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SUMMARY

Oligodendrocyte dysfunction has been implicated in the pathogenesis of neurodegenerative diseases, so understanding oligodendrocyte activation states would shed light on disease processes. We identify three
distinct activation states of oligodendrocytes from single-cell RNA sequencing (RNA-seq) of mouse models
of Alzheimer’s disease (AD) and multiple sclerosis (MS): DA1 (disease-associated1, associated with immunogenic genes), DA2 (disease-associated2, associated with genes influencing survival), and IFN (associated
with interferon response genes). Spatial analysis of disease-associated oligodendrocytes (DAOs) in the cuprizone model reveals that DA1 and DA2 are established outside of the lesion area during demyelination and
that DA1 repopulates the lesion during remyelination. Independent meta-analysis of human single-nucleus
RNA-seq datasets reveals that the transcriptional responses of MS oligodendrocytes share features with
mouse models. In contrast, the oligodendrocyte activation signature observed in human AD is largely distinct
from those observed in mice. This catalog of oligodendrocyte activation states (http://research-pub.gene.
com/OligoLandscape/) will be important to understand disease progression and develop therapeutic interventions.

INTRODUCTION
Oligodendrocytes (OLs) generate myelin, enabling fast saltatory
propagation of axon potentials (Simons and Nave, 2016), and
€ nfschilling et al., 2012;
provide metabolic support to axons (Fu
Griffiths et al., 1998, 2021c). Selective loss of myelin and OLs
contributes to the pathogenesis of progressive neurodegenerative diseases such as multiple sclerosis (MS) (Trapp and Nave,
2008) and leukodystrophies (Knaap and Bugiani, 2017). Similarly, white matter degeneration and myelin loss have been
observed in other neurodegenerative conditions such as Alzheimer’s disease (AD) (Caso et al., 2015). Age-related myelin
breakdown has been postulated to presage AD (Bartzokis,
2011), and the pattern of neurofibrillary changes also bears an inverse resemblance to the pattern of myelination (Braak and
Braak, 1996).
While other glial cells, such as microglia, have been extensively
characterized in the context of neurodegeneration, OLs have
received far less attention. Recent studies have uncovered the molecular heterogeneity of OLs in various brain regions during development (Marques et al., 2016) and in diseases such as MS (Absinta
et al., 2021; Jäkel et al., 2019; Schirmer et al., 2019) and AD (Cain

et al., 2020; Grubman et al., 2019; Lau et al., 2020; Leng et al., 2021;
Mathys et al., 2019; Zhou et al., 2020). Transcriptional responses of
OLs to pathological conditions have also been observed in animal
~o et al., 2018; Floridmodels of neurodegenerative disease (Falca
dia et al., 2020; Lee et al., 2021a; Shen et al., 2021; Zhou et al.,
2020). These heterogeneous populations of OLs may have
differing roles in responding to demyelination and other disease
pathologies. Indeed, developmentally distinct populations of OL
precursor cells (OPCs) were recently shown to generate OL-lineage cells with differing abilities to respond to demyelination (Crawford et al., 2016). Furthermore, OPCs have been shown to have
roles beyond those related to myelination, including regulation of
angiogenesis in the normal postnatal brain (Yuen et al., 2014)
and antigen presentation and phagocytosis in mouse models of
~o et al., 2018; Kirby et al., 2019). While these studies
MS (Falca
have sought to define molecular signatures of OL subtypes and
characterize their transcriptional responses in diseased states
and models, a systematic understanding of how these transcriptional profiles interrelate with one another across these disease
states and models is lacking. More importantly, it is unclear which
aspects of OL responses in human disease are recapitulated in animal models.
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Here, we performed an integrative single-cell analysis of OLlineage cells across a wide range of AD and MS models. We found
three disease-associated OLs (DAOs) in mouse models: a DA1
state, associated with elevated expression of inflammatory
genes; a DA2 state, associated with elevated expression of genes
that influence OL survival; and an interferon-related IFN state. We
validated these states using in situ hybridization and also
observed their distribution relative to cuprizone-induced lesions.
Finally, we analyzed human single-nucleus RNA-sequencing
(snRNA-seq) datasets from three MS studies and six AD studies
to understand which aspects of the DAO gene program are
conserved in human disease. While MS patient OLs shared features of the DAO gene program, AD OLs were largely distinct.
This understanding of DAOs and their respective gene programs
will be a valuable resource to gain mechanistic insights and to
target OL-lineage cells for regeneration and repair of the nervous
system in various neurodegenerative diseases.
RESULTS
Multi-dataset integration reveals OL transcriptional
states in AD models and remyelination models of MS
To understand the transcriptional responses of OLs in diverse
AD and MS models, we integrated OL-lineage cells from five primary datasets spanning three AD models and two remyelination
models of MS (Figures 1A and 1B). Among the AD models, we
included OL-lineage cells from well-characterized amyloidosis
models such as the PS2APP mice (Ozmen et al., 2008; Richards
et al., 2003), tauopathy models such as mice harboring the
TauP301S (Yoshiyama et al., 2007) or the TauP301L (Götz
et al., 2001) mutation, and TauPS2APP animals bearing combined amyloid and tau pathology (Grueninger et al., 2010; Lee
et al., 2021a). Among the remyelination models, we included
mice that underwent cuprizone- or lysolecithin-induced demyelination. Cuprizone exposure for 4 weeks leads to OL cell death
and robust demyelination followed by spontaneous remyelination after cuprizone withdrawal (Matsushima and Morell, 2001).
Lysolecithin injection is a focal and acute injury resulting in
demyelination at the injection site, followed by predictable kinetics of spontaneous remyelination, mostly complete by
28 days (Gensert and Goldman, 1997; Miron et al., 2013). These
different models were collected as separate datasets, except the
TauP301L and TauPS2APP models, which were part of a single
dataset, collectively referred to here as the TripleTg dataset (Figure 1A). The TripleTg dataset also contained Trem2KO animals
harboring tau and amyloid pathology (TauPSAPP, Trem2KO), allowing us to understand if aspects of the DAO response could be
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dependent on Trem2 activation. The datasets representing AD
models were generated from the hippocampus, whereas those
for remyelination models were generated from the corpus callosum. These datasets formed part of studies that were published in our previous work, except the lysolecithin and the
TauP301S model, which represent unpublished data (Table S1)
(Lee et al., 2021a; Shen et al., 2021). To identify shared and
distinct OL transcriptional states from these diverse datasets,
we employed Seurat’s data integration pipeline (Stuart et al.,
2019). We first identified the OL-lineage cells from each dataset
based on combinatorial expression of OL-lineage markers such
as Pdgfra, Vcan, Sox10, Mog, Myrf, Mag, and Plp1. Each dataset
was filtered to remove low-quality cells with less than 400 unique
molecular identifiers (UMIs) or greater than 5% mitochondrially
encoded genes (Figure S1A). These OLs were then integrated
either along datasets or in sample batches based on whether
batch effects were observed within each dataset. After integration, the cells were clustered and labeled based on marker genes
conserved across all datasets (Figure S1B). No batch effects
were observed in each dataset post-integration (Figure S1C,
top).
We identified a total of 17 clusters in our integrated analysis
(Figure 1C) of 118,279 cells from the five primary datasets (Figure 1B). Six clusters represented OPCs and committed OL precursors (COPs), identified based on canonical markers (Marques
et al., 2016, 2018). Three clusters represented immature OL subtypes such as newly formed OLs (NFOL1 and NFOL2) and
myelin-forming OLs (MFOLs), whereas nine others represented
different mature OL (MOL) subtypes and their disease-associated transcriptional states (Figures 1C and 1D). Of the six mature
resting subtypes identified in previous studies, we were able to
recover three MOL subtypes, namely MOL1, MOL2, and
MOL5/6, in our analysis. These MOL subtypes expressed canonical subtype-specific markers, such as Egr1, Btg2, Klf4,
and Arc in MOL1; Hopx, Plin3, Klk6, and S100b in MOL2; and
Ptgds, Il33, and Opalin in MOL5/6 (Figures 1D and S1D). Of
these, MOL1 may represent a dissociation-induced state similar
to what has previously been described for microglia (Haimon
et al., 2018), as it is characterized by immediate-early gene
expression and detected in datasets that were prepared for single-cell RNA-seq (scRNA-seq) without the addition of actinomycin D before cell capture (Figure S1E, PS2APP, cuprizone,
and lysolecithin) (Wu et al., 2017).
Each mature subtype, MOL2 and MOL5/6, had diseaseassociated subclusters that were so named because they
were enriched in the transgenic or treated animals in each dataset (Figure S1C, bottom). While these DAOs expressed a

Figure 1. Multi-dataset integration of single-cell RNA-seq profiles of OL-lineage cells across brain regions and mouse models
(A) Workflow for single-cell dataset integration of MS and AD mouse models.
(B) Uniform manifold approximation and projection (UMAP) plot of five independent datasets from mouse models of neurodegeneration integrated into a single
analysis using the Seurat dataset integration pipeline.
(C) UMAP plot highlighting the major resting and disease-associated oligodendrocytes (DAOs). Cluster labels are represented in the form of a dendrogram that
captures global intercluster transcriptional relationships. Dendrogram was built by performing hierarchical clustering on the average gene-expression profiles for
each cluster, restricting to highly variable genes in the data. The percentage of cells from each dataset contributing to each cluster is highlighted in the bar plot on
the right.
(D) Dot plot of representative marker genes enriched in baseline OL-lineage subtypes and DAOs. MOL subtypes and transcriptional states are plotted on the y
axis. Genes are plotted on the x axis. The color scale represents the average expression of a given gene in the cluster, and the size of the dot represents the
percentage of cells in the cluster that express a given gene. See also Figure S1 and Table S1.
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majority of the baseline MOL-subtype markers identified by
previous work, they also expressed additional genes that
were either very low or absent in healthy controls (Figure 1D).
In the next section, we describe these DAOs and their respective gene programs.
Three shared disease-associated states identified in
MOL5/6 oligodendrocytes across multiple AD and MS
models
Of the three MOLs observed in our data, MOL5/6 is the most
abundant subtype, comprising 50%–70% of MOLs in datasets
derived from both the hippocampus and the corpus callosum
(Figure 2A, resting MOL5/6). We observed three disease-associated states of MOL5/6, which we termed MOL5/6_DA1 (with high
expression of C4b, Serpina3n), MOL5/6_DA2 (with high expression of Cdkn1a, Tnfrsf12a), and MOL5/6_IFN (with high expression of interferon-stimulated genes such as members of the Ifit
and Oas families) (Figure 1D). Concurrent with the significant
decrease in the proportion of resting MOL5/6 in treatment
groups across the five datasets, there is a varying increase in
the fraction of cells in disease-associated MOL5/6 states in all
models included in our analysis (Figure 2A).
Among the AD models, we observed a significant increase in
the proportion of MOL5/6_DA1 state across all models except
the young 7-month PS2APP and the P301L animals. This increase in proportion was highest in the TauPS2APP animals, followed by the TauP301S and old 15-month PS2APP animals. Unlike the MOL5/6_DA1 state, the MOL5/6_DA2 state did not
increase in old PS2APP animals but increased substantially in
the TauPS2APP and less so in the TauP301S animals (Figure 2A).
Neither of the two states was dependent on Trem2 as seen by
their near comparable activation in TauPS2APP and TauPS2APP; Trem2KO animals. This is in line with the Trem2 independence reported in the induction of C4b and Serpina3n in
cortical OLs in the 15-month old 5XFAD animals (Zhou et al.,
2020).
Among the remyelination models, both cuprizone- and lysolecithin-treated animals undergo a predictable decrease in the
number of OLs at the 4-week time point and 5 days post-lesion
(dpl), respectively. The small number of remaining OLs at these
peak demyelination time points shifts to the aforementioned
subtypes. Among these, MOL5/6_DA1 increased in proportion
in both models and did not return to baseline in any of the later
time points examined (Figure 2A). Interestingly, we found a striking difference in the timing of appearance of the MOL5/6_DA2
state in the two remyelination models. In cuprizone animals,
the DA2 state markedly increased at peak demyelination
(4 weeks), yet it appeared in the lysolecithin animals only at 28
dpl, when remyelination is nearly complete (Figure 2A). This
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might reflect the difference in remyelination kinetics in the two
models: while the cuprizone-treated animals do not undergo
substantial remyelination until cuprizone is withdrawn at 4 weeks,
the lysolecithin-treated animals are known to undergo active remyelination at 10–14 dpl (Gensert and Goldman, 1997; Miron
et al., 2013). Alternatively, it is possible that DA2 cells do appear
at earlier time points in the lysolecithin model, but outside of the
lesion area dissected for this analysis. The lysolecithin-treated
animals also display a marked upregulation of the MOL5/6_IFN
in the earlier time points at 5 and 14 dpl. Strikingly, the transcriptional state shift to DA1 is persistent at recovery time points (4 +
3 weeks and 28 dpl) in both models.
Characterization of gene sets and pathways associated
with disease-associated MOL5/6 subtypes
To identify broad gene signatures associated with each DAO
cluster, we generated pseudo-bulk profiles of resting MOL5/6
and an average of all disease-associated MOL5/6 clusters and
performed differential expression analysis between the two
compartments (Figures S2A and S3A). To identify the gene signatures associated with each cluster of DAOs (example genes
in Figure 2B), we aggregated single cells belonging to MOL5/6,
MOL5/6_DA1, MOL5/6_DA2, and MOL5/6_IFN into separate
pseudo-bulk profiles (Figure S2B). Comparing each diseaseassociated MOL5/6 to resting MOL5/6, we obtained 128, 107,
and 78 differentially expressed (DE) genes unique to MOL5/
6_DA1 (Figure 2C), MOL5/6_DA2 (Figure 2D), and MOL5/6_IFN
(Figure 2E), and 303 genes shared among different combination
of states (Figure S2C). Given that the majority of DE genes were
expressed in a gradient across the transcriptional states
(Figures 2B and S2D) at varying fold changes, we classified
genes as being enriched in a particular state if their fold change
was the maximum in that state. Genes were then classified as
enriched in multiple states if the fold change of that gene was
comparable in another DAO cluster (STAR Methods). Example
genes from pan DA1 and DA2 (Figure S2E), DA1-specific (Figure S2F), DA2-specific (Figure S2G), and IFN-specific (Figure S2H) gene sets highlight their expression across all the datasets incorporated in this study.
Pathway analysis of the DE genes in MOL5/6_DA1 showed an
enrichment in immune-related pathways, including genes
involved in inflammatory response, such as Tnfrsf1a, C4b, Il1b,
Hmox1, Tnf, and Serpina3n, and genes specifically implicated
in neuroinflammation, such as Bace2 and B2m (Figures 2B and
2F and S4A). In addition, a number of genes involved in antigen
presentation, such as the major histocompatibility complex
(MHC) class I and MHC class II molecules, are also upregulated
in these OLs (Figure S4A). Together, these results suggest an
elevated inflammatory signature in MOL5/6_DA1, indicating

Figure 2. MOL5/6 exhibits three distinct activation states
(A) Relative proportions of MOL5/6_DA1, MOL5/6_DA2, and MOL5/6_IFN in each genotype or time point in five datasets represented in the form of a boxplot.
Differential abundance statistics: *FDR < 0.05, **FDR < 0.01, ***FDR < 0.001 compared with baseline or non-transgenic condition. FDR, false discovery rate.
(B) Dot plot of marker genes enriched in baseline MOLs, MOL5/6_DA1, MOL5/6_DA2, and MOL5/6_IFN.
(C–E) DE gene set scores of the genes derived by comparing each disease-associated MOL5/6 to baseline MOL5/6: MOL5/6_DA1 (C), MOL5/6_DA2 (D), and
MOL5/6_IFN (E). Only unique genes for each state were included.
(F–H) Ingenuity pathway analysis of the DE genes in MOL5/6_DA1 (F), MOL5/6_DA2 (G), and MOL5/6_IFN (H). High Z scores depict predicted activation and low Z
scores represent predicted inhibition of respective pathways. All DE genes associated with each state were included. See also Figures S2–S4 and Table S2.
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that OLs in disease could be not just the target of a dysregulated
immune system but also immunomodulatory themselves.
In contrast, genes upregulated in the MOL5/6_DA2 state
belong to pathways that may influence the survival of OLs,
such as the EIF2 signaling pathway (Ccnd1, Atf3, Bcl2, Ddit3,
Trib3) and the PI3K/AKT signaling pathway (Cdkn1a, Trp53,
Itgb2, Mdm2, Gdf15) (Ishii et al., 2019; Li et al., 2004)
(Figures 2B and 2G). Pathways indicative of cellular stress
such as the unfolded protein response are also elevated in these
OLs. Similarly, a number of pathways that promote myelination,
such as mTOR, insulin receptor, and CNTF signaling, are also
upregulated in the DA2 state (Lebrun-Julien et al., 2014; Stankoff
et al., 2002; Tyler et al., 2009). Some genes elevated in the DA2
state, such as Rras1 and Rras2, have been directly implicated in
driving myelination during development (Sanz-Rodriguez et al.,
2018). Together, these results suggest that the DA2 gene programs may influence OL survival as well as myelination.
Last, interferon-related MOL5/6 upregulated genes involved in
the interferon response from the Ifit and Oas families and the Irf
family of transcription factors, which regulate the expression of
interferons (Figure 2H). Antigen presentation genes such as
MHC class I and class II genes, proteasomes, and transporters
involved in antigen processing, such as Psmb8, Psme1, Tap1,
and Tapbp, are also robustly upregulated in the MOL5/6_IFN
cluster (Figures 2B and S4A). An interferon-related state is also
observed among OPCs (Figures S5A–S5C), which upregulate
the same signature as MOL5/6_IFN. A similar class of OPCs
that upregulated antigen presentation genes was also described
in the inflammatory demyelinating adoptive-transfer cuprizone
model (Kirby et al., 2019).
While there are marked differences in the pathways upregulated by each disease-associated MOL5/6, we observed a striking similarity in the downregulated genes. All disease-associated
clusters of MOL5/6 robustly downregulated cholesterol biosynthetic pathway genes (Figures 2F–2H), such as Hmgcs1,
Dhcr7, and Acat2. Each disease-associated state of MOL5/6 is
observed in both hippocampus and corpus callosum, indicating
that they are not restricted to a single brain region (Figure S4B).
Despite the large differences in pathology across the AD and remyelination models, there is a striking similarity in the transcriptional responses of OLs (Figures S3A and S4B). Similar to switching of homeostatic microglia to disease-associated microglia
(DAMs) (Deczkowska et al., 2018; Friedman et al., 2018; KerenShaul et al., 2017), our meta-analysis indicates that OLs switch
their transcriptional state from homeostatic/resting states to disease-associated states (DAOs), downregulating the expression
of resting OL genes such as Mag and Mog and upregulating the
expression of disease-associated genes (Figures 1D and S3A
and S4A). Together, these results establish the disease-associated states of MOL5/6 and suggest common activation patterns
across diverse models of neurodegeneration.
MOL2 demonstrates an inflammatory DA1 and
interferon-related IFN state that is shared with MOL5/6
MOL2 comprised 10%–15% of the total MOLs in both the corpus
callosum and the hippocampus and displayed two diseaseassociated states: Klk8, C4b, and Serpina3n+ MOL2_DA1 and
an interferon-related MOL2_IFN (Figure 3A). Similar to the
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MOL5/6_DA1 state, MOL2_DA1 was induced in animals with
amyloid and tau as well as the TauPS2APP animals (Figure 3B).
In lysolecithin-treated animals, MOL2_DA1 increased in proportion during the demyelination phase but decreased during the recovery time points, although not quite returning to baseline (Figure 3B). Cuprizone-treated animals showed similar trends but
were not significant in differential abundance analysis.
We also generated a list of DE genes comparing MOL2_DA1
with its resting counterpart MOL2. DE genes between
MOL2_DA1 and MOL2 correlated well with the DE genes between MOL5/6_DA1 and MOL5/6, but not well with the DE genes
between MOL5/6_DA2 and MOL5/6, suggesting that
MOL2_DA1 and MOL5/6_DA1 represent a similar disease-associated state that manifests in both MOL subtypes (Figures 3C
and 3D). Only a handful of MOL2_DA1-associated DE genes,
such as Klk8 and Fxyd7, are upregulated significantly more in
MOL2_DA1 compared with MOL5/6_DA1 (Figure 3C). Pathway
analysis of the DE genes enriched in MOL2_DA1 highlights a
similar immune signature that was noted in MOL5/6_DA1 (Figure 3E). Similarly, the interferon-related MOL2_IFN represented
a small cluster of MOL2 that upregulated the interferon-related
gene set similar to MOL5/6_IFN (Figure 3A).
Interestingly, we did not observe a DA2-like state for MOL2,
suggesting that the two MOL populations might have differing
abilities to respond to disease pathology. However, the lack of
a DA2-like state for MOL2 may also be a consequence of lower
sampling of this rarer of the two MOL populations. Together,
these results establish OLs as dynamic architects during neurodegenerative disease, able to execute three major disease-associated transcriptional states: a DA1, a DA2, and an IFN state.
These disease-associated states, when combined with the
baseline heterogeneity of MOLs, give OLs a repertoire of transcriptional states that may have varied functional implications
for disease progression and outcomes.
DAOs are established outside of microglia-infiltrated
lesions and then spread throughout the corpus callosum
during remyelination in the cuprizone model
Our scRNA-seq meta-analysis uncovered diverse OL responses
in different pathological contexts. Our previous study validated
MOL_DA1 and MOL_DA2 states in the amyloid and tau models
of AD (Lee et al., 2021a). We sought to further validate these findings and investigate the spatial localization of DAOs with respect
to other glial subtypes such as DAMs and disease-associated
astrocytes (DAAs) in a remyelination model of MS. To this end,
we assayed the expression of candidate DAO markers along
with markers of other glial subpopulations in the cuprizone
model using multiplexed single-molecule fluorescence in situ hybridization (smFISH). We quantified the expression level of 31
RNA transcripts that could collectively identify (1) OPC and
OL-lineage states, including resting MOL subtypes and DAO
states; (2) homeostatic microglia and DAMs; (3) homeostatic astrocytes and DAAs; (4) endothelial cells; and (5) neurons (Figure 4A). Consistent with the time points assayed by our
scRNA-seq data, we collected smFISH at baseline (n = 4),
4 weeks post cuprizone treatment (4 weeks, n = 4), and 4 weeks
of cuprizone treatment followed by 3 weeks recovery (4 +
3 weeks, n = 4). Data were collected from the anterior part of
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Figure 3. MOL2 demonstrates an inflammatory and interferon-related activation state that is shared with MOL5/6
(A) Dot plot of marker genes enriched in resting MOLs, MOL2_DA1, and MOL2_IFN.
(B) Relative proportions of resting MOL2, MOL2_DA1, and MOL2_IFN in each genotype or time point in the five separate datasets represented in the form of a
boxplot. Differential abundance statistics: *FDR < 0.05, **FDR < 0.01, ***FDR < 0.001 compared with baseline or non-transgenic condition. FDR, false discovery
rate.
(C and D) Four-way comparison of DE genes in MOL2_DA1 (y axis) with DE genes in MOL5/6_DA1 (C; x axis) or MOL5/6_DA2 (D; x axis). Each point represents
one gene colored by whether logFC R 1.75 and FDR % 0.05 in one or both differential expression analyses (red for MOL5/6_DA1 [C] or MOL5/6_DA2 [D], green for
MOL2_DA1, or blue for both). Corresponding numbers of DE genes are shown near the borders of the plot. Diagonal line, y = x.
(E) Ingenuity pathway analysis of DE genes in MOL2_DA1. High Z scores depict predicted activation and low Z scores depict predicted inhibition of the respective
pathway. All genes associated with the MOL2_DA1 state were included. See also Figures S4 and S5 and Table S2.
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the corpus callosum between Bregma levels 0.1 and 0.6. The
resulting expression matrix was filtered to remove low-quality
cells and potential doublets (STAR Methods) (Figure S6A). No
batch effects were observed in the dataset (Figure S6B).
To specifically validate our scRNA-seq dataset, which was
generated from the corpus callosum, we computationally identified the boundary of the corpus callosum using the expression of
neuronal and OL markers (Figure S6C; STAR Methods). Unsupervised clustering analysis of the resulting expression matrix
identified all MOL and DAO subpopulations found in our single-cell meta-analysis: (1) MOL2 (Klk6+; Hopx+), (2) MOL5/6
(Jph4hi and Il33hi), (3) two C4bhi Serpina3nhi DA1 states corresponding to MOL5/6_DA1 and MOL2_DA1, (4) Cdkn1ahi C4blo
Serpina3nlo DA2 population, and (5) Irf7hi IFN state (Figures 4B
and 4C). All clusters were composed of cells from all experimental batches (Figure S6B). At baseline, MOL5/6 made up for
a larger proportion of OLs in the corpus callosum compared
with MOL2. As expected, resting MOLs decrease and DAOs increase in proportion post cuprizone treatment (Figure 4D). A
large majority of the remaining OLs at 4 weeks adopt a DA1 or
DA2 phenotype. While the DA2 phenotype resolves at 4 +
3 weeks, a majority of the recovered OLs at 4 + 3 weeks still
adopt a DA1 phenotype (Figure 4D). The persistence of the
DA1 state was also observed in the scRNA-seq meta-analysis:
the increase in proportion of the DA1 state at 4 + 3 weeks noted
in the smFISH dataset may be a result of sensitivity differences
between scRNA-seq and smFISH. Together, these results
corroborate an alteration in the transcriptional profile of OLs during the demyelination and remyelination process.
In addition to DAOs, we also identified other clusters corresponding to homeostatic microglia (Tmem119+), DAMs
(Tmem119+, Gpnmb+, Spp1+), astrocytes (Aqp4+), reactive astrocytes (Aqp4+, Serpina3n+, C4b+), and endothelial cells (Pecam1+) (Figure 4C). We replicated our previously reported increase in DAMs and reactive astrocytes at 4 weeks post
cuprizone treatment compared with baseline (Figure 4D) (Shen
et al., 2021). While microgliosis largely resolves at 4 + 3 weeks,
astrogliosis persists into the recovery time point (Figure 4D).
Next, we investigated the spatial relationship of DAOs to the
putative lesion site and to other demyelination-associated glial
populations. Our data were collected from sections in which
the stereotypic cuprizone-induced lesion appears at the lateral
ends of the corpus callosum (Figure 4E, insets, and S6D). To
quantify the spatial relationship of DAOs to this putative lesion
site, we identified the midline of the corpus callosum and
computed the distance of every cell to that midline (Figure S6C).
To investigate how cell proportion changed with varying dis-

tances from this midline, we normalized this distance from the
midline to go from 1 at the leftmost part to +1 at the rightmost
part of the corpus callosum. At baseline, homeostatic MOLs, astrocytes, and microglia were all evenly distributed along the L-R
axis (Figures 4E and 4F, top). At 4 weeks post cuprizone treatment, we observed abundant microglial proliferation and migration into the lesion site (Figures 4E and 4F, middle). Surviving or
newly differentiated OLs at 4 weeks were situated away from the
lesion site, to the midline of the corpus callosum, and had adopted either a DA1 or a DA2 phenotype. Interestingly, while DAMs
were largely confined to the lesion site and DAOs away from the
lesion site, reactive astrocytes were more evenly distributed
along the L-R axis, outlining the boundary of the entire corpus
callosum. At 4 + 3 weeks, as the microgliosis resolved, the lateral
ends of the corpus callosum containing the lesion site were repopulated by DA1 OLs as noted by the largely even distribution of
MOL5/6_DA1 and MOL2_DA1 along the L-R axis (Figures 4E and
4F, bottom). It is also noteworthy that the DA1 state persists into
4 + 3 weeks, whereas the DA2 reaches nearly complete resolution (Figures 4E, 4F, and S6E). Taken together, these results validate the DAO states observed in our scRNA-seq meta-analysis
and put them in the spatial context of a cuprizone-induced lesion
during demyelination and remyelination.
Cross-species integration of OL-lineage cells defines
resting OL subtypes in human with some transcriptional
similarity to mouse
Next, we wondered whether the disease-associated gene signatures identified in mouse models are also elevated in human disease. However, a necessary prerequisite to this analysis was to
build an understanding of the heterogeneity of resting OLs in human and relate those to mouse subtypes. While there is a
consensus in the literature on the heterogeneity of resting OL
subtypes in mouse, a similar consensus for human OLs is lacking. To characterize baseline human OL heterogeneity and relate
it to mouse subtypes, we performed an integrative analysis of
control OLs derived from mouse and human datasets incorporated into our study.
To this end, we selected OL-lineage cells derived from control
subjects in human AD (Cain et al., 2020; Grubman et al., 2019;
Mathys et al., 2019) and MS (Absinta et al., 2021; Jäkel et al.,
2019; Schirmer et al., 2019) datasets using canonical OL-lineage
markers such as SOX10, OLIG1, OLIG2, PDGFRA, VCAN, MOG,
MYRF, and PLP1. We similarly selected OL-lineage cells from
the mouse datasets included in our study. Using 2,000 genes
that are commonly variable across all datasets derived from
both species, we integrated these datasets using Seurat’s

Figure 4. In situ hybridization reveals distinct DA1 and DA2 subtypes in the cuprizone model
(A) Automated spatial RNA transcriptomics workflow used to validate candidate DAO gene expression and investigate spatial localization.
(B) UMAP plot highlighting the major glial subtypes recovered from the dataset across all experimental runs and time points. Cluster labels are represented in the
form of a dendrogram built by performing hierarchical clustering on the average gene-expression profile for each cluster.
(C) Dot plot of marker genes enriched in DAO, DAM, and DAA subtypes in the corpus callosum.
(D) Relative proportions of DAO and other glial subtypes in the corpus callosum across the three time points. Differential abundance statistics: *FDR < 0.01,
**FDR < 0.001.
(E) Spatial distribution of all major cell classes across a representative section for each time point in a single cuprizone experiment. Cells are colored by cell class
as indicated (Bregma level 0.5 at baseline and 0.6 at 4 and 4 + 3 weeks). Insets mark the degraded myelin stain highlighting the putative lesion site.
(F) A stacked bar plot representing the proportions of cell types across 600-mm bins generated along the left-right axis of the corpus callosum. Bars and lines,
mean ± SEM. See also Figure S6.
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Figure 5. Cross-species integration of resting OL-lineage subtypes in human and mouse
(A) UMAP plot representing an integrated analysis of control OLs from six independent mouse and six independent human datasets colored by dataset and split
by species.
(B) UMAP plot representing the clustering results from an integrated analysis of control OLs from human and mouse. Cluster labels are represented in the form of a
dendrogram as in Figure 1C. The proportion of cells from each species for every cluster is represented in the bar plot on the right.
(C) Gene set score of mouse OL-lineage subtype markers represented in the form of a UMAP plot split by species.
(D) Split violin plots showing expression of conserved marker genes associated with resting OL-lineage subtypes in human and mouse. See also Figure S7.

MNN approach, resulting in a combined analysis of 101,000
cells (Figure 5A). Subclustering of this integrated dataset resulted in four major clusters: OPC, COP, and two broad MOL
subtypes (Figure 5B). Among the MOLs, we found that a subset
of the human OLs co-clustered with MOL2, whereas others co-
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clustered with MOL5/6 (Figure S7A). We named these clusters
hOligo1 and hOligo2, respectively. Similarly, using the gene set
score of mouse MOL-specific gene sets, we found that MOL2specific genes are enriched in hOligo1 and MOL5/6-specific
gene sets are enriched in hOligo2 (Figures 5B and 5C). We
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highlight example conserved and unique genes between human
and mouse in Figure 5D.
We used these clustering results to generate sample-specific
pseudo-bulks of the human OL subtypes and performed a subtype-specific differential expression analysis to find other
markers that are enriched in hOligo1 and hOligo2 (Figure S7B).
All subsequent annotations of human OL-lineage cells in MS
and AD datasets were performed using these marker genes
(Figure S7C).
Mouse DAO response is recapitulated in human OL
responses in MS
OL-lineage cells are vulnerable in MS. To describe diseasespecific transcriptional changes in MS OLs and understand
their overlap with our analysis of mouse models, we performed
an integrated analysis of OL-lineage cells from three published
snRNA-seq datasets from MS patients (Absinta et al., 2021; Jäkel et al., 2019; Schirmer et al., 2019). Integrated analyses revealed a cluster of OPCs and four MOLs (Figure 6A), including
the two major resting human subtypes uncovered in the previous section (RASGRF2 and RASGRF1+ hOligo1 and PALM2,
QDPR, and OPALIN+ hOligo2) and two others that share
markers with or branch out of hOligo2, which we dubbed hOligo3 (FRY, RRAS2+) and hOligo4 (HSPH1, FOS, DNAJA4+)
(Figure 6B). Each OL cluster was represented in all datasets
(Figure 6A, right, and Figure S8A) and was composed of cells
from multiple patients except for hOligo4, a large proportion
of which came from a single patient from Absinta et al. (2021)
(Figure S8B). Each cluster was also identifiable in a separate independent analysis of each dataset except for hOligo4, which
clustered out only in Schirmer et al. (2019) and Absinta et al.
(2021) (Figure S8C). Markers of MOL subtypes were robustly
expressed across all datasets (Figure S8D). While no differences in abundance of hOligo1 and hOligo2 were observed between MS and control patients, both hOligo3 and hOligo4
showed modest elevation in proportion in MS patients (Figure S8E). However, these differences were significant only in
Schirmer et al. (2019) for hOligo3 and Absinta et al. (2021) for
hOligo4.
To assess whether the gene sets associated with the DA1,
DA2, and IFN OLs identified in mouse models were also elevated
in OLs from MS patients, we aggregated all cells from OL subtypes hOligo1–4 into a single pseudo-bulk expression profile
(STAR Methods) and scored the pseudo-bulk profiles for expression of the mouse DAO genes associated with DA1, DA2, and
IFN states (Figure 6C). We detected an increased expression
of DA1-, DA2-, and IFN-related gene set scores in OLs obtained

Resource
from MS patients across all datasets, although the differences
were largest in Absinta et al. (2021) and Schirmer et al. (2019)
(Figure 6C).
We next sought to assess (1) which mouse DAO genes are
conserved in a separate and independent differential expression analysis of human OLs in MS and (2) if there are additional genes that reveal human-specific OL activation in MS.
To this end, we generated pseudo-bulk RNA-seq profiles by
separately aggregating single cells from control and MS patients in hOligo1 and hOligo2. We aggregated cells belonging
to hOligo3 and hOligo4 together with hOligo2 as they largely
shared markers and seemed to be disease-elevated states
of hOligo2 (Figure S8E). We then performed differential gene
expression analysis between control and MS samples within
both hOligo1 and hOligo2 separately and mapped their
expression back to UMAP coordinates (Figure S8F). We found
the largest number of DE genes between control and MS patients in the OPALIN+ hOligo2 (Figures S9A and S6D), which
were also shared with the MS versus control DE profile in
RASGRF1+ hOligo1 (Figure S9B). These genes were elevated
across all three datasets (Figure 6D). A number of these DE
genes are shared with mouse DA1, DA2, and IFN states (Figure 6E, denoted in purple, and Figures S9C–S9E). Of the
shared genes, we found DA2 genes related to the EIF2
signaling pathway, such as EIF5, ATF3, EIF1, DDIT3, and
RPL13, and to the unfolded protein response, such as
SQSTM1 and CEBPZ (Figures 6E and S9D). Similarly, consistent with the upregulation of antigen presentation pathway
genes in DA1 and IFN OLs from mouse models, OLs derived
from MS patients also upregulated genes such as NLRC5,
B2M, and PSMB6 (Figures 6E and S9A). This is in line with
several reports of antigen presenting capabilities of OLs and
~o et al., 2018; Kirby and Castelo-Branco,
precursors (Falca
2020; Kirby et al., 2019).
MS OLs also upregulated unique genes hinting at humanspecific OL activation (Figures S9C–S9E). Among those were
genes indicative of cellular stress, such as the unfolded protein response (PFDN4, UBB, UBC, UBA1) and heat-shock
response (HSPA4L, HSPA4, HSPA5, HSPH1, ST3, DNAJA1),
and genes indicative of metabolic shift, such as oxidative
phosphorylation (COX5B, COX7B) and the sirtuin pathway
(SIRT2, SOD1, SLC25A6). In addition to the antigen presentation pathway genes shared with mouse models, MS OLs also
upregulated genes involved in phagosome maturation, such
as PRDX5, VAMP3, and ATP6AP1. Conversely, we observed
downregulation of cell adhesion molecules such as NRXN3,
CDH1, CDH23, CDH11, and NLGN3; ECM proteins such as

Figure 6. Integration of human OLs from MS datasets reveals that select orthologs of mouse DAO genes are elevated in MS
(A) UMAP representation of the integrated human OLs from three published MS datasets. Cluster labels are represented in the form of a dendrogram as in
Figure 1C. Percentage of cells from each dataset contributing to each cluster is highlighted in the bar plot.
(B) Dot plot of marker genes enriched in human OL-lineage subtypes across the integrated MS datasets.
(C) Distribution of scores for mouse-derived gene sets across human OLs derived from MS and control individuals. Gene set scores were centered to control
group. P represents p (unadjusted), t test.
(D) DE gene set scores of genes derived from an integrated differential expression analysis comparing pseudo-bulks of hOligo2 from MS patients with those from
control individuals.
(E) Heatmap of the mouse DAO genes also differentially expressed in hOligo2 across control and MS patients. The full list of DE genes is in Figure S9. Columns on
the left are colored in purple by whether the gene was classified as a DA1, DA2 ,or IFN gene in the mouse-specific analysis. See also Figures S8 and S9 and
Table S3.
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Figure 7. Integration of six AD datasets reveals that human OLs exhibit an AD-associated DE profile that is largely distinct from the mouse
DAO signature
(A) UMAP representation of the integrated human OLs across six AD datasets. Cluster labels are represented in the form of a dendrogram as in Figure 1C.
Percentage of cells from each dataset contributing to each cluster is highlighted in the bar plot.
(B) Dot plot of marker genes enriched in human OL-lineage subtypes across the integrated AD datasets.
(C) Distribution of scores for mouse-derived gene sets across hOligo2 undergoes little to no change in high-pathology AD patients compared with low-pathology
individuals. Gene set scores were centered to the low-pathology group. D represents the difference between high pathology and low pathology. P represents p
(unadjusted), t test.
(D) DE gene set scores of genes derived from a differential expression analysis comparing pseudo-bulks of hOligo2 from high-pathology AD patients with those
from low-pathology individuals. Only upregulated genes are shown on the left and only downregulated genes are shown on the right. All gene set scores were
centered to the low-pathology group. A heatmap of all DE genes is in Figure S10. See also Figure S10 and Table S3.

ADAMTS14, ADAMTS17, and COL16A1; specific contactins
required for the organization of axonal paranodes, such as
CNTNAP2; and genes required for formation of the nodes of
 lu et al., 2014; Feinberg
Ranvier, such as GLDN (Çolakog
et al., 2010; Maluenda et al., 2016) (Figure S9A). Collectively,
these results suggest that OLs in MS upregulate aspects of
the mouse DAO gene signature corresponding to DA1, DA2,
and IFN OLs, while also upregulating human-specific genes.
Although our data do not indicate that these activations
occurred in distinct cell populations in MS patient-derived
OLs (Figure S8F), this may be a result of the sample-level integration performed in our analysis to mitigate patient-specific
clustering.

Human AD OL response is largely distinct
Extensive evidence from multiple studies has reported the
vulnerability of OLs in AD. However, it is not clear how these responses relate to one another and which aspects of these responses might be recapitulated in animal models. We performed
an integrated analysis of OL-lineage cells from a number of
recently published snRNA-seq datasets from AD patients to (1)
understand if the responses observed in our mouse models
are observed in human AD and (2) identify a shared AD-associated OL gene signature across multiple studies. To this end,
we identified human OL-lineage cells from six snRNA-seq datasets derived from AD patients (Cain et al., 2020; Grubman et al.,
2019; Lau et al., 2020; Leng et al., 2021; Mathys et al., 2019;
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Zhou et al., 2020) and integrated 139,000 cells together using
Seurat’s MNN approach (Figure S10A).
Interestingly, while these datasets were collected from
different brain regions, including the dorsolateral prefrontal cortex, superior frontal gyrus, hippocampus, and entorhinal cortex,
we observed the same subtypes of MOLs in the integrated analysis: a RASGRF2 and RASGRF1+ hOligo1 and a PLXDC2,
PALM2, and OPALIN+ hOligo2 (Figures 7A and 7B). Each cluster
of OLs was represented in all datasets (Figure 7A, right, and Figure S10A) and was also recovered in a separate independent
analysis of each AD dataset, suggesting that the integration results were not dominated by signals from a single or a few datasets (Figure S10B). Each cluster was composed of cells from a
majority of the 31 patients (cognitively normal and AD patients)
incorporated into the analysis (Figure S10C). MOL markers
used to define clusters were robustly expressed across all datasets (Figure S10D). We did not observe a state similar to hOligo3
or hOligo4 in the AD datasets, which may be a result of differences in brain regions profiled or pathology observed in MS
and AD.
We next sought to assess whether the gene sets associated
with DA1, DA2, and IFN OLs identified in our mouse meta-analysis are also elevated in OLs derived from AD patients. Thus, we
stratified AD patients into low (Braak stage in 0, I, and II and CERAD/plaque score in no AD or possible AD), intermediate (Braak
stages III and IV and CERAD/plaque score probable AD), and
high (Braak stages V and VI and CERAD/plaque score in probable AD and definite AD) pathology groups and aggregated all
the MOLs into a single pseudo-bulk expression profile (STAR
Methods). Scoring the pseudo-bulk profiles for expression of
the mouse DAO genes associated with DA1, DA2, and IFN states
revealed no differences in gene set scores among low-, intermediate-, and high-pathology individuals (Figure 7C).
Given this lack of correspondence between mouse DAO and
human AD response, we sought to define an AD-associated OL
signature that is shared across all the datasets integrated in our
analysis. To this end, we aggregated single cells in each broad
MOL cluster hOligo1 and hOligo2 to generate pseudo-bulk
RNA-seq profiles across the three patient groups defined
above. For both MOL subtypes, genome-wide differential
expression analysis was performed between cells derived
from high-pathology individuals and low-pathology individuals.
Within hOligo1, we identified six DE genes between high- and
low-pathology individuals. Performing the same analysis with
hOligo2 yielded 41 genes increased and 43 genes decreased
in hOligo2 derived from high-pathology individuals compared
with those derived from low-pathology individuals (Figure S10E). These genes were largely distinct from the mousederived DAO signature associated with DA1 and DA2 OLs.
However, the gene sets derived from the human meta-analysis
are robustly changed in OLs derived from high-pathology AD
individuals across all datasets (Figure 7D). Although hOligo1
yielded fewer DE genes between low- and high-pathology individuals, a similar trend in fold changes was observed in hOligo1
(Figure S10F). Observing the average expression of this ADelevated gene set along the UMAP coordinates highlights the
overall enrichment of this AD-associated signature in both hOligo1 and hOligo2 (Figure S10G).
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Among the genes elevated in OLs in AD are lipid biosynthesis
and metabolism genes such as MID1IP1 and ABCA6, cytoskeletal proteins such as ANLN, and proteins involved in cell adhesion such as CTNNA1, RELN, and CLDN15. Only five genes
were shared between the human AD-associated gene signature
and the mouse model-derived DAO signature. These included
cell division genes such as PNPT1, SSB, and MITD1 and cell-cycle regulators RGCC and CPQ. Taken together, these results
provide a set of commonly activated genes in OLs derived
from AD patients and highlight their distinct transcriptional
response from that observed in MS patients and mouse models
of both diseases.
DISCUSSION
Here, we performed a multi-dataset integration of OL-lineage
cells obtained from diverse datasets representing mouse models
of neurodegenerative disease and postmortem data from
patients. Our study highlights shared DAO states and gene
expression programs across mouse models, places these transcriptomic states in an anatomical context in situ, and establishes the relevance of the findings in human disease.
Among the DAOs identified by our analysis, DA1 OLs were universally induced across all analyzed models. These OLs upregulated expression of immunomodulatory molecules, including cytokines, CD receptors, MHC class I and II molecules, and
complement. Similar OLs have been observed in the experimental autoimmune encephalomyelitis (EAE) model and in human MS lesions and have been hypothesized to increase OL
~o et al., 2018; Kirby
susceptibility to cytotoxic CD8+ T cells (Falca
and Castelo-Branco, 2020; Kirby et al., 2019). In addition, DA1
OLs also upregulate Tnfrsf1a, which harbors a number of MS
susceptibility alleles (International MS Genetics Consortium
et al., 2009). These findings, in the context of previously published studies, suggest that this immunogenic state may be
damaging in disease, providing further evidence that OLs may
not only be targets of the immune system but may also have
immunomodulatory properties that influence disease outcomes.
Furthermore, we show that this immunogenic phenotype is
also observed in amyloid and tau models of AD and may represent a common neuroinflammatory mechanism across diverse
neurodegenerative states. Similar C4b+ and Serpina3n+ OLs
were also described in the 5XFAD model (Zhou et al., 2020).
This immune phenotype may result from pathological aggregates of amyloid or tau, increase in inflammatory cytokines, or
axonal damage/degeneration signals that are induced in most
of the analyzed models. The strong activation of the DA1 signature in the TauPS2APP mice, which contain abundant dystrophic
neurites (Lee et al., 2021b) compared with the PS2APP or
TauP301L mice, suggests that axonal damage may strongly
induce this phenotype in OLs wrapping dystrophic axons.
In stark contrast to DA1 OLs, DA2 OLs upregulate pathways
that influence OL survival. The upregulation of EIF2 signaling in
the DA2 OLs is noteworthy. Previous studies have identified
loss-of-function mutations in EIF2B in patients with vanishing
white matter disease (VWMD) (Leegwater et al., 2001; Li et al.,
2004). Furthermore, specific impairment of EIF2B activity in
OLs has been shown to reproduce the pathology of VWMD in
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mice (Lin et al., 2014). Other pathways upregulated by DA2 OLs,
such as mTOR and CNTF signaling, are known to promote survival and differentiation of OPCs as well as myelination, hinting
at a possible cytoprotective effect of DA2 OLs (Grier et al.,
2017; Lebrun-Julien et al., 2014; Louis et al., 1993; Sanz-Rodriguez et al., 2018; Stankoff et al., 2002; Tyler et al., 2009). However, the expression of cell-cycle arrest and pro-apoptotic markers
such as Cdkn1a, Gadd45a, and Bax also hints at an ongoing
struggle for survival.
Notably, all DAO states are accompanied by a downregulation
in the components of the cholesterol biosynthetic pathway.
Cholesterol biosynthesis supports myelin biogenesis and axon
ensheathment (Berghoff et al., 2017; Saher et al., 2005). Yet,
recent evidence suggests that the inhibition of a subset of enzymes within the cholesterol biosynthesis pathway promotes
OL formation via the accumulation of selected sterols (Hubler
et al., 2018). Strikingly, Ebp, one such enzyme, is specifically
downregulated in the DA2 OLs.
Spatial analysis of DA1 and DA2 OLs in the cuprizone model
highlighted striking differences in the spatial patterns of DA1
and DA2 states during remyelination. While both DAOs are established outside the microglia-infiltrated lesion site during
demyelination, DA1 OLs persist into the 4 + 3 week recovery
time point, spreading into the lesion site, following the resolution
of microgliosis (Figure 4E). This persistence, which was also
observed in our single-cell meta-analyses, suggests that,
despite substantial recovery of OL numbers during remyelination
as measured by electron microscopy (EM) (Shen et al., 2021), the
newly generated OLs do not default to a resting transcriptional
state. This may not only have implications for neuroregeneration
and repair but also provide biomarkers for early remyelination.
Whether these new OLs still expressing disease-associated
genes persist much longer after 4 + 3 weeks or lose their ability
to remyelinate over repeated rounds of de- and remyelination remains an open question. Further studies with longer endpoints
will be required to understand the specific functional roles of
different MOLs in disease progression and/or repair.
Our analysis of human snRNA-seq studies from MS highlighted
both similarities and differences with the analyzed remyelination
mouse models. While these models do not have a strong adaptive
immune system component present in MS, orthologs of DA1 and
DA2 genes were elevated in MS OLs, highlighting both DA1- and
DA2-like activation in MS. However, some orthologs of genes
elevated in MS were not altered in the models, highlighting features
of human-specific activation. Among the human-specific DE gene
pathways in MS OLs were those indicative of cellular stress and inflammatory pathology, reflecting aspects of MS that are not
captured in remyelination models. However, we also identified upregulation of putatively protective pathways, such as sirtuin
signaling genes that are known to have a role in OL differentiation
and remyelination (Beirowski et al., 2011; Ma et al., 2022). The differential expression profile we observed in AD was almost entirely
distinct from the DAO profile observed in mouse models, except
for a handful of genes. This is similar to human AD microglia (Srinivasan et al., 2020), which were found to have a signature largely
distinct from the DAM signature identified in mouse models (Deczkowska et al., 2018; Friedman et al., 2018; Keren-Shaul et al.,
2017). Collectively, our multi-dataset integration study uncovered

three major DAO states and established their relevance in human
disease. More broadly, these gene expression data and analyses
will suggest therapeutic approaches for remyelination strategies
aimed at modifying disease outcomes by dampening negative
states and enhancing beneficial ones.
Limitations of the study
While the differences between mouse model-related DAO signature and patient-related AD signature could be a result of intrinsic
differences in mouse and human OL responses, the activation of
many of the DAO genes in MS brains suggests that this may not
be the only reason. An alternative possibility is that the ADrelated OL pathology may be more pronounced and similar to
mouse models in white matter areas, which remain unrepresented in the published datasets analyzed in our study. Additional profiles with increased resolution across various stages
of AD and across many brain regions may shed further light on
AD-related OL changes. Our catalog of DAOs and their associated gene programs will facilitate such future studies.
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gence of oligodendrocyte lineage progenitors during development. Dev. Cell
46, 504–517.e7. https://doi.org/10.1016/j.devcel.2018.07.005.

Kirby, L., Jin, J., Cardona, J.G., Smith, M.D., Martin, K.A., Wang, J., Strasburger, H., Herbst, L., Alexis, M., Karnell, J., et al. (2019). Oligodendrocyte precursor cells present antigen and are cytotoxic targets in inflammatory demyelination. Nat. Commun. 10, 3887. https://doi.org/10.1038/s41467-019-11638-3.
van der Knaap, M.S., and Bugiani, M. (2017). Leukodystrophies: a proposed
classification system based on pathological changes and pathogenetic mechanisms. Acta Neuropathol. 134, 351–382. https://doi.org/10.1007/s00401017-1739-1.
Lau, S.-F., Cao, H., Fu, A.K.Y., and Ip, N.Y. (2020). Single-nucleus transcriptome analysis reveals dysregulation of angiogenic endothelial cells and neuroprotective glia in Alzheimer’s disease. Proc. Natl. Acad. Sci. USA 117, 25800–
25809. https://doi.org/10.1073/pnas.2008762117.
€ller, M., Köfeler, H.,
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Data and code availability
d Datasets have been deposited in the Gene Expression Omnibus (GEO) repository, accession numbers GEO: GSE180041 and
GEO: GSE182846.
d Original code related to core data integration has been deposited at Zenodo and is publicly available as of the date of publication. DOIs are listed in the key resources table.
d Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.
EXPERIMENTAL MODEL AND SUBJECT DETAILS
Animals
All protocols involving animals were approved by Genentech’s Institutional Animal Care and Use Committee, in accordance with
guidelines that adhere to and exceed state and national ethical regulations for animal care and use in research. All mice were maintained in a pathogen-free animal facility under standard animal room conditions (temperature 21 ± 1 C; humidity 55%–60%; 12h
light/dark cycle). Mice of both sexes were used. The following mouse strains were used in this study:
d
d

C57BL6 (Charles River Hollister)
B6; C3-Tg (Prnp-MAPT*P301S) PS19Vle/J.

For GSE182846, 3–4 months old mice were treated with 1% lysolecithin (l-a-lysophosphatidylcholine, Sigma-Aldrich) as follows.
Mice were anesthetized with isoflourane, secured to a stereotactic frame and treated with Meloxicam prior to surgery. Using a drill
with a burr tip size of <0.5 mm in diameter, a small hole was drilled at the stereotaxic coordinates 1.2 mm posterior and 0.5mm lateral
relative to Bregma for unilateral injections into the right striatum. A 10mL Hamilton syringe with a pulled glass pipet containing 1%
lysolecithin (l-a-lysophosphatidylcholine, Sigma-Aldrich) solution was inserted into the drilled hole, 1.63 mm deep into the cortex
(measured from the top of the skull). The injection was slowly infused at a speed of 0.35mL/min. The incision was closed and animals
allowed to recover in a heated blanket before being returned to their cage.
For GSE180041, 9-months old mice were perfused in ice-cold PBS for preparation of single cell suspensions.
For multiplexed in situ hybridization experiments, 3–4 months old mice were perfused with ice-cold PBS, followed by dissection of
their brains.
METHOD DETAILS
Preparation of single-cell suspensions from the lysolecithin treated animals
Mice were perfused with cold PBS and the brain was submerged into cold cutting solution (high magnesium choline replacement
ACSF) pumped with oxygen on a vibratome. Using the vibratome, 150mm thick coronal sections were cut and corpus callosum lysolecithin induced lesion tissue were micro-dissected out under a dissection scope. The tissue was then dissociated with Miltenyi Neural Dissociation Kit (P) according to the manufacturer’s instructions. After being enzymatically dissociated, the cells are passed
through a cell strainer to clean up debris. Cells were then resuspended in a 23% Percoll gradient and spun at 1000 g for 20 min
to clean up myelin debris. For single-cell RNA-seq, the cell pellets were then resuspended in Hibernate-A (ThermoFisher) containing
propidium iodide and Calcein AM for the selection of live cells using flow cytometry.
Preparation of single-cell suspensions from the TauP301S animals
9-month-old non-transgenic (n = 3) or TauP301Shet (n = 6) mice were perfused with cold PBS and the hippocampi were immediately
sub-dissected. Single cell suspensions were prepared from the hippocampi as described in (Lee et al., 2021a). Briefly, hippocampi
were chopped into small pieces and dissociated with enzyme mixes in Neural Tissue Dissociation Kit (P) (Miltenyi 130-092-628) in the
presence of actinomycin D. After dissociation, cells were resuspended in Hibernate A Low Fluorescence medium (Brainbits) containing 5% FBS, with Calcein Violet AM (Thermo Fisher C34858) and propidium iodide (Thermo Fisher P1304MP). Flow cytometry was
used to sort and collect live single-cell suspensions for the single-cell RNA-seq study.
Single-cell RNA-seq library preparation and sequencing
Sample processing and library preparation was carried out using the Chromium Single Cell 30 Library and Gel Bead Kit v2 (10X Genomics) according to manufacturer’s instructions. 6000–10000 cells were used for GEM generation, and libraries were sequenced
with HiSeq 4000 (Illumina).
In situ hybridization, imaging and image analysis
For Figure 4, spatially resolved, multiplexed in situ RNA detection and analysis was performed using the automated Rebus Esper
spatial omics platform (Rebus Biosystems, Inc., Santa Clara, CA). By intersecting a list of OL lineage, DAO, microglial, astrocytic,
endothelial and neuronal candidate cell type markers generated by scRNA-seq, suitability for probe design, including gene length
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and relative abundance, and design constraints for compatibility with the Rebus Esper spatial omics platform using proprietary software, we generated the following gene probe panel: OL Lineage markers (Olig2, Mog, Myrf), OPC markers (Pdgfra, Cspg4), COP
(Bmp4), MOL2 markers (Klk6, Hopx), MOL5/6 markers (Il33, Jph4), DAO markers (C4b, Serpina3n, Parp3, Steap3, Cdkn1a, Fosb,
Egr1, Klf4, Snhg1, Irf7, Bst2), microglia/DAM (Tmem119, Spp1, Gpnmb), astrocytes (Aqp4), Neurons (Snap25, Syt1) and endothelial
cells (Pecam1) (Table S4). Experiments using the Rebus Esper spatial platform were performed as follows. Mice were perfused with
ice-cold PBS, followed by dissection of their brains. Brains were embedded in OCT (Sakura Tissue-Tek O.C.T.), snap-frozen on dry
ice and stored at 80 C. Fresh frozen brain tissue sections (5 mm) were cut on a cryostat, mounted on the functionalized coverslips
and fixed for 10 min with 4% paraformaldehyde (Alfa Aesar, Cat#43368) in PBS at room temperature, rinsed twice with PBS at room
temperature and stored in 70% ethanol at 4 C before use. The sample section on the coverslip was assembled into a flow cell, which
was then loaded onto the instrument. The hybridization cycles and imaging were done automatically under the instrumental control
software.
Briefly, primary probes for all target genes were initially hybridized for 6 h and probes not specifically bound were washed away.
Readout probes labeled with Atto532, Atto594 and Atto647N dyes were then hybridized, washed, counterstained with DAPI and then
imaged with an Andor sCMOS camera (Zyla 4.2 Plus, Oxford Instruments) through 20xC, 0.45NA dry lens (CFI S Plan Fluor ELWD,
Nikon) with 365nm LED for DAPI and 532nm, 595nm and 647nm lasers configured for SAO imaging. Single Z-planes with 2.8mm
depth of field were acquired for each field of view. Using the Rebus Esper image processing software, the raw images were reconstructed to generate high-resolution images (equivalent or better than images obtained with a 1003 oil immersion lens). RNA spots
were automatically detected to generate high fidelity RNA spot tables containing xy positions and signal intensities. Nuclei segmentation software based on StarDist (Fazeli et al., 2020) ( identified individual cells by finding nuclear boundaries from DAPI images. The
detected RNA spots were then assigned to each cell using maximum distance thresholds. The resulting cell 3 feature matrix contains
gene counts per cell along with annotations for cell location and nuclear size.
QUANTIFICATION AND STATISTICAL ANALYSIS
Raw data analysis
When possible, scRNA-seq FASTQ files were downloaded from public repositories (Gene Expression Omnibus, Short Read Archive,
Synapse). In most cases, raw datasets were analyzed with an in-house pipeline. Briefly, reads were demultiplexed based on perfect
matches to the expected cell barcodes. Transcript reads were aligned to the mouse reference genome (GRCm38) or the human reference genome (GRCm38) using GSNAP (Wu and Nacu, 2010). Only uniquely mapping reads were considered for downstream analysis. Transcript counts for a given gene were based on the number of unique UMIs (up to one mismatch) for reads overlapping exons
in sense orientation. Cell barcodes from empty droplets were filtered by requiring a minimum number of detected transcripts. Sample
quality was further assessed based on the distribution of per-cell statistics, such as total number of reads, percentage of reads mapping uniquely to the reference genome, percentage of mapped reads overlapping exons, number of detected transcripts (UMIs),
number of detected genes, and percentage of mitochondrial transcripts.
In the case of GSE157827, FASTQ files were downloaded and converted into matrices of expression counts using the cellranger
software provided by 10X Genomics. Finally, for GSE129788, GSE147528 and syn17115627, the author provided gene expression
matrices were directly used for the analysis. Mouse and human datasets included in the study are listed in Table S1.
Mouse scRNA-seq meta-analysis
A total of eight mouse datasets were analyzed spanning 5 AD models and 3 MS models representing datasets collected from public
repositories and in-house datasets (Table S1). Five datasets were included in the core integration analysis. Integrated atlases were
generated and analyzed using the following steps: 1) processing and filtering of each individual scRNA-seq dataset, 2) integration
along datasets to generate a single atlas 3) Transfer of labels to the remaining datasets.
Processing and filtering individual scRNA-seq datasets
For public datasets, we analyzed the raw data using the raw data processing described above. For each dataset, we filtered for
low quality cells with <200 measured genes and a high percentage of mitochondrial DNA contamination (<5%). After filtering, each
dataset was normalized to log (CPM/105), the 2000 most variable genes in each dataset identified and the expression levels of
these genes were scaled before performing PCA and clustering in the variable gene space. These steps were performed using
functions implemented in the Seurat package (NormalizeData, FindVariableFeatures, ScaleData, RunPCA, FindNeighbors,
FindClusters, RunUMAP) with some modification to default parameters as needed. OL lineage cells from each dataset were identified based on the expression of a set of markers of the OL lineage obtained from the Barres lab (Zhang et al., 2014). Cells with
high expression of these genes were then subset out of the Seurat Object to create a new OL-lineage enriched Seurat object for
each dataset.
Dataset integration for generation of mouse OL lineage atlas
Before dataset integration, we imported the aforementioned filtered OL-lineage enriched Seurat objects across multiple datasets.
Next, each dataset now containing only the OL lineage cells were normalized (function NormalizeData, method = ‘LogNormalize, scale.factor = 10,000) and scaled to regress out mitochondrial genes and batch effects. For each dataset, 2500 variable genes were
computed using function (FindVariableFeatures, selection.method = ‘vst’). Pairwise integration anchors were computed between
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pairs of datasets. In the case of Cuprizone and PS2APP datasets, batch effects were observed within the dataset. Hence, for these
datasets, each batch was treated as a separate dataset during the integration process. The resulting anchorset was then used to
integrate all the cells into a single atlas. The integrated assay was then used to compute PCA, UMAP and clustering outputs.
Next, we identified the distinct cell types based on pre-existing marker genes for OL lineage subtypes as well as an independent
analysis of pseudobulk profiles obtained from the clustering output (see section on pseudo-bulk analysis of sc/snRNA-seq datasets).
Upon clustering the dataset, differential abundance statistics were calculated using EdgeR.
Pseudo-bulk analysis of sc/snRNA-seq datasets
Pseudo-bulk expression profiles were derived from single cell datasets by aggregating cells of a given sample of the same cell type
separately such that a total of sc possible pseudobulks were generated for s samples and c cell types. If a particular pseudobulk contained fewer than 10 cells, these profiles were discarded such that the actual number of pseudobulks was always less than the theoretical maximum number of pseudobulks, sc. For each pseudobulk profile, raw counts were generated by adding the total number of
UMIs for each gene across all the cells belonging to a particular sample and cell type. This resulted in a gene-by-pseudobulk count
matrix which was normalized using the estimatedSizeFactors function from DEseq2. These normalized pseudobulk profiles were
then used for differential gene expression analysis between groups of interest and for calculation and visualization of gene set scores.
In formal notation, let nij be the raw UMI count of gene i in cell j and sj and cj be the sample and cell type, respectively of cell j. The
pseudobulks for all cells are represented by pairs ðs; cÞ where s is a sample and c is a cell type. Therefore, the pseudo-bulk count
matrix B, with rows indexed by genes and columns indexed by ðs; cÞ pairs is defined by:
X
Bi; sc =
nij
j:ðsj ; cjÞ = ðs;cÞ
Matrix B is size-factor normalized and used for downstream differential gene expression with voom.
For each mouse dataset incorporated into the study, a methodology was applied to identify DE genes that were likely artifacts due
to contamination from free RNA from other cell type compartments in the dataset as described in (Lee et al., 2021a). Briefly, to identify
DEs contributed by other cell types, the following steps were applied:
1. Within the broader single cell RNA-seq dataset, a ‘‘two-compartment’’ pseudobulk matrix C was computed. The two compartments were Oligodendrocytes (denoted here by COL ) and a second ‘‘other’’ compartment for all of the other cell types (denoted
here by COther ). In the notation above, the two-compartment pseudobulks are the pairs (s;c) where s is a sample and c is either
the cell type of interest COL or COther , representing a bulk of all the other cells. Conceptually ‘‘other’’ represents the aggregate of
all of the other cells, and is a model for the source of free RNA.
2. Two voom + limma DE analysis was performed on the matrix C, using linear models  sampleID + compartment (‘‘compartment model’’) and  sampleID + compartment + compartment : genotype (‘‘interaction model’’).
3. Prediction of free RNA contamination is made in two steps. In the first step, a gene is flagged as likely free RNA contamination if
the compartment term from the ‘‘compartment model’’ has adjusted P % 0.05 and the ‘‘other’’ compartment is at least 6-fold
higher than the COL compartment. The 6-fold cutoff can be tuned to other values, but was selected empirically for this study
because the compartment effect sizes were bimodal for many comparisons of interest, and this cutoff cleanly separated the
modes. Conceptually, this step involves flagging genes whose expression is (at least 6-fold) higher in the ‘‘other’’ cell types than
in COL .
4. In the second step, the interaction term of the interaction model is examined. If this term is significant (adjusted P% 0.05) and
the direction of this effect is in the same direction as the original pseudobulk differential expression, then the gene in unflagged.
Conceptually, this step means that even though there is higher expression in the ‘‘other’’ compartment, which might contribute
some signal to the COL compartment, the fold-change within the COL compartment is too large to explain solely by contamination from the ‘‘other’’ compartment, and therefore is likely explained by true DE within the COL compartment.
5. Genes flagged as ‘‘predictedFreeRNAContam’’ in greater than 2 datasets were removed from further analysis.
Differential expression (DE) analysis from pseudobulk sample
A number of different gene sets were generated in this study: 1) Gene markers associated with resting OL subtypes (Figure S1D); 2)
Gene markers associated with disease-associated oligodendrocytes (Cluster agnostic) (Figure S3A) 3) Gene markers associated
with each disease-associated oligodendrocyte state (Figure S4A).
For the generation of the gene markers associated with resting oligodendrocyte states, we performed differential gene expression
analysis between each resting oligodendrocyte lineage cluster to the rest of the oligodendrocytes. For the generation of gene signatures associated with the disease-associated oligodendrocytes, we performed differential expression analysis between a pseudobulk of all disease-associated oligodendrocyte clusters and compared them to resting oligodendrocytes. Specifically, this included
the following comparison pairs: MOL5/6_DA1 and MOL5/6, MOL5/6_DA2 and MOL5/6, MOL5/6_IFN and MOL5/6, MOL2_DA1 and
MOL2, MOL2_IFN and MOL2 (Figure S2B). All differential expression analysis was performed with voom using dataset as the blocking variable.

e4 Cell Reports 40, 111189, August 23, 2022

ll
Resource

OPEN ACCESS

Each comparison yielded a gene set that was either uniquely differential in a particular state or differentially expressed between
multiple states, albeit at varying fold change values. For the shared genes, we categorized them as DA1, DA2 or IFN-enriched genes
if their Log-fold change was highest in one out of the three states. If the fold change of a gene was comparable between multiple
states within a 30% window of the maximum log fold change, the gene was categorized as being enriched in multiple states.
For pathway analysis, all differentially expressed genes between disease-associated states and resting states of mature oligodendrocytes were imported into Ingenuity Pathway Analysis (IPA) software and were subjected to IPA core expression analysis. Genes from the
integrated analysis that met the cutoff values (Log2Fold change >0.6, FDR <0.05) were included in the analysis. Expr Log Ratio was used
to determine the directionality (z-scores) in the analysis. Reference set of Ingenuity Knowledge base genes were used for p value
calculations.
Gene set analysis
Gene Sets used in the Figures are as follows:
d
d
d

d

d

Figures S1B and S1D: Full gene marker list in Table S1 Cell type marker genes for the resting oligodendrocyte subtypes
(selected genes chosen for visualization). See Table S2 (Column name: OL.lineage.subtypes)
Figure S3A: Full gene marker list with FDR and Log Fold Changes in Table S2 listed as Coarse DAO activation
Figures S4A and S4B: Full gene marker list with FDR and Log Fold Changes in Table S2, listed as Fine DAO Activation. Genes
also annotations in the columns ‘DAO_fine_up’ and ‘DAO_fine_down’ for whether each gene is classified as MOL5/6_DA1,
MOL5/6_DA2 or MOL5/6_IFN. Top 40 selected genes are shown in the heatmap and the feature plot.
Figures 6D, 6E, and S9: Genes were generated by performing DGE between 1) hOligo2 derived from control and MS patients 2)
hOligo1 derived from control and MS patients across integrated MS datasets. Gene list and associated statistics in Table S3
under ‘Integrated MS datasets’ columns.
Figures 7D and S10. Genes were generated by performing DGE between hOligo2 derived from high pathology and low pathology individuals across integrated AD datasets and selecting genes that are DE with LFC >= 1.5 and FDR <= 0.05. Gene list and
associated statistics in Table S3 under ‘integrated AD meta-analysis’ columns

For a given gene set, gene set scores were calculated as follows. Gene expression values were log-transformed as
Log2(normCount+1). The average gene set score for a sample was calculated as the average over all genes in the gene set. The
average log-expression values of the controls were then subtracted out of the average of each sample to generate control-centered
gene expression values. When including both upregulated and downregulated genes, a signed average was computed by weighting
all the up genes by +1 and down genes by 1 to capture both changes in a single score.
Human scRNA-seq meta-analysis
A human disease-state oligodendrocyte atlas was constructed using snRNA-seq datasets generated with 10X technology for AD and
MS. A total of nine (three MS and six AD) datasets were incorporated into the study and are listed in Table S1. Individual datasets were
processed according to the description provided in Raw Data Processing except for Leng et al., Absinta, et al. and Cain et al., where
processed count matrices provided by the authors were used for data analysis. Each dataset was analyzed separately to identify cells
of the oligodendrocyte lineage as described before in the mouse meta-analysis. Human OL lineage cells were identified via the
expression of canonical marker genes for OL lineage except for Leng et al., and Cain et al., where the author-provided annotations
were used to subset out the clusters of oligodendrocyte lineage cells. Gene sets used to identify oligodendrocyte lineage cells were
obtained from a sorted human RNA-seq dataset generated by the Barres lab (Zhang et al., 2016)
The extracted oligodendrocyte lineage cells from each dataset were analyzed separately to identify oligodendrocyte subtypes using aforementioned methodologies to filter, normalize, scale and cluster cells. Cells with <300 measured genes and >5% mitochondrial counts were removed from each dataset. The resulting filtered dataset containing just the oligodendrocyte lineage cells were
normalized to log (CPM/105), the 2500 most variable genes were identified and the expression levels of these genes were scaled
before PCA. Depending on the dataset, 10–15 most significant PCs were then used for graph clustering (resolution = 0.5) and
UMAP dimensionality reduction. All steps were performed using Seurat package. Preliminary marker genes for each cluster were
identified using FindAllMarkers or FindMarker function. Individual clusters were merged into larger clusters based on a dendrogram
built on the variable gene set if no markers were able to distinguish a cluster from the rest of the dataset at an avg_LogFC >0.75.
To define resting human oligodendrocyte subtypes, cross-species integration analysis was performed with resting oligodendrocytes
derived from control individuals across both species. Human oligodendrocytes were sub-clustered into hOligo1 and hOligo2 based on
their co-clustering with MOL2 and MOL5/6. Human hOligo1 and hOligo2 markers were derived by performing a subtype-specific DE
analysis using pseudobulk profiles obtained from the clustering output of this analysis (Figure 5) and used to annotate all subsequent
human data.
For the MS datasets, we integrated the cells obtained from the three datasets into a single atlas by using an anchorset that was
derived by identification of pairwise integration anchors on the genes that are commonly variable across the datasets. The integrated
assay was used to compute PCA, UMAP and clustering outputs. Clusters were annotated using a gene set score of the markers
derived from analysis of control oligodendrocytes. The clusters recovered from the individual analysis of MS datasets and the
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integrated analysis were largely identical, except for the identification of hOligo4 which were only identified in the Schirmer et al and
Absinta et al. in the individual analysis (Figure S8C). We also found a small cluster of cells that expressed markers of both microglia
and oligodendrocytes that were ruled to be potential doublets and removed from further analysis. Another small cluster of cells expressing both oligodendrocyte and astrocyte markers were also identified in multiple datasets and removed as potential doublets.
Upon clustering the dataset, differential abundance statistics were calculated using EdgeR. The clustering outputs for cells obtained
from Jäkel et al. were also compared to the oligodendrocyte clustering annotations described by the authors in Jäkel et al. We found
that hOligo1 largely mapped to Oligo1 and Oligo5 whereas hOligo2 largely mapped to Oligo2, Oligo3, Oligo4 and Oligo6.
For the AD datasets, we integrated the cells obtained from the six datasets into a single atlas by using an anchorset that was
derived by identification of pairwise integration anchors on the genes that are commonly variable across both datasets. The integrated assay was used to compute PCA, UMAP and clustering outputs. Clusters were annotated using markers of human oligodendrocytes derived from the analysis of resting oligodendrocytes. The clusters recovered from the individual analysis of AD datasets
and the integrated analysis were largely identical (Figure S10B).
Differential expression (DE) analysis from pseudobulk sample to obtain an MS and AD-associated oligodendrocyte
activation signature
To identify AD and MS-associated transcriptional shift in oligodendrocyte subtypes, we aggregated cells of a given subtype and the
same patient into pseudobulk profiles. For MS datasets, we created pseudobulk profiles from the cluster definitions obtained via the
integrated analysis of MS datasets. Then, using dataset as a blocked variable and controlling for age, sex and post-mortem interval
as covariates, we performed DE between MS and controls within each oligodendrocyte subtype compartment.
For AD datasets, we created pseudobulk profiles from oligodendrocyte subtypes obtained from the integrated analysis of AD datasets – stratifying patients into high pathology (high levels of amyloid plaques and high tau pathology) and low pathology (low to no
amyloid plaques and low tau pathology) individuals. In most cases, low pathology individuals were defined as patients who were in
Braak Stage 0, I and II and CERAD score 4 (No AD) and high pathology individuals were defined as patients in Braak Stage V and VI
and CERAD score 1 (Definite AD) and 2 (Probable AD). Subtype-specific DE between high and low pathology individuals were performed using dataset as a blocking variable and controlling for age, sex, post-mortem interval as covariates. Because CERAD score
was not available for all datasets, only those patients containing information on both ceradsc and Braak Stage were included in the
DE analysis. During gene set visualization, in the datasets where CERAD score was lacking, patients were grouped into low and high
pathology groups based solely on Braak Stage.
Analysis of ISH data
The expression matrix obtained from Rebus Biosystems was filtered to remove cells with less than 5 or greater than 120 spot counts,
cells with nucleus perimeter less than 8 microns and greater than 50 microns. To remove doublets resulting from spot misassignment
in the spatial transcriptomics dataset, cells containing more than 2 counts of transcripts belonging to orthogonal cell types were
removed from further analysis. For example: neurons and microglia, astrocytes and microglia, microglia and oligodendrocytes, microglia and OPCs, etc. All downstream clustering analysis of the dataset was performed using Seurat setting all 31 genes as variable
features in the analysis. The resulting clusters were annotated based on expression of the markers selected for spatial transcriptomics. Cells from the corpus callosum were computationally selected using the average expression of the oligodendrocyte gene module
(Olig2, Myrf, Mog) and neuronal gene module (Syt1 and Snap25). While Syt1 expression was largely limited to regions outside of the
corpus callosum, the oligodendrocyte gene module expression was largely limited to inside the corpus callosum. For each cell, the
expression of the two gene sets were thresholded to assign each cell as ‘Neuron’, ‘Oligodendrocytes’ or ‘Other’. For each cell, a local
neighborhood (radius = 20mm) of cells were identified. If a majority of the cells within a neighborhood of a particular cell were assigned
as ‘Oligodendrocytes’, the cell was labeled as being inside the corpus callosum. Otherwise, the cell was labeled as being outside of
the corpus callosum. This roughly demarcated the corpus callosum cells from the rest of the surrounding tissue but led to some cells
within the corpus callosum to be labeled as non-corpus callosum cells. These were manually annotated as corpus callosum cells
using the points.in.polygon function in the library sp. This led to the identification of corpus callosum cells as shown (Figure S6C)
which were used for downstream spatial analysis. To calculate the spatial proximity of cell populations to the lateral lesion site, a
straight line going through the midline of the corpus callosum was used to scale the distance from the midline of the corpus callosum
to the left or right end (Figure S6C). This scaled distance was then used to subdivide each corpus callosum into six equidistant bins.
The proportion of cells in each bin was then calculated to determine the change in cellular proportions from varying distances from
the lesion site (Figure 4F).
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