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Abstract

Microglia are a key brain cell population pivotal for homeostasis, and in brain aging and
neurodegeneration they exhibit both adaptive phagocytic and maladaptive proinflammatory
responses. To understand this dynamics, I independently analyzed five human datasets, totaling
83,190 microglial nuclei and covering Alzheimer’s disease, Parkinson’s disease, amyotrophic lateral
sclerosis, frontotemporal lobar degeneration, and aging, as well as one Macaca fascicularis
hippocampal aging dataset with 39,589 nuclei. Homeostatic microglia subpopulations in humans
exhibited marked heterogeneity in GRID2 and CCDC26 expression. The expansion of
GPNMB/IQGAP2-expressing clusters of phagocytic microglia was found to be the most conservative
and reproducible response of microglia across pan-neurodegenerative conditions and aging, and the
gene PTPRG from this signature was reproducibly evelated in pseudobulk; notably, the entire
GPNMB* signature is highly restricted to perivascular macrophages in macaques. Microglia
subpopulations expressing ribosomal genes at high levels, along with FTL/HI1, C1QA/B/C, TPT1,
PLEKHA?7, etc., although sometimes considered pathogenic, tended to be youth/health-enriched, and
their coexpression modules were strongly increased in young and healthy samples. I also observed
ST18* and NRG3* subpopulations, which reproduced across all human datasets and in monkeys,
although their nature is not yet completely understood: some marker genes arise from myelin
phagocytosis (e.g., ST18), while others may reflect intrinsic microglial expression (e.g., PCDH9). Gene
coexpression network analysis revealed SORL1, MAML3, ELMO1, MEF2A/C, ADAM28, ABCC4, and
several other genes as key putative regulators of evolutionarily conserved homeostatic modules,
while identifying TANC2, NHSL1, FMN1, ETV6, and particularly DPYD as potential central players
in activation-related networks. Transcriptional factor analysis revealed FOXP1 as a positive regulator
of activation-related genes (e.g., DPYD and LRRK2), highlighted the role of TCF4/12 in activation (via
TMEM163 and LRRK2), showed MITF and POUS3F1 as regulators of numerous genes within the
GPNMB-IQGAP? signature, and identified FOXP2, FOXN3, FLI1, and KLF12 as key homeostatic
regulators, alongside the well-studied MEF2A/C. Although many of these results are highly
preliminary, this may shed light on microglial physiology in health and disease.

Keywords: microglia; neurodegeneration; aging; neuroinflammation; primate evolution; single-
nuclei RNA-sequencing; cluster analysis; gene coexpression network analysis (hdWGCNA);
transcriptional factor analysis

Introduction

Brain aging, and particularly neurodegenerative diseases, is associated with a progressive
increase in chronic neuroinflammation, which exacerbates functional decline and further accelerates
aging processes. Moreover, brain aging itself is a key risk factor for some of the most devastating
neurodegenerative conditions, including Alzheimer’s disease (AD), Parkinson’s disease (PD),
amyotrophic lateral sclerosis (ALS), and frontotemporal lobar degeneration (FTLD), and shares many
common mechanisms with all of them [1,2].
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Microglia, the brain’s resident macrophages, are central mediators of this inflammatory response
and can adopt maladaptive, senescence-like states that contribute to neuronal dysfunction. At the
same time, microglia play essential neuroprotective roles, including the phagocytic clearance of
pathological protein aggregates such as amyloid-f3 (Af) plaques. This dual nature underscores the
importance of understanding how microglial states, functions, and regulatory programs are reshaped
across aging and diverse neurodegenerative contexts — knowledge that is critical for the rational
design of therapies targeting brain aging and neurodegeneration [3].

One of the first frameworks to capture microglial activation in neurodegeneration was the
concept of Disease-Associated Microglia (DAM), introduced in 2018. This model describes a two-
stage activation program triggered by pathological cues such as AP plaques. In the initial stage,
microglia downregulate core homeostatic markers, including CX3CR1, P2RY12, and TMEM119,
while upregulating early-response genes like TYROBP, APOE, B2M, and TREM?2, although the
initiating signals remain poorly defined. Transition to the second stage is critically dependent on
TREM? signaling, driving microglia toward a fully activated state characterized by robust expression
of phagocytic and lysosomal genes (LPL, SPP1, CST7, CD9, CCL6, AXL, ITGAX, CSF1) and complete
loss of homeostatic identity. The centrality of TREM2 in this pathway is underscored by human
genetics: loss-of-function variants in TREM2 markedly increase the risk of Alzheimer’s disease,
highlighting its non-redundant role in protective microglial responses [4].

Notably, however, this canonical DAM signature appears largely mouse-specific. In human
Alzheimer’s disease, microglia adopt a distinct TREM2-dependent reactive state, marked not by loss
of homeostatic identity but by retained or even elevated expression of markers like TMEM119,
P2RY12, and CX3CR1, alongside an IRF8-driven transcriptional program involving genes such as
CHI3L1, A2M, and SORL1 [5].

Moreover, emerging evidence suggests that microglial activation encompasses multiple,
potentially coexisting programs beyond the binary homeostatic-DAM framework. For example, a
subset of activated microglia expresses glycoprotein non-metastatic melanoma protein B (GPNMB),
a transmembrane protein associated with adaptive, neuroprotective, and predominantly anti-
inflammatory functions [6,7]. Recent work further reveals that GPNMB plays a direct role in amyloid-
[ clearance by physically bridging pathogenic aggregates to lysosomes through interaction with the
V-ATPase subunit ATP6V1A [8]. Together, these findings indicate that the microglial response in
neurodegeneration is not monolithic but rather comprises a spectrum of context-dependent states
with divergent functional implications.

To decode this, single-nucleus RNA-seq technologies might be extremely useful.

One of the most comprehensive attempts to comprehend the diversity of microglia was
performed by the Kellis and Tsai labs. They described 12 microglial states (referred to as MG0-MG12,
except cluster 9, which consisted of brain-associated macrophages) with the following characteristics:
MGO — homeostatic, with marker genes P2RY12, CX3CR1, and TMEM119; decreased in AD; MG1 -
neuronal surveillance, with elevated expression of neurotransmitter receptors; significantly
decreased in AD; MG2 - inflammatory I, increased in AD, with markers CPEB4, TMEM163, and IL4R;
MGS3 - ribosome biogenesis, marked by ribosomal genes, HLA-A, CD74, C1QB, and APOE; MG4 -
lipid-processing, associated with lipid and cholesterol metabolism and phagocytosis, marked by
PPARG, APOE, ABCA1, and TREM2; the most significantly enriched state in AD; MG5 — phagocytic;
MGS6 - stress-related, marked by unfolded protein response genes such as HSP90AA1 and HSPHI;
MG?7 - glycolytic state; MG8 — inflammatory II, significantly enriched in AD, marked by LRRK2,
SPONI1, and FOXP1; MGI0 - inflammatory III, marked by IL1B, CCL3, and RELB; MG11 - antiviral
signature, regulated by IRF7; MG12 - cycling state, undergoing proliferation, marked by BRIP1 and
EZH2, and clearly separated from other states on UMAP [9].

In the second paper by Prater et. al, snRNA-seq of PU.1-enriched nuclei was applied, and 10
clusters of microglia have been described. Clusters 1 and 2 were assigned as homeostatic, notably,
WIPF3-enriched subcluster 1.5 was highly AD-specific. Cluster 4 was assigned as dystrophic, with
the high expression of response to IFN-y, respiratory chain complex, ferritin chains (FTL, FTH1), and
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ribosomal (RPL19) genes; cluster 7 was motile, marked by MYOIE, PTPRG, PPARG, and GAS7;
cluster 8 was canonical inflammatory, with markers NFKBI, NFKBIA, RELB, and TRAF3; cluster 9
was senescent-like, with the high expression of TMEM2, HAMP, CEBP, and CDKN1A; cluster 10 was
undergoing cell cycle and marked by BRIP1 and CENPP, which was enriched in control.
Additionally, there were three clusters with the high activity of endolysosomal network (ELN):
cluster 3 — phagocytic ELN, enriched in CD163, DPYD, MITF, and APOE; cluster 5 — stress-autophagy
ELN with HSP90AA1, HIF1A, and BAG3 markers; and AD-enriched cluster 6 — inflammatory ELN,
enriched in genes for interferon and innate immune response such as IRF3/5/7, IFIT2/3, TRIM22,
CARD9, and NLRP3 [10].

Finally, in 2025, the Human Microglia Atlas (HuMicA) was published, integrating 19 single-cell
and single-nucleus RNA-seq datasets across multiple conditions — including Alzheimer’s disease,
autism spectrum disorder, epilepsy, multiple sclerosis, Lewy body diseases, COVID-19, and healthy
controls — and comprising a total of 90,716 cells/nuclei. The authors describe nine distinct states:
three homeostatic, four activated microglial subtypes, one disease-inflammatory macrophage-like
population (DIMs), and one cluster of border-associated macrophages (MAC). Among the
homeostatic states, Homeosl (cluster 0) was the largest; the other two were Homeos2 (cluster 4,
marked by GRID2) and Homeos3 (cluster 8, characterized by SERPINE1 expression). The activated
subtypes included Inflam.DAM (cluster 1, positive for SPP1 and TMEM163, and several unfolded
protein response genes such as HSPA5 and HSP90BI), Lipo.DAM (cluster 6, expressing GPNMB,
PTPRG, MYOI1E, IQGAP2, MITF, STARD13, and PPARG and enriched in lysosome and lipid
metabolism pathways), and two ribosome-enriched clusters: Ribo.DAMI (cluster 3, marked by
PCDHY, SYT1, CADM2, KCNIP4, and RBFOX1) and Ribo.DAM2 (cluster 5, with high PLEKHA?7, FTL,
and FTHI). The non-microglial populations comprised disease-inflammatory macrophages (DIMs,
cluster 2, expressing CD83, SLC2A3, HSPA1A, and DNAJB1) and border-associated macrophages
(MAC, cluster 7, showing high CD163 and low P2RY12 expression) [11].

Thus, as can be seen, even in the most cutting-edge research fully devoted to microglial diversity,
there is no full consensus, and different, though partially overlapping, results are obtained. To figure
out what is really going on with microglia in aging and neurodegeneration, I independently analyzed
five human datasets covering different conditions (AD, PD, ALS, FTLD, and aging) and one non-
human primate aging dataset, and here report the most reproducible patterns observed in this study.

My analysis can be logically separated into two parts. In the first part, I focused on cell
populations derived from cluster analysis: their marker genes and signatures, functional
interpretation using GO/KEGG, and disease associations via quasi-binomial regression. In the second
part, I analyzed gene expression at multiple levels: starting from pseudobulk comparisons, then
exploring hdWGCNA-derived modules and their condition associations, followed by transcription
factor analysis.

Methods

Datasets Overview

For my analysis, | used six datasets and analyzed them independently. Information about them

is provided in Table 1.
Table 1. Overview of datasets used in this study.
First auth Mi li lei
Dataset o oo ot0f Species Condition(s) Brain region(s) Sample count 1CTOBHA MUCTEL p oference
(Year) count

Marti
Dataset 1 az;oré):)y an Homo sapiens PD vs Control Midbrain 29 18,149 [12]
Dataset 2 Lau (2020) Homo sapiens AD vs Control Prefrontal cortex 21 6,702 [13]

AL FTLD Prefrontal cortex + Mot
Dataset 3 Pineda (2024) Homo sapiens Svs refrontal cortex+ Motor 145 (73 donors) 27,735 [14]
vs Control cortex
Muralidh

Dataset 4 ur(a2 (1)25; 1 Homo sapiens Old vs Young Prefrontal cortex 31 7,739 [15]
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Dataset 5  Li (2025)  Homo sapiens AD vs Control Temporal cortex 56 22,865 [16]
Macaca
Dataset 6 Zh 2021 1d vs Y Hi 1 17
ataset 6 Zhang (2021) fascicularis Old vs Young ippocampus 5 39,589 [17]

Cluster Analysis

Cluster analysis was performed independently with the same pipeline for all datasets, with the
central role of Scanpy [18].

First, datasets were downloaded and each sample was read as an adata object. Then, I performed
QC by filtering using manual thresholds: (1) cells with <500 counts, (2) cells with > 10,000 counts, (3)
cells with >6,000 genes, (4) genes present in <5 cells, (5) cells with >10% mitochondrial genes, (6)
cells with >1% hemoglobin genes, (7) cells identified as doublets by Scrublet’s default parameters
[19].

After QC, each sample was normalized (to 10,000 UMI per cell) and loglp-transformed. Then, I
applied CellTypist for automatic cell type identification and subsequent filtering of the cell types of
interest: I used the "Adult Human_PrefrontalCortex.pkl" model for human Datasets 1-5 (with
subsequent filtering of cells identified as 'Macro F13A1 COLEC12', 'Micro P2RY12 APBB1IP', 'Micro
P2RY12 CCL3, 'Micro P2RY12 GLDN', and 'Myeloid LSP1 LYZ') and the
"Adult_CynomolgusMacaque_Hippocampus.pkl" model for Dataset 6, with subsequent filtering of
'Microglia_1', 'Microglia_2', and 'PVM' cell types [20,21].

After filtering, I selected 3,000 highly variable genes (HVGs) using Pearson residuals, performed
PCA, used BBKNN for batch correction (on 40 PCs), performed Leiden clustering (with resolution 2.0
and random state = 42), and calculated UMAP (random state = 42) for visualization [22-25].

Once clusters were obtained, I characterized them using several tools: (1) by calculating top
marker genes and generating dot plots, (2) by GO enrichment, and (3) by KEGG enrichment [26].

To test cluster association with disease, I used quasi-binomial logistic regression with multiple
testing correction via FDR. Comparisons were: AD vs Control for Dataset 2 and Dataset 5, and PD vs
Control for Dataset 1. For aging datasets, I separated samples into groups: for Dataset 4, donors
younger than 57 were labeled as “Young” and those older than 70 were labeled “Old” (with no
samples in between); for Dataset 6, animals were already pre-assigned to “Young” and “Old” groups,
so I directly compared Old vs Young. For Dataset 3, I merged samples from prefrontal and motor
cortices from the same donors and performed pairwise comparisons: ALS vs Control, FTLD vs
Control, and ALS vs FTLD, followed by an additional Bonferroni correction [27].

For comparison with microglia, I additionally analyzed oligodendrocytes and OPCs from the
same publication as Dataset 5 ((OPC PDGFRA PCDH15', 'Oligo MOG CDH?', 'Oligo MOG FRY',
'Oligo MOG GSN', and 'Oligo MOG OPALIN' were filtered, and marker genes for each cluster have
been identified).

Gene Expression Analysis

To identify differentially expressed genes at the population level, I aggregated all microglia from
the same donor into a single pseudobulk sample and performed differential expression analysis using
PyDESeq2. The comparison scheme matched that used for cluster-level association testing (e.g., AD
vs Control, Old vs Young) [28].

For gene co-expression module detection, I converted each AnnData object to Seurat format and
applied hdWGCNA independently to Datasets 1-6 following the protocol outlined in Samuel
Morabito’s GitHub tutorial. Networks were constructed using default parameters, with fraction =
0.001 to retain genes expressed at rare populations. Gene modules were inferred across all microglial
cells in each dataset, without subsetting to specific clusters. Module visualization was performed in
Python [29].

Each resulting human-derived module was functionally characterized by Gene Ontology (GO)
enrichment analysis using the hdWGCNA Enrichment tutorial. Module-trait associations were
assessed via differential module eigengene analysis for all modules, as described in the respective
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hdWGCNA tutorial, using the same condition comparisons as in cluster-level analyses (e.g., binary
Young vs Old for Datasets 4 and 6; pairwise ALS vs Control, FTLD vs Control, ALS vs FTLD for
Dataset 3, with Bonferroni correction for multiple testing).

Transcription factor (TF) regulatory network analysis was performed for Dataset 1 using the
JASPAR2024 database and the “A” strategy from the hdWGCNA TF regulatory network tutorial. The
resulting network was further processed in Python using the GetTFNetwork output to examine
relationships between regulators and target genes of interest [30].

Results

Part 1: Cluster Analysis

Following independent clustering of each human dataset, I identified a total of 89 microglial
clusters: 18 in Dataset 1, 19 in Dataset 2, 18 in Dataset 3, 17 in Dataset 4, and 17 in Dataset 5. Detailed
annotations for all clusters are provided in the Supplementary Materials: Supplementary Table S1
lists the top 20 marker genes per cluster, Supplementary Table 52 reports the top 10 Gene Ontology
(GO) terms, Supplementary Table S3 includes the top 10 KEGG pathways, and Supplementary Table
5S4 summarizes cluster associations with disease or age conditions.

Because clustering yielded dataset-specific partitions, I focus here on the most reproducible
transcriptional patterns and clusters with biologically interpretable phenotypes, rather than
providing a full catalog of all 89 clusters. For clarity and conciseness, I refer to individual clusters
using a short notation — for example, D2C13 denotes cluster 13 from Dataset 2.

Diversity in GRID2 and CCDC26 Expression Between Clusters

Just before delving into details about particular subpopulations, I noticed an interesting detail:
putatively homeostatic populations — those lacking clear activation-related signatures — vary
dramatically in expression of two genes, GRID2 and CCDC26, with average logFC ~3.5-4.5 compared
to other clusters. All combinations were present: GRID2*CCDC26-, GRID2-CCDC26%,
GRID2*CCDC26* and GRID2-CCDC26". This diversity reproduced across all datasets (except Dataset
4, where all clusters showed low CCDC26 expression).

Moreover, when I analyzed oligodendrocytes/OPCs, they also exhibited diverse GRID2
expression (higher in OPCs than in oligodendrocytes), while all these cells showed low CCDC26
expression. This may suggest that GRID2 heterogeneity is a common feature across at least several
glial cell types.

In the literature, GRID2 was noted as a marker for certain clusters in Prater et al., and more
clearly described in the HuMicA article as a key marker of the Homeos2 cluster [10,11]. Its functional
role in microglia remains obscure, as GRID2? is primarily studied in neurons [31,32]. A recent
Alzheimer’s disease study identified two AD-associated microglial states, with AD2 characterized by
increased GRID2 expression and association with tau pathology, not A [33].

Regarding CCDC26, far less is known about its role in microglia, as it is mainly studied in cancer
[34]. A recent bulk RNA-seq study reported higher CCDC26 expression in Parkinson’s disease
compared to major depressive disorder [35].
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Figure 1. GRID2 and CCDC26 diversity between clusters of glial cells. A-E: microglia (A - Dataset 1, B - Dataset
2, C - Dataset 3, D - Dataset 4, E - Dataset 5), F: oligodendrocytes/OPCs (0-2, 4-8, 10 - oligodendrocytes, 3, 13 -
OPCs, 9, 11, 12 - intermediate phenotype).

GPNMB/IQGAP2+ Phagocytic Microglia

The GPNMB* population was one of the most reproducible physiological states observed in my
analysis. This signature included GPNMB, IQGAP2, MITF (perhaps the most important
transcriptional regulator — see below), ZNF804A, PTPRG, PPARG, MYOI1E, and CPM, while ATG?,
KCNMA1, STARD13, DPYD, and APOE, although co-occurring as markers, seem to be broader
regulators also present in other clusters.

Physiologically, this microglia is responsible for phagocytosis of protein aggregates (as
suggested by enrichment in GO/KEGG terms such as lysosome, endocytosis, and phagocytosis) and
lipid metabolism — an adaptive response in the context of neurodegeneration. Importantly, these
clusters not only appeared in all datasets, but also showed the most uniform trend toward expansion
in neurodegenerative conditions and aged samples.

In Dataset 1, I annotated cluster 11 as GPNMB* microglia. It was highly PD-enriched (OR=6.91,
p-value =0.00057). Cluster 14 also had a GPNMB* signature, but it was control-enriched (OR=0.63,
p-value=0.039); however, it was annotated as macrophages by CellTypist, so I currently have no
explanation for this.

In Dataset 2, clusters 8 and 12 had GPNMB* signatures. Both were AD-enriched (OR =2.00 and
8.71, p-value=0.295 and 5.13E-06, respectively), while in Dataset 5, it was cluster 11, also AD-
enriched (OR =2.54, p-value =0.023).

In Dataset 3, this was cluster 9. It was enriched both in ALS vs Control (OR=4.36, p-
value=0.0187) and in FTLD vs Control (OR= 6.59, p-value=_8.84E-08), while non-significantly
enriched in FTLD compared to ALS (OR = 0.66, p-value =1.00).

In Dataset 4, cluster 15 had the strongest GPNMB* signature and was Old-enriched (OR =4.85,
p-value =1.23E-06), while clusters 2 and 3, showing moderate GPNMB* expression, were also Old-
enriched (OR =4.54 and 22.27, p-value =0.033 and 3.00E-09, respectively).

This demonstrates that GPNMB* microglia expansion is a universal hallmark across aging and,
putatively, all neurodegenerative conditions.
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This has been described before. For instance, Sun et al. showed that MG4 (closest to my GPNMB*
cluster) exhibits the strongest increase in AD compared to controls [9]. Relative to the Prater et al.
classification, it most closely resembles the phagocytic ELN cluster (which did not change in AD)
[10]. In terms of HuMicA, this corresponds to Lipo.DAM, which was significantly elevated in AD
and multiple sclerosis, as well as in other conditions (though non-significantly) [11].

More details on this could be found on Figure 2.
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Figure 2. GPNMB+ microglia. A-E: GPNMB+ signature in Datasets 1-5 (A -1,B-2,C-3,D -4, E-5). F-J: GPNMB+
microglia clusters on the UMAPs (F-1,G-2,H-3,1-4,]-5).

Ribosome-Enriched FTL/H1+ C1QA/B/C+ Microglia (REM-FT/C1Q)

Another very pronounced state seen in 3 datasets was ribosome-enriched FTL/H1* C1QA/B/C*
microglia, or briefly REM-FT/C1Q: these were clusters D1C16, D4C12, and D5C9. It was absent as a
uniform cluster with a clear signature in Dataset 2 and Dataset 3.
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Its signature included: (1) ribosomal genes, expressed at higher levels compared to other
clusters; (2) ferritin genes (FTL and FTH1); (3) C1QA/B/C genes, whose product is responsible for
synaptic pruning; (4) several genes involved in cytoskeleton interaction, cell adhesion, and motility:
TPT1 (stabilizes microtubules), TMSB10/TMSB4X (interact with actin), and PLEKHA? (important in
regulating tight junctions); (5) APOE.

On GO and KEGG, these clusters show enrichment in translation and other protein metabolism-
related processes (e.g., ubiquitin-mediated proteolysis), endocytosis, as well as in some immune
processes — such as Coronavirus disease, Shigellosis, and Yersinia infection — importantly, due to
shared regulators (e.g., MAPK, PI3K-AKT, UBE2D genes, and so on). They do not reveal an
inflammatory or metabolically impaired phenotype, and these clusters lack proinflammatory genes
(e.g., interleukins) in their signatures.

Interestingly, all of them showed a tendency toward enrichment in control and youthful states,
although non-significantly: D1C16 and D5C9 were control-enriched (OR=0.69 and 0.86, p-
value =0.80 and 0.84, respectively), and D4C12 was Young-enriched (OR =0.69, p-value =0.72).

Comparing with existing data, Prater et al. annotated cluster 4 (also with markers FTH1, FTL,
RPL19, PLEKHA?) as dystrophic, due to enrichment in “respiratory chain complex” and “intrinsic
apoptotic signaling” terms, but it was control-enriched (NS) [10]. In HuMicA, a cluster with a very
close signature was referred to as Ribo.DAM?2 and did not show statistically significant differences
when comparing healthy and disease states [11]. In Sun et al., an MG3 cluster (enriched in ribosomal
genes, FTL/FTH1*, APOE*, CIQA/B/C*) was annotated in a way highly similar to mine, and it did not
increase in AD in terms of cluster size [9].

Taking all this into account, I hypothesize that this state might not be pathological, but rather
healthy and youthful, reflecting active protein biosynthesis, iron metabolism, cellular motility,
interaction with other cells, and active synaptic pruning (although the latter may become detrimental
in neurodegeneration). To test this, additional research is needed.
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Figure 3. REM-FT/C1Q. A-C: Ribosomal microglia signature in Datasets 1 (A), 4 (B), and 5 (C). D-F: REM-FT/C1Q
on UMAPs in Datasets 1 (D), 4 (E), and 5 (F). G-H: Datasets 2 (G) and 3 (H) do not have clusters with this clear

signature.

Mitochondrial Genes Expressing Microglia (Mito-Microglia)

Some clusters are characterized by increased expression of mitochondrial genes. The clearest
example is Dataset 4, where clusters 2, 5, and 11 all showed significantly increased mitochondrial
gene expression compared to all other clusters. I refer to this state as Mito-microglia, which may
reflect metabolically impaired states that could increase in neurodegeneration and aging. Indeed,
clusters 2, 5, and 11 are all Old-enriched (OR = 4.54, 3.80, and 2.47; p-value = 0.033, 0.00027, and 0.191,
respectively).

On the other hand, clusters with elevated mitochondrial gene expression do not show consistent
dynamics across datasets. For instance, D1C15 and D5C17 are control-enriched (OR = 0.20 and 0.48;
p-value = 0.00037 and 0.023, respectively), while D2C10 shows no enrichment (OR = 1.00). I refrain
from discussing D3C17, D3C18, and D5C16 here due to overlap with other phenotypes (e.g., HSP-
expressing and NRG3* clusters, see below).

In summary, I currently cannot conclude that microglial populations with increased
mitochondrial gene expression consistently expand in aging or neurodegeneration.

The interpretation is complicated: on one hand, an increased percentage of mitochondrial genes
can reflect technical artifacts (e.g., low cell quality), and thus I filtered out cells with >10%
mitochondrial genes. On the other hand, enrichment in terms like ETC was noted in translational
states, such as cluster 4 in Prater et al. and Ribo.DAM?2 in HuMicA, or in Ribo.DAM1 in HuMicA
(which is closely related to my NRG3* state, see below) [10,11]. This suggests that a biological increase
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in mitochondrial gene expression may reflect not only damage, but also heightened metabolic
activity. However, additional studies are needed to clarify this.
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Figure 4. Mito-microglia. A: Mitochondrial genes as markers for D4C2, D4C5, and D4C11. B: Mito-microglia on
the UMAP. C-F: expression of mitochondrial genes in other datasets (C-1, D-2, E-3, F - 5).

HSP Genes Expressing Microglia (HSP-Microglia)

In Datasets 3 and 4, I identified clusters D3C17 and D4C17, characterized by increased
expression of HSP markers (such as HSP90AA1/AB1, HSPA1A/1B, HSPA6, HSPB1/H1, DNAJB1/6,
BAG3, etc.), which may reflect a proteotoxic condition and intense unfolded protein response —
consistent with GO/KEGG enrichment. Such clusters were not observed in Datasets 1, 2, and 5.

I refrained from testing D4C17 for relevance to aging, as it was minor and present in only one
sample. For D3C17, it was non-significantly higher in controls compared to ALS and FTLD (OR =0.08
and 0.95, p-value = 0.31 and 1.00, respectively), but significantly enriched in FTLD compared to ALS
(OR = 0.08, p-value = 0.0033), and nearly equal between control and FTLD. We might speculate this
reflects aging (ALS samples are younger than both FTLD and controls), but in fact, there is no clear
inference about the differential presence of this cluster in my analysis.

This state has been previously described. It closely resembles MG6 (stress signature: HSP90AAI,
HSPH]1) from Sun et al., whose proportion did not change in AD, though gene expression increased
in late stages [9]. Compared to Prater et al., it aligns with the stress-autophagy ELN cluster, positioned
on the differentiation trajectory between homeostatic and senescent-like states, and unchanged in AD
in terms of abundance [10]. It also resembles Inflam.DAM in HuMicA (which also co-expressed SPP1
and TMEM163), which did not show significant changes across conditions [11].
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Figure 5. HSP-microglia. A-B: marker genes of HSP-microglia (A - Dataset 3, B - Dataset 4). C-D: HSP-microglia
on the UMAP (C - Dataset 3, D - Dataset 4). E-G: no populations with the same markers have been seen on other
datasets (E-1, F-2, G-5).

Dividing Microglia

In Dataset 3, I observed cluster 16, which was localized separately on the UMAP and had marker
genes DIAPH3, BRIP1, EZH2, CENPP, etc., and was enriched for terms such as “cell cycle.” I defined
it as dividing microglia. Interestingly, while absent in other datasets as a population, D2C16 and
D5C15 are marked by CENPP with extremely high selectivity (logFC = 5.04 and 4.27, respectively),
but lack expression of all other genes from this signature.

D3C16 was ALS-enriched compared to control (OR =5.77, p-value = 0.187) and non-significantly
FTLD vs control enriched (OR = 2.63, p-value = 0.083).

Interestingly, recent articles provide controversial data on this. For instance, in Sun et al., MG12
(annotated as cell cycle or cycling microglia) did not reveal a significant change in AD compared to
controls [9], while cluster 10 (cell cycle microglia) was enriched in the healthy group in the study by
Prater et al [10].

Thus, it remains difficult to state how the percentage of dividing microglia changes in
neurodegeneration: it is a rare population seen in only 1 out of 5 datasets in my analysis, and it is also
not mentioned in HuMicA [11].

More information is shown in Figure 6.
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Figure 6. Dividing microglia. A: D3C16 on the UMAP. B: marker genes of D3C16.
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NRG3+ and ST18+ Microglia

Probably the most intriguing — and controversial — subpopulations, these two groups are
remarkably reproducible across all datasets I analyzed. They share several marker genes, form clearly
distinct clusters on UMAP, and are often positioned in close proximity to each other.

I annotated clusters D1C18, D2C10, D2C19, D4C16, and D5C16 as “NRG3* microglia.” This
phenotype was defined by markers such as NRG3, CSMD1, NRXN1, RORA, KCNIP4, and RBFOX1.
GO and KEGG enrichment analyses suggested a potential role in synaptic transmission, particularly
at glutamatergic synapses, driven by enrichment of genes like GRIK1/2/3/4, which encode ionotropic
glutamate receptors.

Clusters D1C17, D2C15, D4C14, and D5C2 were annotated as “ST18* microglia,” characterized
by markers including ST18, ILIRAPL1, FRMDS5, CTNNA3, MAGI2, RNF220, and SLC24A2.
Enrichment analyses pointed toward involvement in axonogenesis, as well as endocytosis and
autophagy-related processes.

These phenotypes share notable features: they consistently appear as distinct from all other
microglial clusters on UMAP, are spatially adjacent, and overlap in a subset of markers, including
NRXN3, PCDH9, CADM2, ERBB4 (a known receptor for NRG3), and DLG2. In Dataset 3, they merged
into a single cluster (D3C18), further supporting their biological relatedness.

Notably, statistical testing revealed no significant association of these clusters with either
healthy/young or diseased/aged states, except in Dataset 3, where D3C18 was decreased in FTLD
compared to both controls and ALS, suggesting they may represent stable, baseline microglial
populations whose proportions remain unchanged during aging and neurodegeneration.

But in general, ST18+ microglia tends to be increased in old and diseased samples: D1C17 is PD-
enriched (OR = 1.06, p-value = 0.89), both D2C15 and D5C2 are AD-enriched (OR =1.30 and 1.52, p-
value = 0.89 and 0.26, respectively), D4C14 is Old-enriched (OR = 1.63, p-value = 0.34). At the same
time, NRG3+ microglia associates with young and control states: D1C18, D4C16, and D5C16 have
odds ratio = 0.95, 0.86, and 0.84 and p-value = 0.90, 0.82, and 0.52, respectively, while D2C10 and
D2C19 are AD-enriched, but both with OR >0.92 and p-value close to 1.

However, these populations are often overlooked in existing analyses. In particular, the ST18*
group has been dismissed as oligodendrocyte-microglia doublets and excluded (as in HuMicA),
because ST18 is widely regarded as a highly specific oligodendrocyte marker. To address this, I jointly
analyzed oligodendrocytes and OPCs (from the same study as Dataset 5) together with Dataset 5
microglia in a unified dotplot. The NRG3* and ST18* signatures closely resemble those of OPCs and
oligodendrocytes, respectively, and thus my analysis does not refute the doublet hypothesis for ST18*
microglia. However, NRG3* microglia show substantially lower expression of canonical
oligodendrocyte lineage markers, such as SOX10 and OLIG2, compared to mature oligodendrocytes,
and PDGFRA compared to OPCs (with the exception of oligodendrocyte/OPC cluster 9, which also
exhibits low expression of these markers).

On the other hand, emerging evidence challenges the notion that these states are purely technical
artifacts—particularly for NRG3* microglia. Given the complexity of this interpretation, I defer
further discussion to the Discussion section. Everything described in this section is shown on Figure
7.
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middle. F: dotplot showing NRG3+ and ST18+ signature genes in microglia clusters (the same as in the Dataset
5) and oligodendrocytes/OPCs clusters (the same as on Figure 1). G-K: UMAPs showing NRG3+ and ST18+
clusters for 5 datasets: G-1,H-2,1-3,]-4,K-5.

SPP1, TMEM163, and Other Activation-Related Genes

There are also some genes related to microglial activation whose distribution I analyzed
separately, as they did not form clear and reproducible transcriptional or marker signatures. These
include SPP1, a key signaling molecule, as well as TMEM163, TREM2, TYROBP, LRRK2 (a validated
therapeutic target in PD), DPYD, and FOXP1 (the latter three inspired by hdWGCNA networks, see
below).

In brief, their distribution across clusters suggests that, for instance, SPP1 may act as an
independent marker, occasionally co-occurring with others. The same could be said about TMEM163.
They were observed together in D4C3, which also expressed APOE and LRRK?2, displayed strong pro-
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inflammatory properties, and was highly Old-enriched (OR = 22.27, p-value = 3.00E-09). However,
in other datasets, SPP1, TMEM163, and HSP genes showed no consistent association—arguing
against a stable Inflam.DAM signature as described in HuMicA, which appears unlikely to reproduce
robustly across multiple datasets [11].

This may indicate that SPP1* and TMEM163* phenotypes are driven by independent programs—
potentially activated and detrimental. A similar interpretation may apply to TREM2 and TYROBP.

On the other hand, DPYD, FOXP1, and LRRK?2 tend to co-occur, suggesting they may be part of
the same activation program (further explored in the gene networks section below).

Distribution of these DAM-related genes, and results of enrichment tests discussed in this
section are shown on Figure 8.
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Figure 8. Distribution of other DAM-related genes across clusters, and cluster enrichment analysis results.
A-E: dotplots for Datasets 1-5 (A -1, B—2, C -3, D — 4, E - 5). F-L: quasi-binomial regression results for datasets
(F-D1, G-D2, H-D3 (ALS vs Control), I - D3 (FTLD vs Control), ] - D3 (ALS vs FTLD), K - D4, L - D5).

Results from the Monkey Aging Dataset

In macaques, I identified a total of 20 clusters: cluster 17 corresponded to perivascular
macrophages, while the others were microglial.
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Briefly, most clusters showed different marker genes compared to human datasets. Notably,
genes PDL5 and ENSMFAG00000032040 exhibited high diversity across clusters—including
putatively homeostatic ones, possibly playing a role analogous to GRID2 and CCDC26 heterogeneity
in human microglia.

When comparing Young and Old monkeys, clusters 0 and 2 were enriched in the Old group (OR
=7.28 and 8.33; p-value = 0.013 and 2.19E-07, respectively). D6C2 shares top markers with cluster 1,
which selectively expresses SPP1 and is non-significantly Old-enriched. These markers highlight the
immune nature of both clusters and include HLA-DRB5, HLA-DRA, SLC11A1, and several ARHGAP
family genes. Other D6C2 markers are shared with clusters 17 (perivascular macrophages) 0, 10, 11,
and 12 (latter three being non-significantly Old-enriched) and include ENSMFAG00000035592 and
CARMIL1.

Clusters 7, 13, and 14 were Young-enriched (OR = 0.33, 0.17, and 0.42; p-value = 0.031, 0.00011,
and 0.036, respectively). D6C7 and D6C13 share the marker CAMKMT, while D6C14 expresses
PDE4D, also found in cluster 6 (non-significantly Young-enriched).

Even more interesting was the reproduction of the NRG3* and especially ST18* signatures in
macaques. ST18* microglia (cluster 18) was present in all samples, with the same signature as in
humans, and was non-significantly Young-enriched (OR = 0.58, p-value = 0.68). The NRG3* signature
(clusters 19 and 20) was less distinct and observed in only three samples, so I refrained from testing
its association with aging—however, this further supports the biological reality of this state.

The most intriguing observation was that many genes from the GPNMB* signature, particularly
GPNMB and IQGAP2, were highly restricted to cluster 17, corresponding to perivascular
macrophages, with near-zero expression in microglia themselves and no expansion during aging.
Intriguingly, in Dataset 1, I had already observed two GPNMB*related clusters: D1C11 (true
microglia) and D1C14 (macrophages). D1C11 showed higher expression of GPNMB and most other
signature genes, while D1C14 had higher IQGAP2 and STARD13. Similarly, in HuMicA, IQGAP2 and
STARD13 were more expressed in macrophages (cluster 7), while other GPNMB-related genes were
enriched in Lipo.DAM. But in macaques, GPNMB, MITF, CPM, PPARG, ATG7, and DPYD are almost
exclusively confined to macrophages. Although this could reflect dataset-specific or species-level
differences and requires further validation, it may highlight an important divergence between
humans and non-human primates in the cellular distribution of what might be one of the most critical
programs responding to protein aggregate stress.

More details from the monkey aging dataset analysis are shown in Figure 9.
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Figure 9. Results of the monkey aging dataset analysis. A: dotplot with PLD5 and marker genes for
differentially enriched clusters. B: ST18+ and NRG3+ signatures. C: GPNMB+ signature. D: visualization of quasi-
binomial regression results. E: UMAP with clusters identified in the analysis. F: UMAP with cell types assigned
by CellTypist.

Part 2: Gene Expression Analysis
Pseudobulk Results

To test which genes change their expression concordantly, in each dataset I merged cells from
the same donor and analyzed them using PyDeSeq2. I highlight the most interesting observation.

Unexpectedly, there were quite a few significantly changed genes in most datasets: in Datasets
1,2, 4,5, and 6, there were 13, 1, 1535, 4, and 10 DEGs, respectively, and in Dataset 3 there were 353,
1554, and 3941 DEGs in ALS vs control, FTLD vs control, and ALS vs FTLD, respectively.

The most interesting finding was that PTPRG shows the most reproducible and strong increase
across multiple conditions: it was the only DEG in Dataset 2 (logFC = 3.04, p-value = 7.59E-07), the
top-1 DEG in Dataset 5 (logFC = 1.73, p-value = 4.52E-07), ranked 4th-9th by p-value among DEGs
in Dataset 1 (logFC =1.61, p-value = 0.038), and was also upregulated in FTLD compared to both ALS
and control in Dataset 3, as well as in Old vs Young in Dataset 4.

Since PTPRG is part of the GPNMB* signature, this observation reinforces the cluster-level
findings and further highlights PTPRG as a particularly important gene—its expression increases
dramatically, especially in AD datasets (possibly due to plaque burden?). Moreover, MYOIE was
also among the top upregulated genes (e.g., in Dataset 5).
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Notably, Dataset 6 was the only one where no PTPRG expression increase was observed (logFC
=0.087, p-value ~ 1). This may be due to the proposed restriction of the entire GPNMB* signature to
perivascular macrophages in macaques, without expansion during aging.

hdWGCNA Results

After applying hdWGCNA to five human datasets, I obtained a total of 91 modules: 20, 31, 25,
11, and 4 in Datasets 1, 2, 3, 4, and 5, respectively. As in the previous section, I will report only the
most interesting and reproducible patterns. Full details are provided in the Supplementary Materials:
Supplementary Table S5 lists top-25 hub genes per module; Supplementary Table S6 and includes
respectively shortened (top-3 per module) GO annotations; Supplementary Table S7 reports all
statistical tests for module-condition associations. These also include information about macaque-
derived-modules (except ST8).

Translational Modules

The most striking result, further supporting my observation that REM-FT/C1Q tends to be
associated with youth and health, was that 4 out of 5 modules enriched in ribosomal genes (as well
as FTL/H1, C1QA/B/C, TPT1, TMSB4X/10, PLEKHA7, MECOM, OOEP, APOE) were statistically
significantly enriched in control or young groups, while the fifth showed near-zero enrichment.

In detail: (1) in Dataset 1, the magenta module was control-enriched (logFC = -1.876, p-value =
5.80E-06); (2) in Dataset 2, both paleturquoise and salmon modules were control-enriched (logFC =
-0.913 and -0.451, p-value = 6.65E-25 and 8.36E-06, respectively); (3) in Dataset 4, the black module
was young-enriched (logFC =-1.71, p-value = 1.20E-13). The only exception was the darkred module
in Dataset 3, which showed near-zero enrichment coefficients and p-values ~1 across all three
comparisons. In Dataset 5, no ribosomal gene modules were identified.

Even more intriguing is the royalblue module in Dataset 2, with the top-4 hub genes being FTH1,
TMSB4X, TMSB10, and RPS15, and additionally including AIF1, FOS, and several immune-related
genes (HLA-DRA, HLA-DPBI), enriched in NF-kB-related terms. Yet this module is still control-
enriched (logFC =-4.203, p-value =1.27E-17). In Dataset 2, paleturquoise, royalblue, and salmon rank
1st, 2nd, and 3rd by p-value, all being control-enriched.

This is fully concordant with my earlier interpretation: active translational machinery, combined
with this specific transcriptional program, might not reflect disease or impairment, but rather a
healthy, youthful, and metabolically active microglial state.

Further details are shown in Figure 10.
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Figure 10. Modules related to REM-FT/C1Q signature, and module-trait correlation analysis results. A-F:
REM-FT/C1Q modules (A - Dataset 1 magenta, B - Dataset 2 paleturquoise, C - Dataset 2 salmon, D - Dataset 3
darkred, E - Dataset 4 black, F - Dataset 2 royalblue). G-M: volcano plots for module-trait correlation results (all
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modules): G - Dataset 1 (PD vs Control), H - Dataset 2 (AD vs Control), I - Dataset 3 (ALS vs Control), ] - Dataset
3 (FTLD vs Control), K - Dataset 3 (ALS vs FTLD), L - Dataset 4 (Old vs Young), M - Dataset 5 (AD vs Control).

Other Cluster-Specific and Activation-Related Modules

Some modules recapitulated results from the cluster analysis; however, as they did not yield
new insights, I will list them briefly.

For instance, the cyan module in Dataset 1 recapitulates the GPNMB* signature, with its top-2
hubs being GPNMB and IQGAP2, while other hubs include CPM, EYA2, MITF, and ATG?7. It is highly
increased in PD (logFC = 3.320, p-value = 6.53E-26).

GPNMB and LPL are also key regulators of the lightgreen module in Dataset 3, whose activity
declines in the order: ALS > FTLD > Control. At the same time, other genes from this signature,
namely MITF, MYOI1E, TPRG1, CPM, ATG7, PPARG, and IQGAP2, along with, intriguingly, SPP1
and DPYD-ASI, together form the royalblue module, which is higher in FTLD compared to both
control and ALS (logFC = 1.500 and -1.323, p-value = 7.38E-102 and 2.44E-145, respectively), and
shows no significant difference between them.

The turquoise module in Dataset 3 includes DIAPH3 (top-1 hub), POLQ, BRIP1, CENPF, and
EZH2, is strongly linked to mitosis, highly specific to D3C16, and, consistent with cluster analysis,
elevated in both ALS and FTLD compared to control. However, as discussed earlier, this may reflect
dataset-specific features rather than a general rule.

Some modules recapitulate NRG3* and ST18* signatures. For example, the brown module in
Dataset 3 (KCNIP4, CADM2, NRXN1/3, PCDH9, CTNAP2, CSMD1, NEGR1/3, RBFOX1, NRG3,
ROBO2, GRIA2) resembles the NRG3* signature and, notably, is dramatically decreased in the order
FTLD > Control > ALS, approaching logFC =-9.968 and p-value = 0.00 when comparing FTLD to ALS,
complicating interpretation. The blue module in Dataset 5 includes PPP2R2B, NRXN3, CADM?2,
CTNND2, PCDHY, and other marker genes shared between ST18* and NRG3* phenotypes, and does
not vary significantly between AD and controls.

Some modules were particularly interesting. For instance, the magenta module in Dataset 3
(FTLD > Control, logFC =1.991, p-value = 1.35E-270; FTLD > ALS and ALS > Control) included DPYD
and FOXP1 as its top-2 hubs, with LRRK?2 in 8th place. LRRK? is a validated therapeutic target, known
to drive microglia toward an inflammatory state, and Neuron23 and QUIAGEN are currently
conducting Phase 2 clinical trials of its small-molecule inhibitor NEU-411 for Parkinson’s disease [36].
Interestingly, FOXP1 and LRRK2 co-occur as markers of the inflammatory II (MG8) microglial
subtype in Sun et al. Additionally, FOXPI and DPYD co-appear in the pink module in Dataset 4
(highly increased in Old, logFC = 4.156, p-value = 1.57E~179). Notably, both the Dataset 3 magenta
and Dataset 4 pink modules are enriched in "Sphingosine Metabolic Process" (GO:0006670) as their
top GO term. Based on this, cluster analysis (above), and TF analysis (below), I incline to believe that
DPYD, FOXP1, and LRRK2 together orchestrate one biological programme—one that is highly
disease- and therapy-relevant—and thus deserves further investigation.

The structure of all modules described here is shown in Figure 11.
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Figure 11. Gene coexpression modules discussed in this section. A - Dataset 1 cyan, B - Dataset 3 lightgreen, C
- Dataset 3 royalblue, D - Dataset 3 turquoise, E - Dataset 3 brown, F - Dataset 5 blue, G - Dataset 3 magenta, H -

Dataset 4 pink.

Other Highly Reproducible Genes

I identified additional genes that were highly reproducible across hdAWGCNA modules in
multiple datasets. Here, I report only those present in networks from 4 or 5 datasets (Table 2). These
genes represent strong candidates as key regulators of microglial metabolism, though their functional
roles require further investigation.

In brief, 5 genes (namely SORLI1, MAML3, ARHGAP15, ETV6, and FNML2) were hub genes in
all five datasets. An additional 23 genes (excluding C1QB, RPLP1, and PRS15, discussed above)
appeared in 4 out of 5 datasets. Notably, none of these are canonical marker genes, which may suggest
they are expressed at lower levels but are broadly present across clusters. Information on all these

genes is provided below.
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Table 2. Hub genes found in hdWGCNA-derived modules across 4 or 5 human datasets.

Module (position Module GO Module enrichment
Dataset . .

among hub genes) enrichment (first term) (logFC, p-value)

SORL1

Dataset 1  greenyellow (5) Protein Phosphorylation (GO:0006468) PD (0.003, 8.96E-06)
Dataset2  lightyellow (3) Positive Regulation Of Supramolecular Fiber AD (0.483, 0.0062)

Organization (GO:1902905)

ALS > Control (0.730, 9.46E-33);
FTLD > Control (0.768, 1.01E-95);
FTLD > ALS (-0.038, 2.83E-30)

Positive Regulation Of T Cell Proliferation

Dataset 3 black (3) (GO:0042102)

Positive Regulation Of GTPase Activity
(GO:0043547)
Regulation Of Intracellular Signal
Transduction (GO:1902531)
MAMLS3
Positive Regulation Of GTPase Activity
(GO:0043547)
Regulation Of Intracellular Signal
Transduction (GO:1902531)

Dataset 4 brown (12) Young (-1.689, 1.23E-112)

Dataset 5 yellow (11) Control (-0.473, 5.78E-14)

Dataset 1 green (14) Control (-0.302, 3.5E-10)

Dataset 2 blue (18) NS AD (0.777, 1.00)

ALS > Control (0.730, 9.46E-33);
FTLD > Control (0.768, 1.01E-95);
FTLD > ALS (-0.038, 2.83E-30)

Positive Regulation Of T Cell Proliferation

Dataset 3 black (14) (GO:0042102)

Positive Regulation Of GTPase Activity
(GO:0043547)

Regulation Of Intracellular Signal

Transduction (GO:1902531)
ARHGAP15
Regulation Of Small GTPase Mediated Signal

Transduction (GO:0051056)

Regulation Of Intracellular Signal
Transduction (GO:1902531)

Dataset 4 brown (10) Young (-1.689, 1.23E-112)

Dataset 5 yellow (8) Control (-0.473, 5.78E-14)

Dataset 1 brown (4) NS PD (0.032, 0.055)

Dataset 2 blue (23) NS AD (0.777, 1.00)

ALS > Control (0.407, 0.029);
FTLD > Control (1.991, 1.35E-270);
FTLD > ALS (-1.584, 0.00)

Peptidyl-Serine Phosphorylation

Dataset 3 ~ magenta (12) (GO:0018105)

Positive Regulation Of Axon Extension
(GO:0045773)

Regulation Of Intracellular Signal

Transduction (GO:1902531)
ETV6
Regulation Of Small GTPase Mediated Signal

Transduction (GO:0051056)

Regulation Of Intracellular Signal
Transduction (GO:1902531)

Dataset 4 yellow (2) Old (2.293, 3.67E-05)

Dataset 5 yellow (19) Control (-0.473, 5.78E-14)

Dataset1  brown (22) NS PD (0.032, 0.055)

Dataset 2 blue (16) NS AD (0.777, 1.00)

NS ALS > Control (0.069, 1.00);
FTLD > Control (0.173, 3.02E-04);
NS FTLD > ALS (-0.104, 0.083)

Growth Hormone Receptor Signaling

Dataset3  green (12) Pathway Via JAK-STAT (GO:0060397)

Dataset 4 turquoise (8) Protein Phosphorylation (GO:0006468) Old (5.685, 1.72E-12)
. Regulation Of Protein Kinase Activity
Dataset5  turquoise (21) (GO:0045859) AD (0.323, 1.05E-20)
FMNL2
Positive Regulation Of Pinocytosis
Dataset 1 blue (4) (GO:0048549) Control (-0.264, 0.0048)
Dataset 2 yellow (20) Detection Of Muscle Stretch (GO:0035995) NS AD (1.184, 1.00)

NS ALS > Control (0.177, 1.00);
FTLD > Control (1.500, 1.38E-102);
FTLD > ALS (-1.323, 2.44E-145)

Dataset4  turquoise (24) Protein Phosphorylation (GO:0006468) Old (5.685, 1.72E-12)

Negative Regulation Of Autophagosome

Dataset3  royalblue (10) Assembly (GO:1902902)
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Regulation Of Protein Kinase Activity

D i AD (0.323, 1.05E-2
ataset 5 turquoise (9) (GO:0045859) (0.323, 1.05E-20)
ELMO1
Regulation Of Small GTPase Mediated Signal
Dataset 1 PD (0.032, 0.
atase brown (5) Transduction (GO:0051056) N5 PD (0.082, 0.055)
Dataset 2 white (5) Sterol Catabolic Process (GO:0016127) NS AD (0.008, 0.617)
. . . . ALS > Control (0.730, 9.46E-33);
Positive Regulat f T Cell Proliferat
Dataset 3 black (8) ostive Regu ?58?0(342 ) Ocze) FOMIETaton 11 b > Control (0.768, 1.01E-95);
' FTLD > ALS (-0.038, 2.83E-30)
Dataset 4 Not included
Regulation Of Intracellular Signal
Dataset 5 yellow (1) Transduction (GO:1902531) Control (-0.473, 5.78E-14)
ZFAND3
Regulation Of Small GTPase Mediated Signal
Dataset 1 brown (6) Transduction (GO:0051056) NS PD (0.032, 0.055)
Dataset 2 Not included
Response To Lipopolysaccharide NS ALS > Control (0.160, 1.00);
Dataset 3 midnightblue (9) P o 0%312’ 492) NS Control > FTLD (-0.576, 1.00);
' NS ALS > FTLD (0.736, 1.00)
Dataset4  turquoise (2) Protein Phosphorylation (GO:0006468) Old (5.685, 1.72E-12)
. Regulation Of Protein Kinase Activity
Dataset t 14 AD (0.323, 1.05E-2
ataset 5 urquoise (14) (GO:0045859) (0.323, 1.05E-20)
MEF2A
Positive Regulation Of GTPase Activity
Dataset 1 2 trol (-0.302, 3.5E-1
atase green (2) (GO:0043547) Control (-0.302, 3.5E-10)
Dataset 2 yellow (2) Detection Of Muscle Stretch (GO:0035995) NS AD (1.184, 1.00)
.. . ALS > Control (0.561, 1.41E-27);
Dataset3  cyan (19) 1\1:1(;2:;:: dRzi‘tliftf\;’i‘cgi ﬁ;:z(g 5;’&‘)1816%"1') NS Control > FTLD (-0.024, 1);
' ALS>FTLD (0.585, 5.58E-32)
Positive Regulation Of GTPase Activity
Dataset 4 brown (21) (GO:0043547) Young (-1.689, 1.23E-112)
Dataset 5 Not included
ITPR2
Positive Regulation Of GTPase Activity
D 1 1 (-0.302, 3.5E-1
ataset green (3) (GO:0043547) Control (-0.302, 3.5E-10)
Dataset 2 Not included
. . ALS > Control (0.561, 1.41E-27);
P Regul f Arp2 lex-
Dataset 3 cyan (9) MZ:E: . ch‘;r?tf\?fdce)aﬁ;r}: (g’ 5255‘0’ 6%"1) NS Control > FTLD (-0.024, 1);
' ALS>FTLD (0.585, 5.58E-32)
Positive Regulation Of GTPase Activity
D 4 21 Y -1. 1.23E-112
ataset brown (21) (GO:0043547) oung (-1.689, 1.23 )
Regulation Of Intracellular Signal
Dataset 5 yellow (9) Transduction (GO:1902531) Control (-0.473, 5.78E-14)
ADAM28
Positive Regulation Of GTPase Activity
D 1 4 1 (-0.302, 3.5E-1
ataset green (4) (GO:0043547) Control (-0.302, 3.5E-10)
Regulation Of Intracellular Signal
Dataset 2 blue (2) Transduction (GO:1902531) NS AD (0.777, 1.00)
. . . . ALS > Control (0.730, 9.46E-33);
Positive Regulat f T Cell Proliferat
Dataset3  black (13) ostive Regu ?ég‘o(g o wcze) FOMETatoON 11 b > Control (0.768, 1.01E-95);
' FTLD > ALS (-0.038, 2.83E-30)
Dataset 4 Not included
Regulation Of Intracellular Signal
Dataset 5 yellow (4) Transduction (GO:1902531) Control (-0.473, 5.78E-14)
ABCC4
Positive Regulation Of GTPase Activity
D 1 7 1 (-0.302, 3.5E-1
ataset green (7) (GO:0043547) Control (-0.302, 3.5E-10)
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Regulation Of Intracellular Signal

D 2 lue (7
ataset blue (7) Transduction (GO:1902531)

NS AD (0.777, 1.00)

ALS > Control (0.730, 9.46E-33);
FTLD > Control (0.768, 1.01E-95);
FTLD > ALS (-0.038, 2.83E-30)

Positive Regulation Of T Cell Proliferation

Dataset 3 black (5) (GO:0042102)

Dataset 4 Not included

Regulation Of Intracellular Signal

Dataset5  yellow (16) Transduction (GO:1902531)

Control (-0.473, 5.78E-14)

ATP8B4
Dataset 1 green (5) Positive Reglzggc.)él OZ);SS;“)Pase Activity Control (-0.302, 3.5E-10)
Dataset 2 blue (6) Regulation Of Intracellular Signal NS AD (0.777, 1.00)

Transduction (GO:1902531)

ALS > Control (0.561, 1.41E-27);
NS Control > FTLD (-0.024, 1);
ALS > FTLD (0.585, 5.58E-32)

Positive Regulation Of Arp2/3 Complex-

Dataset3  cyan (10) Mediated Actin Nucleation (GO:2000601)

Dataset 4 Not included
Regulation Of Intracellular Signal
Transduction (GO:1902531)

Dataset5  yellow (14) Control (-0.473, 5.78E-14)

SRGAP2
Dataset1  green (9) Positive Reg‘:ggf’gogSf;)Pase Activity Control (-0.302, 3.5E-10)
Dataset 2 Not included

ALS > Control (0.561, 1.41E-27);
NS Control > FTLD (-0.024, 1);
ALS > FTLD (0.585, 5.58E-32)

Positive Regulation Of Arp2/3 Complex-

D 21
ataset 3 cyan (21) Mediated Actin Nucleation (GO:2000601)

Positive Regulation Of Ras Protein Signal
Transduction (GO:0046579)
Regulation Of Intracellular Signal
Transduction (GO:1902531)

Dataset 4 red (8) Young (-3.523, 0.00)

Dataset 5 yellow (10) Control (-0.473, 5.78E-14)

SRGAP2B
Dataset 1 Not included
Regulati f P izati
Dataset 2 cyan (1) egulation O ( Goos.tosg;gal};sse) Organization NS Control (-0.948, 1.00)

ALS > Control (0.730, 9.46E-33);
FTLD > Control (0.768, 1.01E-95);
FTLD > ALS (-0.038, 2.83E-30)

Positive Regulation Of T Cell Proliferation

Dataset 3 black (18) (GO:0042102)

Positive Regulation Of Ras Protein Signal
Transduction (GO:0046579)
Regulation Of Intracellular Signal
Transduction (GO:1902531)

Dataset 4 red (1) Young (-3.523, 0.00)

Dataset 5 yellow (6) Control (-0.473, 5.78E-14)

FRMD4A
Positive Regulation Of GTPase Activity
Dataset 1 2 trol (-0.302, 3.5E-1
atase green (23) (GO:0043547) Control (-0.302, 3.5E-10)
Dataset 2 yellow (19) Detection Of Muscle Stretch (GO:0035995) NS AD (1.184, 1.00)

ALS > Control (0.561, 1.41E-27);
NS Control > FTLD (-0.024, 1);
ALS > FTLD (0.585, 5.58E-32)

Positive Regulation Of Arp2/3 Complex-

D 2
ataset 3 cyan (2) Mediated Actin Nucleation (GO:2000601)

Dataset 4 Not included
Regulation Of Intracellular Signal
Transduction (GO:1902531)

Dataset 5 yellow (22) Control (-0.473, 5.78E-14)

SND1
Dataset 1 red (2) ERAD Pathway (GO:0036503) PD (0.139, 4.09E-12)
Dataset 2 Not included

NS ALS > Control (2.594, 1.00);
NS FTLD > Control (0.137, 1.00);
NS ALS > FTLD (2.456, 1.00)

Response To Endoplasmic Reticulum Stress

Dataset 3 red (1) (GO:0034976)
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Innate Immune Response-Activating
Signaling Pathway (GO:0002758)
Regulation Of Protein Kinase Activity
(GO:0045859)

ARHGAP22
Dataset 1  greenyellow (3) Protein Phosphorylation (GO:0006468) PD (0.003, 8.96E-06)

Dataset 4 magenta (5) Old (3.250, 3.03E-12)

Dataset5  turquoise (13) AD (0.323, 1.05E-20)

Regulation Of Postsynapse Organization

(GO:0099175) NS Control (-0.948, 1.00)

Dataset 2 cyan (14)

ALS > Control (0.561, 1.41E-27);
NS Control > FTLD (-0.024, 1);
ALS > FTLD (0.585, 5.58E-32)

Positive Regulation Of Arp2/3 Complex-

Dataset3  cyan (12) Mediated Actin Nucleation (GO:2000601)

Positive Regulation Of GTPase Activity

Dataset 4 brown (6) Young (-1.689, 1.23E-112)

(GO:0043547)
Dataset 5 Not included
ANKRD44
Positive Regulation Of GTPase Activity
Dataset 1 green (1) (GO:0043547) Control (-0.302, 3.5E-10)
Dataset 2 Not included

ALS > Control (0.730, 9.46E-33);
FTLD > Control (0.768, 1.01E-95);
FTLD > ALS (-0.038, 2.83E-30)

Positive Regulation Of T Cell Proliferation

Dataset 3 black (1) (GO:0042102)

Positive Regulation Of GTPase Activity
(GO:0043547)
Regulation Of Intracellular Signal
Transduction (GO:1902531)

Dataset 4 brown (2) Young (-1.689, 1.23E-112)

Dataset 5 yellow (7) Control (-0.473, 5.78E-14)

TCF12
Dataset1  green (24) Positive Reg‘zggf’gogi;)hse Activity Control (-0.302, 3.5E-10)
Dataset 2 darkturquoise (6) MitOChondrijlcl\g‘?égg;zgz)Orga“ization Control (-0.552, 3.23E-04)
Dataset 3 Not included
Dataset 4 turquoise (4) Protein Phosphorylation (GO:0006468) Old (5.685, 1.72E-12)
Dataset5  turquoise (7) Regulation ?égggi;;;;?ase Activity AD (0.323, 1.05E-20)
FMNI

Cellular Response To Epidermal Growth

Dataset1  yellow (4) Factor Stimulus (GO:0071364)

PD (1.168, 5.51E-81)

Dataset 2 white (4) Sterol Catabolic Process (GO:0016127) NS AD (0.008, 0.617)
Control > ALS (-8.516, 1.48E-08);
Dataset 3 blue (6) Response To Unfolded Protein (GO:0006986) FTLD > Control (2.746, 9.93E-267);
FTLD > ALS (-11.262, 0.00)
Dataset4  turquoise (23) Protein Phosphorylation (GO:0006468) Old (5.685, 1.72E-12)
Dataset 5 Not included
ATM
Dataset 1  greenyellow (2) Protein Phosphorylation (GO:0006468) PD (0.003, 8.96E-06)

Positive Regulation Of Supramolecular Fiber

Dataset2  lightyell 1
atase ightyellow (1) Organization (GO:1902905)

AD (0.483, 0.00623)

ALS > Control (0.730, 9.46E-33);
FTLD > Control (0.768, 1.01E-95);
FTLD > ALS (-0.038, 2.83E-30)

Positive Regulation Of T Cell Proliferation

Dataset 3 black (8) (GO:0042102)

Positive Regulation Of GTPase Activity

Dataset 4 brown (22) Young (-1.689, 1.23E-112)

(GO:0043547)
Dataset 5 Not included
FAM135A
Dataset 1 greenyellow (9) Protein Phosphorylation (GO:0006468) PD (0.003, 8.96E-06)
mRNA Splicing, Via Spliceosome
Dataset 2 magenta (2) (GO:0000398) NS AD (0.493, 0.068)
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NS Control > ALS (-0.225, 1.00);
FTLD > Control (0.632, 4.20E-54);
FTLD > ALS (-0.856, 1.69E-110)

Immunoglobulin Mediated Immune

Dataset 3 darkturquoise (3) Response (GO:0016064)

Positive Regulation Of Axon Extension

Dataset 4 yellow (18) Old (2.293, 3.67E-05)

(GO:0045773)
Dataset 5 Not included
SPTLC2
Plasma Membrane Bounded Cell Projection
Dataset 1 60 (11 NS PD (0.038, 1.00
atase grey60 (11) Assembly (GO:0120031) ( )
Regulation Of Postsynapse Organization
Dataset 2 cyan (22) (GO:0099175) NS Control (-0.948, 1.00)
ALS > Control (0.165, 1.05E-07);
Dataset 3 greenyellow (8) N-glycan Processing (GO:0006491) NS Control > FTLD (-0.238, 1.00);
ALS > FTLD (0.403, 1.82E-06)
Dataset 4 pink (17) Sphingosine Metabolic Process (GO:0006670) Old (4.156, 1.57E-179)
Dataset 5 Not included
ACER3
Plasma Membrane Bounded Cell Projection
Dataset 1 1 PD (0. 1.
atase grey60 (19) Assembly (GO:0120031) NS PD (0.038, 1.00)
Dataset 2 Not included

NS ALS > Control (0.069, 1.00);
FTLD > Control (0.173, 3.02E-04);
NS FTLD > ALS (-0.104, 0.083)

Growth Hormone Receptor Signaling

D 11
ataset3  green (11) Pathway Via JAK-STAT (GO:0060397)

Dataset 4 pink (23) Sphingosine Metabolic Process (GO:0006670) Old (4.156, 1.57E-179)
. Regulation Of Protein Kinase Activity
Dataset 5  turquoise (12) (GO:0045859) AD (0.323, 1.05E-20)
TANC2
. Regulation Of Lipid Biosynthetic Process
Dataset 1  lightgreen (5) (GO:0046890) PD (0.350, 1.06E-08)

Regulation Of Intracellular Signal

Dataset2  blue (21) Transduction (GO:1902531)

NS AD (0.777, 1.00)

ALS > Control (0.407, 0.029);

Peptidyl-Serine Phosphorylation FTLD > Control (1.991, 1.35E-270);

Dataset 3 magenta (8)

(GO:0018105) FTLD > ALS (-1.584, 0.00)
Dataset 4 pink (12) Sphingosine Metabolic Process (GO:0006670) Old (4.156, 1.57E-179)
Dataset 5 Not included
NHSL1
. Regulation Of Lipid Biosynthetic Process
Dataset1 lightgreen (17) (GO:0046890) PD (0.350, 1.06E-08)
Regulation Of Postsynapse Organization
D 2 1 1(-0.948, 1.
ataset cyan (15) (GO:0099175) NS Control (-0.948, 1.00)

Control > ALS (-1.103, 1.41E-12);
FTLD > Control (1.604, 6.71E-74);
FTLD > ALS (-2.708, 9.42E-246)

Humoral Immune Response Mediated By

Dataset 3 lightyellow (11 ¢/ - jating Immunoglobulin (GO:0002455)

Dataset 4 pink (9) Sphingosine Metabolic Process (GO:0006670) Old (4.156, 1.57E-179)
Dataset 5 Not included
BMP2K
Dataset 1 Not included
Dataset 2 blue (1) Regulation Of Intracellular Signal NS AD (0.777, 1.00)

Transduction (GO:1902531)

ALS > Control (0.165, 1.05E-07);
Dataset 3 greenyellow (9) N-glycan Processing (GO:0006491) NS Control > FTLD (-0.238, 1.00);
ALS >FTLD (0.403, 1.82E-06)

Positive Regulation Of Axon Extension
(GO:0045773)
Regulation Of Intracellular Signal
Transduction (GO:1902531)
AOAH

Dataset4  yellow (1) Old (2.293, 3.67E-05)

Dataset 5 yellow (13) Control (-0.473, 5.78E-14)
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Dataset 1 Not included
Positive Regulation Of Mast Cell
Degranulation (GO:0043306)

Dataset 2 darkred (8) NS Control (-0.485, 0.403)

ALS > Control (0.561, 1.41E-27);
NS Control > FTLD (-0.024, 1);
ALS > FTLD (0.585, 5.58E-32)

Positive Regulation Of Arp2/3 Complex-

D 2
ataset3  cyan (25) Mediated Actin Nucleation (GO:2000601)

Positive Regulation Of GTPase Activity
(GO:0043547)
Regulation Of Intracellular Signal
Transduction (GO:1902531)

Dataset 4 brown (18) Young (-1.689, 1.23E-112)

Dataset 5 yellow (25) Control (-0.473, 5.78E-14)

Not only were repeatedly occurring genes found, but they often co-occurred within the same
modules, which may shed light on both the biology of these genes and their functional roles in
microglia. I will separately describe the most important modules containing numerous genes from
my list.

The brown module in Dataset 4 is probably the clearest example of a purely homeostatic and
healthy module, highly enriched in Young vs Old samples: P2RY12 and CX3CRI, canonical
homeostatic microglia markers, are its top-1 and top-5 hub genes, respectively. Among the genes
from my list, it contains ANKRD44 (top-2 hub), MAML3, SORL1, ARHGAP22, AOAH, MEF2A (and
its ortholog MEF2C), as well as, though not in my list, two potentially important regulators, DIAPH?2
and FOXP2.

Very similar is the green module in Dataset 1, also control-enriched, containing ANKRD44,
MEF2A/C, ITPR2, ADAM28, ATP8B4, ABCC4, DOCK8, SRGAP2, MAML3, DIAPH2, FRMD4A, and
TCF12.

Regarding SRGAP genes, particularly interesting was the Young-enriched red module in Dataset
4, involved in Ras and Rho signal transduction, where SRGAP2B, SRGAP2, and its homolog
SRGAP2C were top-1, top-8, and top-5 hub genes, respectively. Intriguingly, SRGAP2C is also a key
regulator of the orange module in Dataset 2, enriched in “Regulation of Axon Regeneration” and
non-significantly enriched in Control.

Another putatively homeostatic module is the control-enriched yellow module in Dataset 5, with
key regulators including ELMOI1 (top-1 hub), ADAM28, DOCK8, ANKRD44, MAML3, ITPR2,
SRGAP2, SORL1, BMP2K, ATP8B4, ABCC4, ARHGAP15, FRMD4A, AOAH (all from my list), as well
as FOXP2.

Regarding activation-related modules, one of the most striking is the black module in Dataset 3,
significantly increased in FTLD vs ALS and ALS vs Control, and enriched in terms related to T cell
proliferation and IL-17 production, reflecting strong immune activation. Interestingly, ANKRD44,
previously listed as a hub in homeostatic modules, is its top-1 hub gene, while SORL1, MAML3,
ADAM?28, ELMO1, DOCKS, ABCC4, and FOXP?2 are also among its hubs.

Another activation-related module is turquoise in Dataset 5, which is highly AD-enriched. It
includes DPYD as its top-5 marker; other genes from Table 2 include TCF12, FMNL2, SND1, and
ETVé.

Of particular interest is the white module in Dataset 2, which shows near-zero enrichment in AD
but is enriched in “Sterol catabolism” terms, with APOE as the top-1 hub. It also includes FMNL2 and
ELMO1 among its other hubs.

Interpretation of some modules remains challenging. For instance, the blue module in Dataset 2
is non-significantly AD-enriched and enriched in fundamental processes such as signal transduction
via GTPases. It includes ADAM?28, ATP8B4, ABCC4, ETV6, MAML3, TANC2, and ARHGAP15 from
my list.

The cyan module in Dataset 3 is more active in ALS vs both FTLD and Control, though
differences are non-significant, and is enriched in MAPK cascade and actin nucleation. Its hub genes
include FRMD4A (top-2), ITPR2, ATP8B4, ARHGAP22, MEF2A, and AOAH.
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Notably, TANC2 was a hub gene in two aforementioned proinflammatory modules: magenta in

Dataset 3 and pink in Dataset 4, together with DPYD and FOXP1. NHSL1 is involved in the pink
module in Dataset 4.

The structure of all modules discussed here is shown in Figure 12.

Dataset 4 (Muralicharan): brown Module Dataset 1 (Martirosyan): green Module Dataset 4 (Muralidhasan): red Module
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Figure 12. Gene coexpression modules containing putative central regulators. A - Dataset 4 brown, B - Dataset
1 green, C - Dataset 4 red, D - Dataset 2 orange, E - Dataset 5 yellow, F - Dataset 3 black, G - Dataset 5 turquoise,
H - Dataset 2 white, I - Dataset 2 blue, ] - Dataset 3 cyan.

Monkey Modules

I analyzed Dataset 6 for gene coexpression modules and obtained seven.

The most interesting were black and brown modules. First, they were highly restricted to
microglial cells and almost absent in macrophages. But the most interesting is that they contain
potentially the most evolutionarily conserved (and also microglia-specific, at least in the myeloid
lineage) genes: in the black module, these are SORLI (top-1 hub), MEF2A/C, ELMO1, FOXN3, and
DOCKS; the brown module includes ADAM?28, ABCC4, and MAML3 — all discussed in the previous
section (as well as NAV3, which was the top-4 hub for the Young-enriched brown module in Dataset
4). Both modules are putatively homeostatic, with near-zero change in the black module with aging
and significant decline (logFC =-0.21, p-value = 1.93E-12) in the brown module.

The red module is the GPNMB-IQGAP module, here restricted to macrophages, as observed in
cluster analysis. Top hub genes are IQGAP2, COLEC12, F13A1, CPM, and DPYD, mixing genes from
the original GPNMB+ signature and macrophage markers. GPNMB itself is 35th and putatively less
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important than in humans. Unlike the number of D6C17 cells, the red module is increased in aged
monkeys (logFC = 1.66, p-value = 2.60E-10), concordant with human data.

Blue, green, and turquoise modules are highly relevant to aging. Blue and green increase in
aging (logFC = 5.81 and 0.32, p-value = 0.00 and 2.62E-12, respectively), and both have immune
properties (e.g., blue has MYO9B and MYOIF; green has SPP1 as its top-2 hub gene); notably, blue is
microglia-specific, while green is present in both microglia and macrophages. The turquoise module
decreases with aging (logFC = -0.48, p-value = 2.83E-258).

Finally, the yellow module is enriched in ribosomal genes. Here, it shows a non-significant trend
toward being youth-specific (p-value = 1.00), so not supporting the human data, but also not
conflicting with them.
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Figure 13. Gene coexpression modules in Macaca fascicularis. A-G: modules (A - black, B - brown, C - red, D -
blue, E - green, F - turquoise, G - yellow). H: module distribution in UMAP. I: volcano plot showing module

enrichment in aging.

Transcriptional Factor Analysis

I additionally analyzed TF regulation using hdWGCNA output and here discuss how it is
organized for some of the most interesting genes (e.g., cluster markers or those from conserved
modules).

First, the DPYD-FOXP1 co-occurrence was confirmed: DPYD is a top-3 target of FOXP1, while
FOXP1 is the top-1 TF for DPYD, indicating that FOXP1 strongly and directly upregulates DPYD.
Interestingly, FOXP2 is antagonistic to FOXP1 and is the strongest suppressor of DPYD expression,
suggesting opposing roles for FOXP1 and FOXP2 in regulating microglial activation and
homeostasis, respectively.

On the other hand, while FOXP1 upregulates LRRK2 (as its 5th-ranked TF), the strongest
activator of LRRK2 is TCF4, whose role in microglia is poorly studied. Moreover, TCF4 and its
homolog TCF12 (which appears in 4 out of 5 datasets in modules) are among the top-3 strongest
activators of TMEM163, a frequent marker of activated microglia.

GPNMB is strongly upregulated by MITF - in fact, GPNMB is MITF’s top-2 target. This
relationship has long been known [37], but notably, MITF is also the top-1 TF for several other genes
in this signature (MYO1E, STARD13, KCNMAT). Other signature genes are primarily activated by
POUS3F1 (IQGAP2, ZNF804A, CPM, for which it is the top-1 TF) and, to a lesser extent, by CEBPA
(PTPRG, EYA2), CEBPB (PPARG), and RBP] (TPRG1). Interestingly, PPARG itself, despite being part
of the GPNMB?* signature, does not upregulate other genes in the signature. Instead, it is the strongest
activator of SPP1 and, at the same time, the strongest inhibitor of TMEM163, further supporting the
idea that SPP1 and TMEM163 belong to distinct regulatory programmes.

Genes from the NRG3* and ST18* signatures are mostly upregulated by KLF12 (CADM2, NRXN1,
MAGI2), POU3F2 (MAGI2), FOS (NRXN3, CADM2), and EN1 (CADM2, SYT1).

Most genes that appear repeatedly in hdWGCNA-derived modules, such as SORL1, MAML3,
DIAPH2, ANKRD44, ITPR2, ADAM28, ABCC4, ATP8B4, FRMD4A, SRGAP2, and AOAH, are either
activated or unaffected by key transcription factors with known or proposed homeostatic roles,
including MEF2A, MEF2C, FLI1, KLF12, FOXP2, and FOXN3, suggesting their involvement in a
homeostatic regulatory network. Moreover, these TFs act as repressors of genes associated with
microglial activation, including DPYD, LRRK2, APOE, and GPNMB* signature genes. Notably,
MEF2C is the top-1 activator of GRID2, the heterogeneity of which in microglia has been observed in
multiple studies.

In contrast, TANC2, which appears in multiple condition- or aging-enriched modules, is
downregulated by MEF2A and upregulated by FOXP1 and FOXOI, further supporting its role in
activation processes. A similar interpretation may apply to NHSLI and FMN1, which are also present
in old-enriched modules and repressed by MEF2A/MEF2C.

ETV6, also found in old-enriched modules, is upregulated by MEF2C as well as by HIF1A,
suggesting a dual regulatory role. ETV6 itself is the strongest activator of ZFAND3, another old-
enriched gene. Additionally, the old-enriched SND1 is activated by RBP] and repressed by KLF12.

More details on these interactions are shown in Figure 14.
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Figure 14. Transcriptional factor analysis results. A-C: top targets for selected TFs (A - FOXP1, B - FOXP2, C -
MITF). D-L: top TFs for selected targets (D - DPYD, E - LRRK2, F - GPNMB, G - IQGAP2, H - SPP1,1- TMEM163,
J- SORL1, K- TANC2, L - NHSL1). M: heatmap for all TF-target pairs discussed in this section.
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Discussion
ST18+ and NRG3+ Microglia: Artifact or Biology?

AsIhave already said, NRG3+ and particularly ST18+ microglia might be doublets, and nothing
in my analysis claims against this. However, several papers suggest that alternative explanations for
these clusters might be.

First, the ST18* cluster was first described in 2019 by Schirmer et al. in their Nature article. They
identified a cell cluster co-expressing ST18, PLP1, and MBP — markers characteristic of mature,
myelinating oligodendrocytes — and proposed that this signature does not reflect endogenous
expression by microglia, but rather results from myelin phagocytosis. During this process, microglia
not only engulf myelin debris but also internalize oligodendrocyte-derived mRNAs, which remain
stable in the cytoplasm and accumulate in the perinuclear space, making them detectable by snRNA-
seq. The authors experimentally validated this mechanism by incubating both human- and mouse-
derived microglia with rat-derived myelin and subsequently detecting rat-specific MBP and PLP1
transcripts within the microglial cells, thereby providing strong evidence against endogenous
expression and supporting phagocytic RNA uptake as the underlying cause [38].

A more recent study published in 2025 has once again identified a distinct microglial state
characterized by the co-expression of oligodendrocyte-enriched transcripts: ST18, MBP, and PLP1.
The authors provided converging lines of evidence to support the interpretation that this signature
reflects myelin phagocytosis rather than endogenous expression or technical artifacts. First, they
isolated pure microglia from the cortices of LRRK2-G2019S Parkinson’s disease (PD) mouse models
and found significant enrichment of myelin-associated transcripts (MBP, MOBP, and PLPI),
consistent with internalized myelin debris. Second, immunohistochemistry on postmortem human
cortical tissue revealed colocalization of IBAI* microglia with myelin (MBP) — a pattern markedly
more pronounced in dementia cases than in controls. Third, functional assays demonstrated that
overexpression of MSR1 (macrophage scavenger receptor 1) in human microglial cells enhanced
uptake of pHrodo-labeled myelin, confirming a direct role for MSR1 in myelin phagocytosis.
Critically, when comparing AD, dementia with Lewy bodies (DLB), and Parkinson’s disease
dementia (PDD) to non-cognitively impaired controls, this ST18*/MBP*/PLP1* microglial state was
consistently enriched across all dementia subtypes, suggesting it represents a shared response to
myelin damage in neurodegenerative disease [39].

Compared with my analysis, GO and KEGG enrichment for the respective clusters indeed
includes terms such as phagocytosis and autophagy—suggesting that these clusters may arise
through these processes. As for disease associations, ST18* microglia does tend to be condition-
related in most datasets (except monkeys), although not statistically significant, and thus, my analysis
generally supports the relatedness of ST18* microglia to specific conditions, albeit without statistical
significance as proof.

As for the NRG3* microglia, a 2024 Nature Medicine article described two populations of
PCDHY-high microglia. In this article, the first population was localized in the prefrontal cortex and
had pro-inflammatory properties with markers such as PTPRC, ATM, C3, TLR2, SYK, etc. (I did not
see a population with the same markers in my analysis), while the second was localized in the
hippocampus and expressed markers such as NRG3, NRXN1, GRID1, and GRIK2, and was enriched
in synapse-related genes — very similar to my NRG3* microglia. Both subtypes express PCDH9Y,
CADM2, and NRXN3, shared markers also found in the ST18* and NRG3* populations in my data.
Notably, the authors not only detected PCDH9 in single-cell data, but also confirmed its expression
at the protein level in microglial cells using immunohistochemistry in the cortex of healthy adult
individuals, thereby excluding doublet or technical artefact explanations. However, the origin of the
other genes (whether they reflect genuine microglial expression or are acquired through
phagocytosis) remains underexplored [40]. It seems I have observed the second (hippocampal-like)
population, but not restricted to the hippocampus: it appears across multiple brain regions, including
the midbrain, prefrontal, temporal, and motor cortex, as well as in the macaque hippocampus.
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Another argument “for” the existence of NRG3* microglia comes from the HuMicA article.
Although the authors excluded the ST18* cluster, they described Ribo.DAM1 - a microglial state
marked by PCDH9, CADM2, KCNIP4, RBFOX1, SYT1, LSAMP, and CNTNAP2, which is highly
similar to the NRG3* microglia I observed. I did not detect enrichment in ribosomal genes in my
cluster, but mitochondrial markers were present in some datasets as markers, which aligns well with
the “KEGG_OXIDATIVE_PHOSPHORYLATION” enrichment reported for Ribo.DAM1 [11].

But probably the most important article first describing NRG3* microglia (in mice) came in 2025:
the authors showed that it represents a regenerative state that is nearly absent in controls and is
markedly increased after iNSC-exosome treatment. This state sits at the beginning of the
differentiation trajectory and is enriched for genes involved in synapse formation, neurite outgrowth,
neuronal development, and axon guidance. These microglia interact with neurons via NRXN1-3 —
NLGN1 and NRG3 — ERBB4 signaling—and in my data, both NLGN1 and ERBB4 are highly
expressed in NRG3* and ST18* microglia [41].

My research in general supports this vision (although without statistical significance): in most
datasets, NRG3+ microglia tends to be increased in Control and Young groups.

Moreover, a recent study of anaplastic ependymoma and diffuse midline glioma revealed that
astrocytes, oligodendrocytes, and microglia interact with neighboring cells via the NRG3-ERBB4 and
PTN-PTPRZ1 ligand-receptor pairs, with NRG3-ERBB4 specifically enriched in ependymoma [42].

Based on all the evidence presented above, I incline to believe that the NRG3* state more likely
reflects genuine internal expression by microglia, whereas ST18* clusters are artifacts of myelin
phagocytosis, though they nonetheless capture an important biological process and should therefore
be retained in future analyses. It would be interesting to calculate the ratio of processed to
unprocessed RNA for genes associated with ST18* and NRG3* signatures (with the expectation that,
if arising from phagocytosis, they would show abnormally high levels of processed transcripts,
particularly when compared to cells that normally express them, such as oligodendrocytes for ST18
— since the RN A originates from the cytoplasm of other cells rather than from the microglial nucleus).
Immunohistochemistry should be used to confirm or rule out true internal expression, as was done
for PCDH9.

A Brief Inference About Key Genes Regulating Microglia Phenotypes

Here, I will discuss some of the genes I found to be the most interesting in terms of microglia
regulation, what is known about them from the other studies (excluding obvious ones such as APOE
and GPNMB), and what comes from my research.

DPYD.

DPYD is definitely one of the most important regulators of microglia activation, appearing both
as a marker in cluster analysis and within activation-related gene networks, yet its role in microglia
is not fully understood. It seems to be positively co-regulated with both GPNMB and LRRK2, and the
key question will be whether DPYD's activity in neurodegeneration represents an adaptive response
(like GPNMB) or a maladaptive one (like LRRK?). If the latter, it might be a relevant therapeutic target.

DPYD (dihydropyrimidine dehydrogenase) is an enzyme that converts uracil and thymine into
their 5,6-dihydro derivatives — the first step in their catabolism to beta-alanine. It is best studied in
cancer, where DPYD also metabolizes 5-fluorouracil (5-FU). Several loss-of-function DPYD variants
lead to increased 5-FU toxicity and are clinically relevant for treatment planning [43]. Moreover,
DPYD inhibitors, such as gimeracil (which is included in Teysuno), are already used in oncology to
enhance 5-FU efficacy [44].

Unfortunately, beyond bulk- and single-cell RNA-seq data (including this study) there is no
experimental proof or mechanistic understanding of DPYD’s function in microglia. Even in existing
articles, DPYD is mentioned only briefly and not as a central focus. If future experiments or at least
computational approaches show that DPYD drives detrimental processes in the brain, this could
provide the first rationale for repurposing gimeracil in brain aging and neurodegenerative disease
[10,45,46].
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SPP1/OPN.

The role of SPP1 (secreted phosphoprotein 1, also known as osteopontin, OPN) is better
understood: it is a pro-inflammatory molecule that drives adverse activation signals. It is a secreted
cytokine/chemokine that binds to its receptor CD44 and promotes proinflammatory responses, and
this has been experimentally confirmed in numerous studies [47,48].

Notably, its role extends beyond microglia. For example, in blood vessels, SPP1-CD44 signaling
in smooth muscle cells, fibroblasts, and macrophages drives the progression of atherosclerosis [49].
However, SPP1 signaling is context-dependent: for instance, its activation supports stem cell niche
activity in skeletal muscle, where it is beneficial [50].

Anti-SPP1 therapies are currently in development for cancers and chronic inflammatory
conditions. However, since SPP1 is not an enzyme, these are not small-molecule inhibitors but rather
biologics such as antibodies, RNA aptamers, or siRNAs. This may pose challenges for delivery into
brain tissue [51].

Interestingly, in my analysis, SPP1 did not show significant co-expression or association with
other well-known microglial programs (such as APOE, GPNMB, or TMEM163), suggesting it may act
as a relatively independent player. If the regulatory modules controlling SPP1 expression are further
decoded, upstream druggable regulators might be identified.

TMEM163.

TMEM163 represents another relatively independent program driving microglia activation. The
TMEM163 gene encodes a transmembrane zinc transporter and is mostly expressed in
oligodendrocytes [52]. This transporter is required for myelination, and mutations impairing
TMEM163 may cause hypomyelinating leukodystrophy, characterized by altered brain development
and elevated cell death [53].

How TMEM163 relates to microglia activation remains elusive. There are currently no drugs
targeting TMEM163. The only established links are that TMEM163 is an AD risk gene (by GWAS:
[54]) and that high expression of TMEM163 has been observed in multiple studies in inflammatory
microglia clusters—including in this study [11,55,56].

TCF4 & TCF12.

In my analysis, TCF4 and TCF12 are the top-2 and top-3 TFs activating TMEM163, respectively.
Additionally, TCF4 is the top-1 TF for LRRK2, while TCF12 appears in 4 modules across human
datasets, mostly enriched in aging or disease. This raises important questions about how these genes
are interconnected with microglial function and activation.

Regarding TCF4 (also referred to as E2-2, ITF-2, and SEF-2), studies show that astrocytes,
GABAergic, and pyramidal neurons express it, while its expression in microglia is absent or very low
[57]. In neurons, TCF4 has a well-established role in memory and synaptic plasticity [58]. It also
suppresses inflammation in neural stem cells to support neurogenesis [59].

Like TCF4, TCF12 is primarily studied in neurons and oligodendrocytes, with little data
available for microglia. Its deficiency is linked to craniosynostosis [60], while its hyperactivation can
drive cancer cell proliferation, including in glioma. Interestingly, inhibition of the TCF12/VSIG4 axis
by palbociclib not only reduces proliferation but also blocks M2 polarization in microglia, though the
proposed mechanism is glioma-mediated [61].

Thus, the role of TCF4 and TCF12 in microglia, and even their expression, remains unclear. In
my data, both show high expression across many clusters, which is unlikely to be an artifact. Further
studies are needed to clarify their functional relevance in microglial regulation.

FOXP1.

FOXP1 is an important regulator of microglia physiology. Previous studies have shown that
FOXP1 acts as a repressor of immune-related genes in the CNS, although not specifically
characterized in microglia [62].

More recently, FOXP1 was identified as a transcriptional activator of SORL1 (which aligns with
my TF network analysis, where FOXP1 was predicted to upregulate SORL1 expression) [63].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202512.0004.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 1 December 2025 d0i:10.20944/preprints202512.0004.v1

34 of 42

On the other hand, FOXP1 was found co-expressed with LRRK? in the inflammatory II (MG8)
microglia phenotype in the Kellis and Tsai study [9]. In my analysis, FOXP1 consistently co-occurs
with DPYD and LRRK2 in several activation-related clusters and modules. Furthermore, TF inference
predicts that FOXP1 directly activates DPYD and other pro-activation genes.

FOXP2 & FOXN3

FOXP2 and FOXN3 are studied less than FOXP1, including in microglia. But in general, my data
supports the vision that these genes are mostly homeostatic, involved in healthy modules, and
sometimes antagonize FOXP1 (e.g. with DPYD).

Studies show that FOXP2 mRNA decreased in Pick’s disease and FTLD [64]. FOXP2-regulated
network is multi-layered, and many of the respective genes are related to neurodegenerative diseases
[65]. A recent study has shown that FOXP2 expression in microglia is almost absent in mice and
macaques and is a human feature [66].

MEF2A & MEF2C.

MEF2A and MEF2C are transcription factors both expressed in microglia. They interact with
PU.1 to help establish a cell-type-specific transcriptional profile by shaping enhancer activity [67].

Both MEF2A and MEF2C play critical roles in suppressing microglial activation and maintaining
homeostatic states. Reduced expression or impaired function of these factors is observed in aging and
neurodegenerative conditions. Notably, MEF2C deficiency leads to a hyperinflammatory microglial
phenotype [68-70].

This aligns fully with my observations: MEF2A/C are strong activators of homeostatic genes and
repressors of activation-related ones. Their presence in multiple conserved, putatively homeostatic
modules across datasets further supports their central role in preserving microglial quiescence.

SORL1.

SORL1 encodes sortilin-related receptor 1 protein (SORLA), which sorts proteins, including
lysosomal enzymes. Its activity is critically important for lysosomal function, and SORL1 is highly
expressed in microglia [71]. There are AD-related SORL1 variants with loss of function, which lead
to sporadic Alzheimer’s disease [72].

SORL1 is also responsible for sorting CD14, a proinflammatory molecule, and for lysosomal
exocytosis, so it can positively regulate inflammatory responses. But in the context of
neurodegeneration, SORLI is mostly a protective factor: its dysfunction exacerbates disease [73,74].

This supports my anticipation that most SORL1-driven modules are primarily homeostatic.

MAML3.

Mastermind-like 3 (MAML3) is a transcriptional coactivator involved in key signaling pathways,
including Notch and WNT, where it interacts with RBPJ and [(3-catenin, respectively. Its
overexpression has been linked to hyperproliferation in certain cancers [75,76].

There is very little data on MAML3 in microglia or neurodegenerative contexts. One study
reported that MAML3 is downregulated in reactive microglia in the hippocampus, which supports
my observation that MAML3-associated gene modules are homeostatic and tend to decline in disease
or aging conditions [77].

ADAM2S.

ADAM?28 (A disintegrin and metalloproteinase 28) encodes a metalloproteinase. It exists in both
membrane-bound and soluble forms, and is able to activate TNF-« via partial proteolysis, and thus
is mostly a pro-inflammatory molecule [78,79]. This makes particularly interesting the fact that
ADAM?28 was found in many health-related modules.

ABCC4.

ABCC4 (ATP-binding cassette subfamily C member 4) encodes a transporter protein. It may be
involved in regulating the distribution of proinflammatory molecules such as eicosanoids, although
information about its function in microglia remains scarce [80].

ELMO1.

ELMO1 (Engulfment and Cell Motility 1) is a protein important in phagocytosis and cell
migration. It is a part of ELMO1-DOCK180 complex, which is important for Racl activity and
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cytoskeleton reorganization [81,82]. It was shown to also regulate inflammation [83]. Additionally,
ELMOT1 is important in regulating myelination and neuronal number [84].

TANC2.

TANC2 (Tetratricopeptide Repeat, Ankyrin Repeat and Coiled-Coil Containing 2) encodes a
post-synaptic scaffold protein primarily functioning in neurons, where it plays a role in dendritic
spine development. Mutations in TANC?2 are associated with neurodevelopmental disorders [85].

Data on its role in microglia is extremely limited. However, in a recent study, a neuron-
associated microglial cluster was described that expresses high levels of TANC2 [86].

It is very interesting as I found TANC2 within several activation-related modules and being
negatively regulated by homeostatic state-driving TFs, but these data is highly preliminary.

FMNI1.

FMNI1 (Formin 1) is a cytoskeletal regulator that interacts with actin and plays a key role in cell
shape changes and migration. In cancer, such as glioblastoma, it contributes to metastasis, and in T
cells, it supports trafficking, and it is long known as a critical component of macrophage podosomes
[87-89].

Its role in neurodegeneration remains poorly studied. In my analysis, FMNI1 appeared in
multiple clusters, primarily those associated with aging or disease conditions. This aligns with its
function in microglial activation and motility. However, whether this increased activity is beneficial
or detrimental in the context of neurodegeneration remains unclear and represents an important
question for future functional studies.

NHSL1.

NHSL1 (Nance-Horan Syndrome-like 1), intriguingly, is a negative regulator of cytoskeleton
motility via suppression of Scar/WAVE and Arp2/3 activity [90], yet it appeared in mostly activation-
related modules and is suppressed by MEF2A/C, similar to FMNT1.

There is little data on its role in microglia. In a recent study, an NHSL1-expressing cluster was
annotated as homeostatic [91], which may conflict with my preliminary inference.

ETVe.

ETV6 (ETS variant transcription factor 6) is best known as a tumor suppressor, although it can
act as an oncogene following chromosomal translocation. It also plays a key role in hematopoiesis
[92].

Recent studies suggest a potential role for ETV6 in the immune system. For example, ETV6
promotes monocyte differentiation into dendritic cells and suppresses their differentiation into
macrophages [93]. Moreover, ETV6 levels are elevated in aortic macrophages in atherosclerotic mice,
and its repression reduces LDL-related inflammation [94]. This supports my observation that both
ETV6 and its putative downstream target ZFAND3 are primarily involved in aging-related gene
modules.

To summarize, there is only a very limited number of genes (including P2RY12, SORL1, TREM?2,
APOE, GPNMB, SPP1, C1IQA/B/C), the function of which in microglia is well understood. The
function of other genes, starting from DPYD and TMEM163 and including almost all module-
composing genes mentioned in this study, remains elusive. Their understanding is critical for next
generation anti-neurodegenerative therapy development.

Conclusions

In this study, I have identified several interesting mechanisms related to microglia activation
and heterogeneity.

First, I found human homeostatic clusters to be highly heterogeneous in expression of GRID2
and CCDC26, although the functional meaning of this remains underexplored.

I have revealed that GPNMB* subpopulation expansion is a common mechanism in aging and
neurodegeneration, although this has been described before (for MG4 and Lipo.DAM). This response
is adaptive by itself and thus not very interesting in terms of therapy development. Another
intriguing detail was that GPNMB expression is highly specific to perivascular macrophages in
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monkeys, suggesting that its activity in microglia might be a human-specific trait, which requires
further examination.

I suppose that assignment of ribosomal genes and C1Q-expressing microglia as “dystrophic”
and “Ribo.DAM?2” is misleading, as these clusters tend to be increased in youth, while the respective
gene networks are significantly more active in health, suggesting that it is a healthy, metabolically
active state, which is partially lost during aging.

Very interesting and underexplored are the ST18* and NRG3* subpopulations. Some genes may
result from myelin phagocytosis, such as ST18 — and although these populations tend to be increased
in neurodegenerations, it is a symptom of these diseases, not its mechanism, but they must be
included in further analysis. As for NRG3*, it likely represents at least part of the PCDH9-high
population, the existence of which has been proven. It will be interesting to calculate the ratio of
processed and unprocessed forms for each gene and compare it to intrinsically expressing
populations (such as oligodendrocytes for ST18) to estimate which genes are most likely to get into
microglial cells as a result of phagocytosis. It will be intriguing to do this also for SNAP25, PEG10,
and other neuron-derived genes — I saw these clusters, and although they are highly likely to be
doublets or contamination, an increased percentage of processed transcripts may indicate neuronal
phagocytosis, which would be important to consider in the context of neurodegeneration.

Going to gene coexpression networks, I identified multiple putative regulators of microglia
homeostasis and activation. Unexpectedly, there is little or no information about most of them, and
even the expression of many in microglia has not been reported. Understanding how these gene
networks function and what role each gene plays is critical for developing next-generation therapies
against brain aging and neurodegeneration. For instance, we can correlate the expression of these
putative regulators with features such as inflammatory phenotype, lysosomal activity, or senescence
across cells or clusters, or build differentiation trajectories to uncover how their expression changes
over pseudotime.

The most interesting part would be to identify potential druggable targets. One candidate is
DPYD, as it is clearly involved in numerous activation modules, and the DPYD inhibitor gimeracil is
already in clinical use, making repurposing possible. However, it is critically important to establish
whether its activation is adaptive or maladaptive. It is also highly promising to decode the regulatory
networks behind SPP1 and TMEM163 to find druggable nodes there.

This all is the subject of future work.

Supplementary Materials: The following supporting information can be downloaded at the website of this
paper posted on Preprints.org. Supplementary Table S1: Top-20 marker genes for each cluster (Datasets 1-6).
Supplementary Table S2: Top-10 Gene Ontology (GO) enrichment terms for each cluster (Datasets 1-6).
Supplementary Table S3: Top-10 KEGG enrichment terms for each cluster (Datasets 1-6). Supplementary Table
S4: Results of quasi-binomial regression for cluster—condition associations (Datasets 1-6). Supplementary Table
S5: Top-25 hub genes for each hdWGCNA-derived module (Datasets 1-6). Supplementary Table S6: Top-3 GO
annotations per module (Datasets 1-5). Supplementary Table S7: Results of module-condition association tests
(Datasets 1-6).
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