and branching of microglial projec-
tions. Genes with the highest correlation to a cell’s fractal dimension
were enriched for cell compartment Gene Ontology terms related to
morphological projections (Extended Data Fig. 7a). Similarly, genes
with the highest correlation to soma area, which is a characteristic
of activated microglia that play an active role in inflammation®’, are
enriched for Gene Ontology terms that are consistent with endo-
cytic potential (Extended Data Fig. 7b). Interestingly, cell solidity,
a metric canonically associated with amoeboid shape and, there-
fore, phagocytotic potential®, was correlated with genes enriched
for both the endocytic and phagocytic vesicle Gene Ontology terms
(Extended DataFig.7c).

Because the brain exhibits regional heterogeneity in response to
inflammatory stimuli****, we next asked whether regional context mod-
ulates the relationship between gene expression and ramification. For
each ofthe seven brainregions in our sagittal MERFISH dataset (Fig. 3a),
we calculated Spearman correlations between genes and ramification

features (Methods) and compiled the top five genes with the highest
average correlation per region (Fig. 3e). Interestingly, Slc1a2, which
codesforthe glutamate transporter 1(GLT-1) protein, appeared among
the top ramification-correlated genesin the largest number of regions.
The genesidentified in this region-specific analysis were again linked to
functional cellular compartments, where those associated with ramifi-
cationacross regions were enriched for Gene Ontology termsrelated
to glial cell projections (Fig. 3f). Collectively, these findings indicate
that expression of genes linked to distinct subcellular compartments
can effectively stratify microgliaby morphology.

Subcellular enrichment of mRNA varies between genes

The subcellular localization of mRNAs influences functional differences
in both neuronal® and glial® cell types. Because genes that correlate
strongly with microglial ramification features map to Gene Ontology
terms related to glial projections, we asked how transcript distribu-
tionacross subcellular compartments relates to morphology. We then
quantified the normalized distance of each transcript from the soma
center in the two most ramified microglial clusters (C4 and C5) (Fig. 4a
and Methods). Homeostatic microglial marker genes such as Cx3cr1,
Csflr and Tmem119 were enriched closer to the soma, whereas genes
such as Apoe and Sic1a2 displayed a more uniform distribution from
the nucleus out toward the periphery of the processes, suggesting
compartment-enriched mRNA organizationin ramified microglia. To
more directly examine this, we computationally segmented microglia
into somaand process compartments and quantified RNA abundance
of microglial-specific and ubiquitously expressed genesineach (Fig. 4b
and Extended Data Fig. 2d).

We then compared soma-enriched versus process-enriched
transcripts within C4 and C5 to identify genes potentially involved
in microglial projections (Methods). From this analysis, we found
14 soma-enriched genes and 57 process-enriched genes (Extended
Data Fig. 8a and Supplementary Data Table 2), which clustered by
segmented soma or process expression (Fig. 4b). Gene setenrichment
showed that soma-enriched genes associated with endocytic vesicles
and granule membranes, whereas process-enriched genes were linked
tomitochondriaandbranch-like structures (Extended Data Fig. 8a-c),
consistent with compartment-specific functions.

Recognizing that the genes that could be correlated with ramified
morphology encode terms reflecting projection cellular compart-
ments, we hypothesized that compartment-enriched gene expression
might help to distinguish microglial morphology states. To test this,
we grouped microglia into ramified (C4 and C5) and amoeboid (C1
and C2) subpopulations (Fig. 4c) and performed principal compo-
nent analysis on compartment-enriched genes from the C4 and C5
clusters (Methods). Using whole-cell log-normalized counts from
bothramified and amoeboid cells, the first two principal components
modestly separated morphological classes (Fig. 4d). To further assess
classification power, we computed the average Spearman correlation
between each compartment’s enriched gene set and morphological
features. Process-enriched genes showed higher average correlations
thansoma-enriched genes (Fig. 4e), indicating that process-localized
transcripts better capture morphological phenotype.

To evaluate the predictive power of process-enriched genes,
we trained a random forest classifier using whole-cell expression of
process-enriched genes to distinguish ramified from amoeboid micro-
glia. Training on 80% of the microglial cells and evaluating on a held-out
set, the classifier achieved a reasonable accuracy, with an area under
the receiver operating characteristic (AUROC) value of 0.76 (Fig. 4f).
Among the most informative genes were Sicla2 and PinkI (Fig. 4g),
consistent with previous findings that both genes are related to ‘acti-
vated’ microglial states and function*”**¥, The strong contribution of
these process-enriched genes, together withincreased SlcIa2 puncta
in more ramified cells (Supplementary Data Fig. 3b,c), indicates that
the transcriptional profile of a microglial cell is closely tied to the
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Fig. 3| Morphology-transcriptome correlation identifies compartment-
enriched genes. a, Schematic image of microgliaamong all other cells in

the brain (top) and image of the same brain separated into the brain regions
(bottom). b, Schematic representation of workflow for establishing correlation
results. For every transcriptomic feature, we use amorphological feature on the
same microglia to calculate the Spearman correlation (r,). ¢, Clustered heatmap
showing the Spearman correlation between different microglial morphological

features and select genes. d, Heatmap showing the ability of select genes to

be able to cluster the cells’ morphological classifications. e, Genes among the

top correlating genes for morphology characteristics in each region of the

brain, sorted by number of regions in which they occur. f, Gene Ontology cell
compartment terms for the genes that are among the top correlating genes inany
segmented region of the brain. CC, Cellular Component; GO, Gene Ontology.

ramification of its processes. These results support the notion that
subcellular transcript distribution plays a key role in shaping micro-
glial morphology and differentially influences microglial functions
depending on where transcripts reside.

Compartmentalization of transcripts may be altered upon aging
The compartmentalization of cellular functions within the brain is
thought to be influenced by aging™. Because process-localized tran-
scripts effectively predict microglial morphology, we next examined
how age affects transcript localization and the ability to infer morphol-
ogy from compartmentalized gene sets.

We compared soma-enriched and process-enriched transcripts
in the two most ramified microglial clusters at young and aged time-
points (Methods). Inyoung microglia, we identified 16 soma-enriched
genesand 50 process-enriched genes, whereas aged microgliashowed
only 8 soma-enriched genes and 23 process-enriched genes, and both
sets effectively clustered according to compartment-derived gene
expression (Extended DataFig. 9a,b and Supplementary Data Table 2).
This reduction in enriched genes in aged cells suggests diminished
mRNA compartmentalization.

We then asked whether process-enriched genes retained
morphology-predictive power across age. Using the previously
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Fig. 4| Compartment-enriched genes can predict cellmorphology. a, The
cumulative probability of transcript distance to the soma, normalized for
maximum distance within each C4 and CS5 cell. Different colored lines represent
different genes. b, Schematic demonstrating the separation of microgliainto
soma counts and process counts (left) and clustermap showing that genes cluster
by location of transcripts (right). Inset: raw image of the cell. Scale bars, 25 pm.

¢, Amoeboid and ramified cells separate based on morphological features.

d, Amoeboid and ramified cells separate based on the first and second principal
component of compartment-enriched genes. e, Average correlation between
branch-enriched and soma-enriched genes with morphological characteristics,
colored by compartment that genes were enriched in. f, Morphological classifier
performance as quantified by ROC curve. g, Importance of individual genes
inclassifier as calculated through mean decrease in impurity. PC, principal
component; AUC, area under the curve.

defined process-localized gene set, we calculated average Spearman
correlations between gene expression and morphological featuresin
young and aged microglia and found stronger correlations in young
cells (Extended Data Fig. 9¢). To further test the predictive capacity
of process-enriched genes across age, we trained random forest clas-
sifiers using the process-enriched gene expression profiles in young
and aged microglia, each model trained on an 80% random sample of
that age group. The resulting models achieved AUROC values of 0.79
foryoung microgliaand 0.72 for aged microglia, reflecting stability in
predictive power with age (Extended Data Fig. 9d).

Finally, we examined the key drivers of classification across
ages by calculating the relative importance of each gene in the clas-
sifiers. This analysis again highlighted SicIa2 and Pink1 as principal

factors distinguishing morphological states in both age groups
(Extended Data Fig. 9e). Together, these findings suggest that aging
reduces the extent of RNA compartmentalization, yet a core set of
functional process-enriched genes, including SlcIa2 and Pink1, remains
central for defining microglial morphological states.

Subcellular transcript co-localization changes with age

The compartmentalization of mRNA, and its resulting functional
impact, appearsto shift with age. Previous work showed that functional
differences arising from mRNA compartmentalization are influenced
notonly by thelocalization of transcripts but also by their spatial prox-
imity to one another**"®. Given that aging has been shown to affect
mRNA compartmentalization within the brain®**, we next examined
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howitinfluences the spatial clustering of mMRNAs within specific subcel-
lular compartments. To quantify clustering, we applied a generalized
Ripley’s K analysis, amethod designed to assess transcript clustering
against a spatially randomized distribution® " (Methods). Because
we had observed that expression patterns vary between soma and
processes withage, we conducted separate clustering analyses for each
compartment in the C4 and C5 cells (Fig. 5a). Our results showed that
the age-related changesin mRNA clustering differed by compartment
(Fig.5b), implying that aging may drive different functional modifica-
tions for each compartment.

We hypothesized that such age-dependent shifts in mRNA clus-
tering could affect function by altering networks of co-localized
transcripts®®’, To test this, we first calculated pairwise distances
between all transcripts localized to the soma and used the bottom fifth
percentile of these distances as our co-localization threshold (Fig. 5¢).
For each pair of genes, we quantified the number of corresponding
transcripts that fell within this threshold. To evaluate whether the
observed co-localizationexceeded random expectations, we generated
null distributions by randomizing RNA positions within the segmented
soma and process compartments and recalculating co-localization
across 1,000 randomized cells (Methods).

This approach revealed significant age-related reductions in
mRNA co-localization. In the soma, 37 gene pairs showed significant
co-localization in young microglia versus only nine in aged microglia.
Similarly, in the processes, 35 gene pairs were co-localized in young
cellscompared tojust ninein aged cells (Fig. 5d,e and Supplementary
DataTable 3). Clustering these gene networks (Fig. 5d,e and Methods)
identified functional gene sets that differed by both compartment and
age (Fig. 5f,g).

In the soma, younger mice (3 months old) displayed differences
inthe functional gene clusters compared to the aged mice (24 months
old). These younger clusters were enriched for Gene Ontology terms
related to cytokine production and metabolic processes. By contrast,
the aged soma network was associated with Gene Ontology terms
related to chemotaxis and synapse pruning (Fig. 5f). Turning to the
processes, we found that aging also reshaped the functional composi-
tion of co-localized gene networks. In young mice, process-enriched
networks were associated with protein localization and synaptic prun-
ing, whereas, inaged mice, these networks were linked to endocytosis
and regulation of catabolic processes (Fig. 5g). These findings align
with previous studies demonstrating that age-related changesin mRNA
co-localization can influence downstream brain functions’. Taken
together, our results underscore how mRNA compartmentalization
underlies age-associated shifts in microglial function, with distinct
compartment-enriched transcript interactions driving differential
biological outcomes.

Discussion

The spatial organization of transcripts within cells provides crucial
insightsinto their functional states”’, yet this relationship has remained
largely unexplored in microglia. Morphological classification by flu-
orescence imaging has long been the standard for identifying ‘acti-
vated’ cells in subclinical and clinical models’”?, but how transcript
localization relates to morphology has been unclear. The paradigm
that morphology is intertwined with biological function underlies
frameworks that infer the transcriptomic landscape of large tissue
regions from histological images™. Despite this, these inferences had
notbeeninvestigated at the level of the individual cell orits subcellular
compartments. In the present study, we used MERFISH paired with
fluorescence immunohistochemistry to simultaneously analyze the
morphological and transcriptomiclandscapes of individual microglia,
including the spatial distribution of transcripts within cellular compart-
ments. This approach revealed heterogeneity in the morphologies of
different transcriptomically defined microglia and links these changes
to subcellular localization of specific gene sets. We also uncovered

discrepancies between microglial morphological and transcriptional
states and age-related changes in mRNA compartmentalization, allow-
ing us toidentify process-enriched gene sets that classify the ramifica-
tion status of different cells.

Thelongstanding doctrine in microglial biology is that ‘activation’
is accompanied by branch retraction, although a recent consensus
report has begun to challenge this view*¢. Using high-resolution imag-
ing and transcriptomic profiling of individual microglia, we instead
found substantial morphological heterogeneity within transcriptomic
subtypes, contradicting this model. Notably, the glutamate transporter
gene Slcla2, whose transcripts predominantly localize to microglial
processes, is upregulated in more ramified microglia compared to
amoeboid cells. Increased expression of GLT-1, the protein encoded by
Slcla2, hasbeenlinked to‘activated’ microglia®, directly opposing the
presumed association between ‘activation’and amoeboid morphology.
Non-functional variants of GLT-1 have been associated with the loss of
microglial branching”, further supporting our findings. Moreover,
amoeboid microglia do not show differential regulation of phagocy-
tosis or synaptic clearance-related genes compared to ramified cells
within the same transcriptomic class. Together, these resultsindicate
that transcriptlocalizationisa critical determinant of microglial func-
tion, partially uncoupled from morphology, and suggest that spatial
transcriptome regulation’ could be leveraged to correct age-related
compartmentalization defects and modulate cellular motility and
phagocytic capacity.

Disruption of microglial morphology has been viewed bothas an
‘activation” marker and a consequence of aging”. Aging bothinduces
structural changes in the CNS and disrupts functional compartmen-
talization of RNA®. We observed that young microglia have more
process-localized genes and distinct gene regulatory networks than
aged microglia. These shifts in RNA compartmentalization may arise
fromaltered RNA trafficking”’ and could represent a protective strategy
against age-related degradation of mRNA in the cellbody"’®. However,
process-localized genes remained predictive of morphology across
ages, suggesting that aging narrows the breadth of transcript locali-
zation but preserves core pathways governing cellular architecture.
Defining these conserved mechanisms may reveal strategies to sustain
cellular function despite age-related declinein RNA trafficking systems.

Although our approach advancesidentification of compartment-
enriched gene expression, potential technical limitations warrant
consideration. Imaging-based spatial transcriptomics provides
high-confidence mRNA quantification” but, like other spatial tech-
nologies, is constrained by accurate cell segmentation. Despite strict
segmentation protocols (Methods), the complex morphology of brain
cell types presents inherent challenges. Our GFAP-based subtraction
strategy cannot fully eliminate astrocyte contamination, as GFAP
immunolabeling does not capture the full territorial extent of astro-
cytes®’. Consequently, some genes identified as astrocyte-enriched
may reflect residual astrocytic signal, potentially leading to alternative
interpretations of compartment-specific expression patterns. We miti-
gated this by filtering genes specifically expressed in other cell types
and validating microglial identity through functional gene signatures,
but future work would benefit from segmentation-free strategies,
such as proximity labeling®, for identifying compartment-enriched
gene expression.

As these challenges are addressed, spatial transcriptomic tech-
nologies are pushing resolution below the single-cell level*>®*, enabling
detailed views of subcellular mRNA organization across tissues®**°,
These advances will clarify how transcript positioning within com-
partments underlies morphological complexity and functional spe-
cialization. Pairing such technologies with advanced imaging and
full-transcriptome measurements will be essential for understanding
how subcellular transcript localization shapes cellular heterogene-
ity and drives functional complexity. Correlational maps like those
generated here can help reveal how disrupted transcript localization
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contributes to structurally manifested disease®”**. Our analysis frame-
work extends to other cell type categories, allowing genetic asso-
ciations with any morphological or subcellular feature identifiable
by fluorescence microscopy. Mapping transcript distributions while
simultaneously capturing cellular architecture brings us closer to
understanding how spatial RNA organization orchestrates cellular
function. Applying this methodology across diverse cell types, with
expanded gene panels and improved segmentation, will be key to
defining the relationships among spatial RNA organization, cellular
morphology and their links to function and interaction. Ultimately,
integrating subcellular transcript mapping with morphological analy-
sis may reveal therapeutictargets grounded in both cellular structure
and the spatial organization of gene expression.

Methods

Mice

C57BL/6) male and female mice (stock no. 000664) were purchased
from The Jackson Laboratory. Up to five mice were housed per cage
under specific pathogen-free conditions in the Wu-Tsai Neurosciences
Research Institute Veterinary Service Center at Stanford University
School of Medicine. The colony room was maintained on a 12-hour
light/dark cycle with food and water provided ad libitum. All animal
care and experimental procedures complied with the Guide for the
Careand Use of Laboratory Animals of the National Institutes of Health
(NIH) and were approved by Stanford University’s Administrative Panel
onLaboratory Animal Care.

MERFISH analysis

MERFISH panel selection. Using acombination of single-nucleus RNA
sequencing datawith aging and neuroscienceliterature, we were able to
select genes for MERFISH. Our selection criteria for the single-nucleus
RNA sequencing data involved identifying cell type marker genes for
each cell population using a one-versus-all approach. To do this, we
used aninternal dataset with single-nucleus sequencing of the cerebel-
lum, and we used a previously published single-nucleus dataset of the
mouse hippocampus®. We then performed aMann-Whitney-Wilcoxon
test for each gene between the cells within each cell population and
all other cells not in that population and corrected the resulting P
values for multiple hypothesis testing using the Benjamini-Hochberg
correction to obtain false discovery rate (FDR)-adjusted P values. As
previously described®, a gene was considered a cell type marker for
aspecific cell population if (1) it was expressed in at least 30% of cells
withinaspecific population; (2) the FDR-adjusted Pvalue was less than
0.001; (3) gene expression in the specified population was at least
four-fold higher than the average expression in all cells not in that
population; and (4) it was expressed in a fraction of cells within the
specified population that was at least two times higher thanany other
population of cells. We then saved the top five marker genes for each
cell type based on the effect size of the log fold change. In addition to
these markers, known genes related to age*’, microglia, astrocytes,
oligodendrocytes and neuronal markers®” and genes related to subcel-
lular structure from the literature were included, which brought the
panel to atotal of 500 genes.

Tissue processing for MERFISH. Brain samples for all mice were
processed using a fixed-frozen protocol. After anesthetization with
2.5% v/v avertin, transcardial perfusion with 20 ml of cold (4 °C) PBS
was followed by perfusion with 30 ml of 4% paraformaldehyde, also
maintained at 4 °C. The brains were immediately removed and sub-
merged in 4% paraformaldehyde for an overnight incubation at 4 °C.
After incubation, the brains were then placed in 30% sucrose until
sinking.Samples were then hemisected and frozen in Optimal Cutting
Temperature (OCT) compound using dry ice, after which they were
stored at —-80 °C until sectioning. All samples possessed aDV200 value
of greater than 60% per manufacturer recommendations. Sectioning

ofthese samples was performed along the sagittal plane onacryostat
at-20 °C.Slicesbetween 10 umand 20 pm inthickness were captured
onto Vizgenslides (Vizgen, 10500001) for MERFISH.

Sample preparation for MERFISH imaging. Vizgen slides with
single mouse brain sagittal sections were processed accordingto a
fixed-frozentissue sample preparation MERSCOPE protocol (Vizgen).
The slides, upon removal from the cryostat, were washed three times
with 1x PBS and placed in 70% ethanol, at which point they were placed
in a photobleacher (Vizgen) for 3 hours; after photobleaching, the
samples were stored at4 °C overnight. Afterincubation overnight, the
samples were washed with 1x PBS and covered with Blocking Buffer C
Premix (Vizgen, 20300100) and RNase inhibitor (New England Biolabs
(NEB), M0314L) for 1 hour. The samples were then placed ina primary
antibody staining solution consisting of Blocking Buffer C Premix,
10% RNase inhibitor, IBAl antibody (Abcam, ab178846) and GFAP anti-
body (Abcam, ab4674) at a volume dilution of 1:1,000 for 90 minutes.
Primary antibody incubation was then followed by three washes with
1x PBS. After washing, the samples were then placed in a secondary
antibody staining solution consisting of Blocker Buffer C Premix, 10%
RNase inhibitor, anti-rabbit Aux 5 (Vizgen, 20300102) and anti-chicken
Aux 9 (Vizgen, 20300106) at a1:100 dilution for 1 hour. The samples
were then washed three times in 1x PBS followed by a 15-minute incu-
bation with 4% paraformaldehyde and an additional two washes in 1x
PBS. Following the staining protocol, the samples were then washed
one time with Sample Prep Wash Buffer (Vizgen,20300001) and then
washed with Formamide Wash Buffer (Vizgen,20300002) for 30 min-
utes at 37 °C. A 500-gene panel mix (Vizgen, 10400003) was then
incubated on the tissue samples for anywhere between 36 hours and
48 hours at 37 °C. After hybridization, the samples were washed with
Formamide Wash Buffer two times at 47 °C for 30 minutes each. The
tissue samples were then embedded in a 4% polyacrylamide gel and
were treated using Clearing Premix (Vizgen,20300003) and Proteinase
K (NEB, NC0547027) overnight at 37 °C to digest proteins and lipids
in the samples. After the digestion, the coverslips were washed two
times with Sample Prep Wash Buffer, stained with a DAPI/PolyT mix
for 15 minutes and washed with Formamide Wash Buffer followed by
Sample Prep Wash Buffer one final time each before imaging. Finally,
theslides wereloaded into the MERSCOPE Flow Chamber and imaged
at x20 magnification toidentify regions of interest and x63 magnifica-
tiontoimage the probes.

MERFISH data processing and quality control. MERFISH imaging
data were processed with the MERIin® pipeline to decode the spatial
location of the mRNA probes. The cells were segmented using Baysor
0.6.2 (ref. 36) with the scale parameter set to 6.5 pm and the mini-
mum molecules per cell parameter set to 50. The decoded molecules
were then assigned to the cell boundaries from Baysor to produce a
cell-by-gene matrix thatlists the number of each molecules decoded for
every gene within each cell. Each cell in the matrices was then filtered
based on quality control cutoffs of minimum20 transcripts per celland
minimum five unique genes per cell. The expression matrix for each
sample was then concatenated and normalized and log transformed
using Scanpy” prior to integration with Harmony®?. The samples were
then subjected to label transfer from the Allen Brain Cell Atlas*, fol-
lowing the Seurat integration and label transfer pipeline®®, and from
anatlas of the adolescent mouse brain (http:/mousebrain.org/adoles-
cent/downloads.html) with the scVIand scANVI protocol®.

IBA1 initial segmentations. The microglial IBA1 stain was imaged
across 6-7imaging planes, spaced by 1.5 pm each, using an anti-rabbit
oligonucleotide-conjugated antibody. Python’s scikit-image library
was used to create a maximum projection image for each imaging
stack. After maximum projection, the images were preprocessed for
segmentation after histogram equalization by being converted down
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to 8-bitimages. Then, using OpenCV, background subtraction and edge
detectionwere applied to the 8-bitimages toidentify the borders of the
microgliaand remove any imaging noise caused by tissue autofluores-
cence. Finally,aGaussian blur and an Otsu segmentation were applied
totheimagesto generate coarse-outlined microglia. This binary image
wasthen convertedinto alabelimage such thatevery segmented IBA1
stainwas assigned an identity for downstream processing.

Matching transcriptomically derived boundaries to cell masks.
Each brain has a Baysor-derived cell segmentation associated with it;
using these geometries, we then align our labeled IBA1 image to cell
segmentations. This allowed us to generate a list of cell boundaries
that were derived transcriptomically and overlapped with the image
analysis-derived cellboundaries. Then, using cellannotations that were
generated from the Seurat-based label transfer with the Allen Brain Cell
Atlas and cross-referenced against cells labeled using scVIand scANVI,
we identified microglial-labeled cell boundaries and binary image
labels that were uniquely mapped to one another. The coordinates of
these uniquely mapped microglia were thensaved for further analysis.

High-dimensional embedding of microglial morphology. Using
the microglial coordinates and coarse-grained morphology masks
for each cell, abounding box was generated around every microglia
in their raw maximum-projected image. Then, following previously
established methodologies for high-dimensionalimage embeddings®,
weresized our microgliabounding boxesto 112 x 112 pixels and applied
padding with a middle gray color to achieve a 224 x 224 image for
each cell. These resized images were then passed through the VGG-19
neural network with pretrained weights from the ImageNet dataset, as
accessed through the PyTorch Keras library. After passing the resized
images through the neural network, we generated amaximum-pooled
vector of the fifth activation layer to create a 512-dimension vector to
represent the morphological space of the microglia. The UMAP visu-
alization and clustering, which was used to represent the morphology
space, was generated by performing principal component analysis on
the 512-dimension vector. To generate the UMAP, a nearest neighbor
mapping ofthe top 10 principal components, capturing approximately
75% of the cumulative explained variance, was used for its calculation.
The clustering that was used to represent the morphology space was
calculated using the Python kneed library and k-means clustering. The
kneed library’s KneeLocator function was used to identify the elbow of
the k-means cluster on an inertia plot. Setting the number of clusters
to the identified elbow, we generated a clustering that captured the
minimum amount of variance necessary to explain the data.

Remapping transcriptomic data to newly segmented microglia.
Wanting to create amore fine-grained representation of the microglial
transcriptome than what the Baysor segmentations offered, we used
the microglial coordinates to remap transcripts that were directly
correlated with the microglial processes. To perform this analysis, we
identified the IBA1 stain that was at the center of the saved microglial
coordinates and performed an additional round of segmentation on
the raw maximum-projected microgliaimage and DAPl image. Using
OpenCV frameworks for adaptive thresholding, with an approximately
200-pixel window size, we generated separate single-cell masks for the
DAPI channel and the IBA1 channel aligned to each microglial coordi-
nate. We then used the differences between the DAPI channel and the
IBAl channel to generate a‘soma’image mask and a ‘processes’ image
mask, with the unity between the two channels being our total cell
mask. Then, for each of the individual z-planes, we generated a mask
ofthe DAPI, IBA1and GFAP channels using adaptive thresholding each
withareduced window size. We then, on eachindividual z-plane, took
the difference between the reduced window IBA1 processes segmen-
tation and the GFAP segmentation to remove any potential astrocyte
false-positive transcriptsin the microglial processes. After the removal

of potential astrocyte overlap areas, we then found the overlap between
the decoded transcript location outputs at each z-plane from MERFISH
imaging runs and correlated them to our soma, processes and total
imaging masks. This process was repeated for all imaging planes to
effectively create a three-dimensional reconstruction of the cell and
its co-localized transcripts. These separate correlations were saved for
eachcell, rendering asoma, non-somaand total count vector for each.

Annotation of transcriptomically defined microglial clusters. The
total count for each microgliawas normalized by dividing each gene’s
total transcript count by a cell’s total amount of transcripts and mul-
tiplying by 10,000 and then ultimately log transforming the data.
The transcriptomic UMAP visualization was created by scaling the
log-transformed counts and calculating principal components on all
the genesin the dataset. The top 40 principal components were used
to generate the nearest neighbor graph for UMAP calculation, and
Leiden clustering of the principal components was used to subcluster
the microglia. Upon removing subclusters with anincreased normal-
ized expression of macrophage markers and individual cells, which
lack expression of Tmem119, P2ry12, Hexb, Mertk, Inpp5d or Plcg2,
individual subclusters were tested for marker gene expression based
onthe Wilcoxonrank-sumtest toaid in theidentification of subcluster
identity. Subclustering identification was ultimately concluded based
onmanual annotation from the microglial subtype marker gene expres-
sion, normalized between the different Leiden clusters.

Microglial morphological measurements. Using the same resegmen-
tation approach applied earlier, we wanted to generate detailed mor-
phological measurements of the microglial ramifications and features
that were described previously**. The individual characteristics were
calculated by generating aregion property for each microglial segmen-
tationand using native scikit-image libraries to calculate the features.
In total, pixelwise morphological measurements were calculated for
cell area and perimeter, the convex hull area and perimeter, solidity,
convexity, roughness, circularity, the convex hull's span ratio, convex
hull circularity, eccentricity, the Euler number, the extent, somaarea,
soma perimeter, somacircularity, soma-to-cell size ratio and the cell’s
ferret diameter. The next set of measurements was a direct result of
skeletonization of the microglial segmentation in which we analyzed
the total skeleton length in pixels, the mean length of each branch,
the total number of branches, the total number of branching points
and the number of terminal points; we then calculated Euclidean and
pathdistance of the skeleton branches. Next, we assessed Sholl param-
eters by calculating the number of intersections between the skeleton
branches withcircles of varying radii centered around the central node.
The Sholl parameters calculated were the ramification index, which
is a ratio between the radius of the circle with the greatest number of
intersections and theradius of the first non-zero circle, the radius with
the greatest number of intersections and the largest radius that had an
intersection with the skeleton. Fractal dimension®, lacunarity* and
tortuosity® were also calculated for the individual microglia. Finally,
we assessed the normalized intensity of the IBA1 stain for each of the
region properties assessed.

Comparison between DEGs from transcriptomically and morpho-
logically derived microglia. To compare microglial labels that were
derived transcriptomically against those that were derived morpho-
logically, we performed differential expression analysis, which was
estimated using the Mann-Whitney-Wilcoxon test. We compared
the DAM-like microglia to the homeostatic microglia, and then we
compared the C1 morphology cluster to the C5 morphology cluster. We
categorized aDEG as one that displayed alog, fold change greater than
1and an adjusted P value of less than 0.05. After the identification of
DEGs, weidentified enriched Gene Ontology Biological Process terms
for each set of genes, morphology or transcriptomic-derived clusters,
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using the Python gseapy package. To compare the glutamate trans-
porter score between Cland C5 microgliainthe homeostatic cells, we
scored Cland C5 cells for log-normalized expression of Sicia2, Gria2,
Dlgap2, Dig2 and Dagla*’*>*° using scanpy’s tl.score_genes functional-
ity and performed a Mann-Whitney-Wilcoxon test between the two
distributions to establish statistical significance.

Identifying ubiquitously expressed and microglia-
specificgene sets

To assess cell type specificity of genes in our MERFISH panel, we used
10x v3 datafromthe Allen Brain Cell Atlas. We subset the data toinclude
only the 500 genes from our MERFISH panel and computed mean
log-normalized expression values for both individual classes and sub-
classes. Cell type specificity was quantified using the tau statistic'°,
calculated from these mean expression values to generate specific-
ity scores ranging from approximately 0.1 to 1.0, where lower val-
ues indicate ubiquitous expression and higher values correspond to
cell-type-specific expression.

For gene classification, we applied atau threshold of 0.85 to define
cell-type-specific genes'”". Genes meeting the following criteria were
retained for downstream analyses: (1) subclass-level tau > 0.85 with
highest mean expressionin microgliaor (2) tau < 0.80inboth class-level
and subclass-level calculations, indicating ubiquitous expression. This
filtering approach yielded a final set of 216 genes comprising both
ubiquitous and microglia-specific transcripts.

Correlation between morphological measurements and transcript
measurements. We used the MERFISH and morphological data for
each individual microglia in this analysis. After log normalization of
thetotal transcript counts for each cell, we then performed a training/
test split with 75% of the cells in our object being used for training and
25% of the cells being used for subsequent clustering analysis. Using
the cells from our training set, we calculated the Spearman correla-
tion coefficient for each morphology-gene pair. Generating a list of
the genes that were among the top five correlating for each individual
morphological feature, we then clustered the microglial morpho-
logical clustersinour test set using the top five correlating genes. This
analysis was then repeated on each individual brain region across the
mice. Wanting to better understand the correlation between the genes
and the features that correlate with higher degrees of ramification,
we selected the genes with the highest degree of correlation to the
following features: ‘Cell Area’, ‘Convex Hull Perimeter’, ‘Convex Hull
Area’, ‘Cell Perimeter’, ‘Number of Branches’, ‘Skeleton Length’, ‘Cell
Roughness’,‘Number of Terminal Points’,‘Number of Branching Points’,
‘Soma Ratio’, ‘Path Distance’, ‘Fractal Dimension’, ‘Euclidean Distance’,
‘Tortuosity’, ‘Branching Index’ and ‘Dendritic Maximum'. The genes
selected were generated from observation of the cluster map created
fromdisplaying correlations among the top five correlating genes for
each morphology feature; these genes included Sicla2, Gria2, Pinkl,
Ank2, Grial, Slc6all, Aldoc, Gnas, Mfn2, Atp2a2, Mobp, Pcdh9, Gfap,
Agp4, Sdc3, Cisdl, Sst, Spp1, Apoe, Axl, Pcdhb8, Cxcl3, Rbm3, Cemip2,
Cirbp and P2ry12. These gene and morphology sets were then calcu-
lated for the average Spearman correlation in each of the individual
regions, where the average was for each gene across correlations for all
morphologies. This was used to generate a count for how many regions
eachgene was atop five correlating gene for.

Intracellular clustering of transcripts

Wefirst calculated anormalized distance for every transcript from the
center of thesomain our C4 and C5 microglia. Todo so, for every C4 and
C5 microgliainthe dataset, we visualized the soma, using a DAPI stain
overlayed with the microgliastain, and used the regionprops.centroid
functioninscikit-image to establish asoma center. We then calculated
Euclidean distance from the outermost edge of the microgliaand every
transcript to the centroid. We then normalized the transcript—centroid

distances by the outermost edge—centroid distance for each microglia.
Theseresults were then visualized as acumulative density function for
each transcript species.

The degree of clustering was calculated from an adaptation of the
DypFISH Ripley’s K generalization®. In brief, we estimated a normal-
ized Ripley’s K function in three dimensions for each transcript under
ahomogenous Poisson processto create aRipley’s Hfunction for each
cellular compartment. We then compared the observed Ripley’s H
functionto either asoma-constrained or process-constrained Ripley’s
Hfunctionderived from arandom distribution of transcripts across the
whole cell. Spatial clustering was considered significant at a radius r
if the computed Ripley’s K was above the 95% confidence interval or
below the 5% confidence interval for the random distribution. We per-
formed this analysisineach of the two compartments individually; the
soma clustering was performed only on the transcripts that overlapped
withthe underlying DAPIstain. The processes degree of clustering was
approximated by calculating the degree of clustering for agene within
each of the individual processes and averaging their values together.
We then compared the significantly clustered gene’s degree of cluster-
ing values at each aging timepoint using the Wilcoxon rank-sum test
for genes that were significantly clustered at each age and were either
microglial specific or ubiquitously expressed.

Comparison of soma and process segmented gene
co-localization

For each C4 and C5 microglia in the dataset, we calculated the three-
dimensional pairwise distance between every transcript within the
soma. Then, by using the numpy.percentile function across all of the
calculated distances, we found the fifth percentile of 1 um to be the
co-localization radius. We used the subcellular location of each tran-
script toidentify gene—gene pairs that were within 1 pm of each other.
We also generated a null distribution of transcript co-localization
by randomizing the position of the transcripts within each cell and
counting the gene—gene pairs separated by less than 1 um. Similar
to previous methods used for cell-cell interaction®’, we randomized
and repeated this process 1,000 times to generate a null distribution
for each cell in the dataset. We then compared the observed number
of gene-gene contacts to the null distribution and performed a z-test
with Benjamini—-Hochberg correction. We assumed normality for our
null distribution, although it was never formally tested. We aggregated
observations across identical gene—gene pairs averaging counts and
statistical measures across different morphologies and batches. We
then calculated the threshold for significant co-localized counts by
calculating the 90th percentile of non-zero gene-gene contacts across
ouraverage null distributions for the soma of each cell. From this analy-
sis, we considered a gene—gene pair to be co-localized if it had four or
more observations, anadjusted Pvalue of less than 0.05 and formeda
cluster of more than two genes.

After establishment of gene-gene pairs, we subset our dataset
downtolookjust at the C4 and C5 microglia and genes that were spe-
cificto microglia or ubiquitously expressed. We generated networks of
genes using Python’s networkx library, with the edges being weighted
by the z-score between the observed and the null distribution. We then
applied scikit-learn’s GaussianMixture, with manually determined
cluster numbers for each connected component to separate gene
interaction networks into functional clusters. The genes compris-
ing these clusters were then subjected to Gene Ontology analysis for
Biological Processes.

Comparison of soma-enriched versus process-enriched gene
expression and correlation. To compare the enrichment of certain
genesin the differentintracellular compartments, we performed dif-
ferential expression with the Mann-Whitney-Wilcoxon test. This differ-
ential expression was performed on only the most ramified microglial
set, those microglia mapping to ‘C4’ and ‘C5 morphologies, so that
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we maximized the process area in comparison to the soma. Then,
independently taking the soma and non-soma counts and log nor-
malizingthe two sets as described previously for the same set of cells,
we performed the Mann-Whitney-Wilcoxon test between them. We
described process-enriched genes as those that held alog, fold change
of greater than 1 with an adjusted P value of less than 0.05 when com-
pared tothesoma-enriched genes, and the same criteria were applied
tothe soma-enriched genes. This analysis was repeated for the whole
dataset, regardless of age, and for the dataset split by age. After the
selection of process-enriched and soma-enriched genes for each age
inthe dataset, we took the genes that were the intersection of the old
and young process-enriched and soma-enriched genes. This yielded
oneset of process-enriched genes and one set of soma-enriched genes.
We then calculated the Spearman correlation coefficient between
each of the individual genes and every morphological characteristic,
regardless of age. We then averaged coefficients for eachmorphology
characteristic for each set of enriched genes. This analysis was then
repeated for the process-enriched genes at each age.

Random forest classifier creation and performance analysis

To assess the predictive capacity of the process-enriched genes as a
whole and at each age, we wanted to establish a classifier for the dif-
ferent morphology classes. To build this classifier, we selected the
universal process-enriched genes as our features. Then, we categorized
morphologies Cland C2 together asamoeboid, and we categorized C4
and C5together asramified and generated amodel to predictifthe cells
were amoeboid or ramified in general and for each age.

To train the random forest models, using scikit-learn’s train_
test_split function, we generated an 80/20 training/test split for the
microgliaboth asawhole and at each age. Then, for training, we used
scikit-learn’s GridSearchCV to tune the hyperparameters of the random
forest classifiers to achieve greatest accuracy for each. Assessing the
performance of these models, we used the AUROC, calculated through
scikit-learn’s roc_auc_score. Using the mean decrease in impurity cal-
culation for each of the features that were used to train the classifier,
we assigned feature importances to each gene as a whole and for the
individual ages.

Immunofluoresence staining and analysis of AXL-positive
microglia

Perfused brains from six 24-month-old mice were fixed in 4% paraform-
aldehyde overnight at 4 °C. After the fixation, brains were submergedin
30% sucrose overnightat4 °C and then embedded in OCT compound
and stored at—80 °Cuntil further use. Brains were sectioned into 40-pm
free-floating sections using a cryostat operating at —20 °C. Sections
fromthree male and three female mice were washed with PBS and then
blocked and permeabilized with a 2% donkey serum and 0.3% Triton
X-100 solution for 1 hour at 4 °C. After incubation, the samples were
incubated on a shaker at 4 °C overnight in 1:1,000 dilutions of IBA1
and AXL (Bio-Techne, AF854) antibodies in the blocking solution. After
incubation and washing in Tris-buffered saline with Tween 20 (TBST),
thesamples were thenincubated onashakerat4 °Covernightin1:1,000
dilutions of the appropriate species-specific Alexa Fluor secondary
antibodies in the blocking solution. Sections were then washed three
timesin TBST and counterstained with DAPI, at which point they were
washed in PBS and mounted on slides using Fluoromount-G Mounting
Medium (Invitrogen, 00-4958-02).

Images were captured in the MPM region of the mice on a Leica
Stellaris 8 confocal microscope at x60 magnification with an oilimmer-
sion lens, and image analysis was performed in Python. Results were
obtained from3-4 images per mouse across 30-pm z-stacks. Each plane
intheIBAland AXL channels was subjected to normalization, contrast
limited adaptive histogram equilization and denoising using OpenCV.
The AXL channel was then subjected to an Otsu segmentation on each
of the individual frames to identify AXL aggregates with more than

50 pixels (approximately 3 pm?). The IBA1 channel was subjected to two
layers of segmentation. First,amaximum projection was generated for
theIBAlchannel and adaptive thresholding was applied, as done previ-
ously, toidentify arough outline of the cell; then, on every plane of the
image, adaptive thresholding was applied for the AXL channel, and only
those segmentations thatintersect the full maximum projection were
considered for downstream analysis. After the segmentation, weiden-
tified AXL aggregates in microglial processes by identifying overlap
between the segmentations. These cells, which were positive for AXL
aggregates, were then subjected to cell solidity and fractal dimension
analyses, as discussed previously. To assess ramified and amoeboid
cells, we set thresholds for both cell solidity and fractal dimension at
the median value of the C4 cluster, where values above the threshold
for fractal dimension and below the threshold for cell solidity were
considered to be ramified and below were considered tobe amoeboid.
After the analysis, both the single-planeimages and three-dimensional
renderings were created using ImageJ software (NIH).

smFISH split probe design and paired immunofluoresence
imaging

To verify the co-localization of Sic1a2 and Gria2 inside of microglia,
we performed smFISH using HCR v3.0 (ref. 102) across 3-month-old
and 24-month old mice. In brief, we first designed the probes using
National Center for Biotechnology Information Primer-BLAST, which
designsinternal hybridization oligos and checks for binding specific-
ity through BLASTn. We designed 21-bp primer pairs for an amplicon
length of 42 bp with a primer melting temperature between 57 °Cand
63 °C and also with a primer GC content between 35% and 70%. Then,
9-10sets of reverse-complemented forward and reverse primers were
concatenated to a flanking sequence for hybridization chain reaction
(HCR) and ordered from Integrated DNA Technologies for each gene
target and mixed together to form a final stock solution of 10 uM for
each target. The exact sequences of reverse-complemented forward
and reverse primers are provided in Supplementary Table 4. Brains
were sectioned into 30-40-pum sections using a cryostat operating
at —20 °C. Sections were then incubated in 4% paraformaldehyde for
12 minutes followed by washing with 1x PBS. After washing of sam-
ples, the sections were placed in 70% ethanol and photobleached for
4 hours prior to permeabilization overnightat 4 °C. Samples were then
treated with a 5 pg ml™ Proteinase K treatment for 2 minutes at room
temperature, at which point they were washed with PBS. Hybridization
Buffer was prepared with2x SSC, 5x Denhardt’s solution, 10% ethylene
carbonate, 10% dextran sulfate, 0.01% SDS and 1 uM probe pool mix
for the hybridization reaction. Then, 35 pl of Hybridization Buffer was
addedtothe tissue samples and incubated for 24 hours at 37 °C. After
hybridization, the samples were then washed in hybridization wash
buffer (0.215 M NaCl, 0.02 M Tris HCI (pH 7.5) and 0.005 M EDTA) for
20-30 minutes at 48 °C. The gene targets were each labeled through
HCR v3.0 with hairpin pairs and labeled with Alexa Fluor 647 (Slcla2)
and Alexa Fluor 546 (Gria2). Amplification Buffer was prepared with
2% SSC, 5x Denhardt’s solution, 10% dextran sulfate, 0.01% SDS and
0.06 LM HCR hairpins for the amplification reaction. Two microliters
of each fluorophore-labeled hairpin at 3 uM corresponding to the
target genes was mixed, incubated at 95 °C for 1.5 minutes, covered in
aluminum foil and left to cool down at room temperature for 30 min-
utes to form hairpins before adding it to Amplification Buffer. This
amplifixationbuffer was thenadded (50 pl per sample) to the samples
andincubated overnight at room temperature. The samples were then
washed three times at room temperature with wash buffer.

After washing, the samples were then subjected to either IBAl or
IBA1 and ALDHIL1 staining. In brief, the samples were washed with 1x
PBS and covered with Blocking Buffer C Premix (Vizgen, 20300100)
and RNase inhibitor (NEB, M0314L) for 1 hour. The samples were then
placedin aprimary antibody staining solution consisting of Blocking
Buffer C Premix, 10% RNase inhibitor and either the IBA1 antibody

Nature Aging | Volume 6 | April 2026 | 869-885

881


http://www.nature.com/nataging

Article

https://doi.org/10.1038/s43587-026-01089-z

(Abcam, ab178846) or the IBA1 antibody and an ALDH1L1 antibody
(Sigma-Aldrich, MABN495) at avolume dilution 0f1:1,000 overnight at
4 °C.Primary antibody incubation was then followed by three washes
with1x PBS. After washing, the samples were then placedinasecondary
antibody staining solution consisting of Blocker Buffer C Premix, 10%
RNase inhibitor and an anti-rabbit Alexa Fluor-conjugated secondary
antibody (Thermo Fisher Scientific, A-11008) or both an anti-rabbit and
an anti-mouse Alexa Fluor-conjugated secondary antibody (Thermo
Fisher Scientific, A-11004) at a 1:500 dilution for 1 hour. The tissues
were then quenched for autofluoresence using TrueBlack (Cell Signal-
ing Technology, 92401S). The tissues were then counterstained with
DAPland mounted onto slides using ProLong Gold Antifade Mountant
(Thermo Fisher Scientific, P36930).

The tissue was thenimaged on a Leica Stellaris 8 confocal micro-
scope. Next, smFISH images were processed and thresholded on
Image]) software. Representative images of microglia with varying
levels of ramification were shown as merged three-dimensional ren-
derings across the 488 (IBA1), 546 (Gria2) and 647 (Slc1a2) chan-
nels. Representative three-dimensional renderings were generated
using a consistent workflow: the 488 (IBA1) channel was strictly
thresholded across all z-planes, and resolved puncta that failed to
co-localize with the IBA1 segmentation were removed, leaving only
those that co-localized to the IBAlstainin each plane. The processed
images were then displayed using the ImageJ ‘3D Project’ function
and rotated to show all orthogonal planes. Additional single-plane
orthogonal images were generated for each cell using the ‘Reslice’
functioninImage). The positioning of the orthogonal viewing planes
was determined by calculating their corresponding distance through
the orthogonal z-stack.

Representative images of microglia with varying levels of rami-
fication were shown as merged three-dimensional renderings across
the 488 (IBA1), 546 (Gria2) and 647 (Slc1a2) channels, with the origi-
nal IBA1z-stack displayed alongside background-reduced Sicia2 and
Gria2 puncta. Additionally, representative images of microglia from
both youngand aged brains were shown as merged three-dimensional
renderings across the 488 (IBA1), 568 (ALDH1L1) and 647 (Slc1a2) chan-
nels. For these age-comparisonimages, the original IBA1and ALDHIL1
z-stacks were displayed with IBAl-localized Slcla2to demonstrate the
existence of IBAl-localized Sic1a2 that does not overlap with ALDHILI.

Microglia morphological characteristics across maximum
projection depths

To assess whether 10-20-um tissue sections adequately capture micro-
glial morphology, we analyzed full-thickness IBAl-stained sections
from both smFISH and AXL immunohistochemistry experiments.
Images were maximum projected across their entire depth, and
microglia were segmented using adaptive thresholding (OpenCV).
For each segmented cell, we calculated the fractal dimension from the
full-volume projection and identified the z-plane containing the soma
center based on peak IBAlintensity.

Tosimulate the effect of thinner sections, we generated maximum
projections of varying thicknesses (10 pm, 15 pmand 20 pum) centered
oneach cell'ssoma. For 10-pum projections, we created a series of over-
lapping slices—starting with the 10-pm slice ending at the soma center
and then systematically shifting until the slice began at the somacenter.
Fractal dimensions were calculated for each projection and averaged
per cell. This process was repeated for 15-pum and 20-um thicknesses.

Therelationship between full-thickness and section-limited fractal
dimensions was quantified by linear regression (SciPy linregress), with
correlation coefficients calculated using sklearn.metrics.

Statistics and reproducibility

Mann-Whitney-Wilcoxon tests were performed between individ-
ual samples, and the resulting P values were corrected for multiple
hypothesis testing, where applicable, using the Benjamini-Hochberg

correction to obtain FDR-adjusted P values. The Kruskal-Wallis test
was used for comparisons of more than two groups.

No statistical methods were used to predetermine sample sizes,
but our samplesizes are similar to those reported previously®. No data
were excluded from the analyses. Data collection and analysis were not
performed blinded to the conditions of the experiments.

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

Data availability

Decoded MERFISH data, Baysor processed cell boundaries collected
during thiswork and the final annotated objects for all brains are avail-
able on figshare (https://figshare.com/articles/dataset/Aging_ MER-
FISH_Brains/27919227). The mouse brain dataset used for scANVIlabel
transfer canbe found as‘15_all.loom’ at http://mousebrain.org/adoles-
cent/downloads.html. Additionally, theintegration with the Allen Brain
Cell Atlas was performed on the 10x v3 data from the 20230521 release
found here: https://data.nemoarchive.org/other/grant/aibs_internal/
zeng/transcriptome/scell/10x_v3/mouse/processed/counts/. The
images used to decode cell position and visualize microglia are avail-
able uponreasonable request.

Code availability

All computational analyses were performed using Python 3.9, and
we performed cell segmentation using Baysor 0.6.2. All code for the
work and this paper are available on GitHub at https://github.com/
doughenze/Microglial_ Morphology. The environments used to run the
analysis are stored as singularity containers are available via Zenodo
at https://zenodo.org/records/14611122 (ref.103).
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Extended Data Fig. 4| Morphological Characteristics of Transcriptomically
Defined Microglia. Selection of quantifications of microglial morphological
features, split by transcriptomic cluster. All measurements are either
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quantifications. Samples were compared using an FDR-corrected Kruskal-
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morphological values of n = 1252 Transitioning microglia, n = 1673 Homeostatic
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Extended Data Fig. 5| See next page for caption.
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Extended DataFig. 5| Spatiotemporal Patterning of Morphologically and the ramified clusters C3 (C), C4 (E), and CS5 (F). G, Frequency of microglial
Defined Microglia. A, Schematic representation depicting IBA1stained morphological clustersin each age group. The error bars are standard error
images as distributed in different regions of the brain. Scale bars are 100 pm. of the mean, and the bar height denotes mean value. The underlying data
B-F, Quantification of different microglial morphological clusters’ distribution distributions are shown as bulked density of cells per mouse/brain regions
across the brain with age, including the amoeboid clusters C1 (D) and C2 (B) (max points perbar:n=6).
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Extended Data Fig. 6| Morphological Features of Morphologically Defined
Microglia. Selection of quantifications of microglial morphological features that
did not appear in the main text, split by morphological cluster. All measurements
are either dimensionless, counting the occurence of aphenomenon, or are pixel-
wise quantifications. Samples were compared using an FDR-corrected Kruskal-
Wallis test. The corrected p-values are which are displayed as less than 1e > are

reported as such due to numerical precision limits. The boxplot drawnin each
violin spans the interquartile range with a central line marking the median.

The whiskers extend to the most extreme points within 1.5 times the interquartile
range for the upper and lower quartiles. The violin plots for morphological
measurements are generated from all 471, 542,1082,1157, and 718 cells in clusters
C1-C5respectively.
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Extended Data Fig. 7 | Single Morphological Characteristics Correlate to feature are listed (top) and gene ontology cell compartment enrichment for the
Compartment Relevant Genes. A-C, Rank plots of Spearman correlation top 10 correlating genes for each morphological feature. The features selected
between selected morphological features and genes, top 10 genes for each include the Fractal Dimension (A) the Soma Area (B) and the Cell Solidity (C).
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