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Single-nucleus RNA velocity
reveals critical synaptic

and cell-cycle dysregulations

in neuropathologically confirmed
Alzheimer’s disease

Quadri Adewale?3, Ahmed F. Khan'%3, David A. Bennett“® & Yasser lturria-Medina ®%23>

Typical differential single-nucleus gene expression (snRNA-seq) analyses in Alzheimer’s disease

(AD) provide fixed snapshots of cellular alterations, making the accurate detection of temporal

cell changes challenging. To characterize the dynamic cellular and transcriptomic differences in AD
neuropathology, we apply the novel concept of RNA velocity to the study of single-nucleus RNA from
the cortex of 60 subjects with varied levels of AD pathology. RNA velocity captures the rate of change
of gene expression by comparing intronic and exonic sequence counts. We performed differential
analyses to find the significant genes driving both cell type-specific RNA velocity and expression
differences in AD, extensively compared these two transcriptomic metrics, and clarified their
associations with multiple neuropathologic traits. The results were cross-validated in an independent
dataset. Comparison of AD pathology-associated RNA velocity with parallel gene expression
differences reveals sets of genes and molecular pathways that underlie the dynamic and static regimes
of cell type-specific dysregulations underlying the disease. Differential RNA velocity and its linked
progressive neuropathology point to significant dysregulations in synaptic organization and cell
development across cell types. Notably, most of the genes underlying this synaptic dysregulation
showed increased RNA velocity in AD subjects compared to controls. Accelerated cell changes were
also observed in the AD subjects, suggesting that the precocious depletion of precursor cell pools
might be associated with neurodegeneration. Overall, this study uncovers active molecular drivers

of the spatiotemporal alterations in AD and offers novel insights towards gene- and cell-centric
therapeutic strategies accounting for dynamic cell perturbations and synaptic disruptions.

Keywords RNA velocity, Single-cell RNA-seq, Neuropathological Alzheimer’s disease, Synapse, Cell
development

Recent advances in single-nucleus RNA sequencing (snRNA-seq) have provided an unprecedented ability to
disentangle cellular-level transcriptomic alterations and heterogeneity in Alzheimer’s disease (AD)"2. Early dif-
ferential expression with neuropathological AD progression have been found to be cell-type dependent while
apparent upregulation of genes in the later stages are shared across cell types, suggesting that transcriptional
responses to disease are highly driven by cell states'. Furthermore, cell type-specific analysis has revealed the
molecular signatures of preferentially affected cell populations, demonstrating that morphology alone cannot
sufficiently determine cell type vulnerability in pathologic AD*.

Nevertheless, static sSnRNA-seq abundance provides only fixed snapshots of cellular states, not revealing tem-
poral dynamics of genes at individual cells®. The recently proposed rate of change of mRNA, otherwise known
as RNA velocity (RNA-vel)®, provides a novel method to capture temporal dynamics in mRNA abundance by
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comparing spliced and unspliced mRNA counts. In the initial model, ratio of intronic to exonic sequence counts
in constant (steady-state) transcription is obtained, and RNA-vel is estimated as the deviation or residual of
this ratio from the expected steady-state ratio®. Further methods have been developed to capture (potentially)
unobserved steady states and gene stochasticity®. Positive and negative RNA velocities imply upregulation and
downregulation of a gene, respectively. Notably, RNA-vel analysis was used to infer developmental trajectories
of healthy cells”® and unravel pathological changes in cancer cells’. This paradigm shift from descriptive to pre-
dictive RNA modelling is offering a deeper understanding of complex cell-level processes in health and disease,
with promising implications to improve treatment strategies for multiple disorders.

In the context of the progression of neuropathology, it is unclear whether genes that are differentially
expressed across disease states are also the genes driving evolution and vulnerability of diseased cells. Genes
with different RNA velocity values might better capture or capture complementary aspects of the time-resolved
molecular dysregulations and prodromal differences underlying neurodegeneration. Here, we extend previous
single-nucleus RNA (snRNA) analysis in AD in three fundamental ways. First, we use postmortem snRNA-seq
data from the prefrontal cortex of subjects with varied levels of AD pathology (N =48) to identify cell type-
specific RNA velocity differences associated with neuropathology. Second, we demonstrate that dynamically
altered genes in AD pathology, i.e., genes with differential RNA velocities, are qualitatively different from the
genes showing differential expression patterns. Third, we reproduce the main observed cell type-specific RNA
velocity differences in an independent pathologic AD sample. Overall, our results highlight the critical impor-
tance of further considering dynamic single-cell molecular processes underlying AD progression as opposed to
only its static cellular RNA mechanisms.

Results

Data origin and single-nucleus RNA velocity estimation

Single nucleus RNA-seq data was obtained from the prefrontal cortex of 48 postmortem human brain samples'
(Sects. “Methods”, “Dataset-1”). Twenty-four of these individuals had no or low -amyloid burden or other
pathologies (control). The remaining twenty-four presented mild to severe AD-pathology (amyloid burden,
neurofibrillary tangles, global pathology, and cognitive impairment). After pre-processing, 65,422 snRNA-seq
profiles with 16,844 transcripts (corresponding to 16,829 unique genes) were obtained. A predefined cluster list!
was used to annotate and assign the cells to six different types: excitatory neurons, inhibitory neurons, astrocytes,
microglia, oligodendrocytes, and oligodendrocyte progenitor cells (Fig. 1a).

Single-nucleus RNA velocities (snRNA-vel) of all genes across each cell type in the 48 subjects were calcu-
lated using a probabilistic model® (Sect. “Methods”, “RNA velocity estimation”). This probabilistic (stochastic)
method for RNA-vel estimation is preferred over the originally proposed steady-state model® since the former
largely accounts for cell heterogeneity and differential kinetics, while achieving higher computational efficiency’.
To identify the genes that may help explain the velocity vector fields across the six types, we selected the top
genes that show cell type-specific differential transcriptional dynamics (Sect. “Methods”, “RNA velocity estima-
tion”). As shown in Fig. 1b, the dependency between unspliced and spliced mRNA counts of the genes gives the
expected cell type-specific velocity values depicted as the residual from the dotted line (representing the constant
transcriptional state). We then projected the expression and velocity values of these top genes to t-SNE space
(Fig. 1c). We observed more variation and cell type-specificity in RNA velocity compared to gene expression,
suggesting that the velocity estimations are largely driven by transcriptional dynamics rather than gene expres-
sion (Fig. 1c). For example, PDE4B exhibits an oligodendrocyte-specific dynamics even though its expression
is spread across different cell types.

To demonstrate the suitability of using single nuclei for RNA velocity, we first compared both nucleus-derived
(snRNA-seq) and cell-derived (scRNA-seq) RNA velocities in the microglia of the same subject. Notably, we
observed (Fig. S1) strong correlations (ranging from 0.94 to 0.99) between the velocity estimates of the snRNA-
seq and scRNA-seq, supporting the precision of snRNA-seq for RNA velocity calculation (see Fig. S1). Interest-
ingly, the variations observed in velocity correlations from any random pair of single cells are comparable to
the variations in velocity correlations between any single cell and single nucleus. A previous study also found
concordant RNA velocity estimates between matched single nuclei and single cells from rabbit retina'®. Finally,
we recalculated RNA velocity using veloVI', another method of RNA velocity estimation based on deep genera-
tive modeling. Comparison of the results from scVelo and veloVI shows similar velocity estimates and trajectory
inference (Fig. S2).

Static vs dynamic genetic-cell modifications underlying AD evolution

We sought to investigate if there are global AD-pathology dependent differences in RNA velocity patterns across
cell types. We evaluated the cell type-specific differences in RNA velocity between the control and AD-pathology
subjects using Wilcoxon rank-sum test. We then compared the results with those obtained for differential gene
expression. Across all cell types, we observed lesser genes with differential RNA velocity (612) than those with
differential expression (3152) (Fig. 2a, Supplementary Table 1). The top ranked genes underlying RNA expression
and velocity variations are presented in Fig. 2b. Furthermore, higher fold changes were observed for RNA veloci-
ties compared to gene expression. To exclude the possible confounding impact of age on the observed differential
transcriptional kinetics, we reanalyzed the group differences in RNA velocity after correcting for age. The new
result was consistent with the original finding without correction, probably because age was matched between
groups (Fig. $3). Lastly, due to potential over-representation of long unspliced mRNA transcripts in neurons'?,
we checked if the differential velocity observed between the two groups may be biased by gene length. We found
no correlation (R=0.00081; p-value =0.92) between the U-statistic of Wilcoxon rank-sum test and the length of
genes in inhibitory neurons (Fig. $4).
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Figure 1. Single-nucleus RNA-seq of the prefrontal cortex of 48 individuals across the Alzheimer’s disease
(AD) spectrum. (a) t-SNE visualization of clusters are annotated by cell type (excitatory neurons, inhibitory
neurons, astrocytes, microglia, oligodendrocytes, and oligodendrocyte progenitor cells). (b) Relationship
between unspliced and spliced mRNA counts of genes driving differential dynamics of each cell type. The
dashed black line represents the estimated steady state ratio of the unspliced to spliced mRNA. RNA velocity
is obtained as the residual of the observed intronic to exonic RNA ratio from this steady state line. (c) RNA

velocity and expression patterns of the dynamic genes. Larger variation in velocity is driven by transcriptional
dynamics.

Notably, 63 of the 3152 (2%) differentially expressed genes were also found to exhibit differential velocity,
suggesting substantial AD-pathology related differences between these two RNA descriptors. On the one hand,
the genes with only snRNA-vel differences relate to cell developmental and synaptic processes such as morpho-
genesis, axonal guidance, ion channel activity, synapse organization and cell assembly (Fig. 2¢c, Supplementary
Table 2). The protein-protein interaction network of genes associated with ion channel activity and synapse
organization in excitatory neurons is shown in Fig. S5. Conversely, genes with only differential expression are
majorly associated with mitochondrial activity, ribosomal processes, and protein sorting. This mismatch between
snRNA-vel and RNA abundance dysregulations suggests that analyzing RNA velocity provides relevant com-
plementary information about the multifactorial molecular processes associated with neuropathological AD
advance compared to differential expression.

We next investigated if the changes in RNA velocity depend on disease stage. We subgrouped the AD-
pathology subjects into early- and late-AD, based on previous study’. Briefly, the two pathological subgroups
were obtained by clustering the subjects on several clinico-pathological features'. Consequently, early-AD cor-
responds to some amyloid load with moderate neurofibrillary tangles and cognitive deficit. Late-AD subjects
display higher amyloid load and increased neurofibrillary tangles, global pathology, and cognitive deficit. Com-
parison of the control and early-AD subjects revealed broad-scale changes in transcriptional kinetics between
these subgroups (Supplementary Table 3). Corresponding analysis between control and late-AD subjects showed
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Figure 2. Differences in RNA velocity and gene expression underlying neuropathological AD progression. (a)
Number of genes with differential expression patterns and velocity between controls (n=24) and AD subjects
(n=24) across cell types (two-sided Wilcoxon rank-sum test, permutation-based FDR-corrected g-value <0.05,
log, (mean gene expression or velocity AD/mean gene expression or velocity in control) >0.25 or < —0.25).

(b) Cell-type specific changes (log, (fold change)) for the top genes with differential expression (DE) (top)

and differential velocity (bottom) between control and AD subjects. (c¢) Comparison of biological pathways
associated with differential expression and differential velocity.

an increased number of affected genes in microglia, astrocytes, and oligodendrocytes, suggesting a progressive
immune dysregulation (Fig. S6). However, we did not observe any notable shift in cell-type specificity of the
velocity differences with disease progression.

Finally, to discern sex-dimorphic differences in transcriptional dynamics, we recomputed differential RNA
velocity between the control and AD-pathology subjects while stratifying the data by sex. We found more genes
with differential dynamics in females compared to males across cell types (Supplementary Table 4). Interestingly,
previous single-cell studies of differential gene expression also observed more dysregulation in female subjects"'?,
which may account for the higher disease burden in females. Nevertheless, the implicated pathways between both
sexes are qualitatively similar, except for some biological processes such as lymphocyte activation and vascular
process which are pronounced in the microglia of male (Fig. S7).

Several RNA-velocity differences underlie AD neuropathological severity

We proceeded to conceptualize the observed differences in RNA velocities between the control and AD groups.
We projected the velocity vectors into t-SNE space and evaluated the group difference in velocity fields across all
cells (Sect. "Methods", "Cell speed and residual velocity estimation"). Figure 3a shows the residual velocity fields
which account for the difference between the two groups. It should be noted that the directions of the residual
fields do not have any perceived biological connotation. To further understand the biological implication of the
observed residual velocity fields, we calculated the speed of individual cells using the velocities across all genes.
Indeed, we found a higher speed in the AD groups compared to controls, suggesting that accelerated cell changes
are associated with AD neuropathology (Fig. 3b).

Lastly, we investigated the association of the RNA velocity differences with four well-known AD patho-
logical traits: neuritic plaque (NP) and neuronal neurofibrillary tangle (NFT) counts based on histochemistry
silver stain, and overall f-amyloid load (p-amyloid) and PHF tau tangle density (tangles) based on molecularly
specific immunohistochemistry. We calculated Spearman’s correlation between RNA velocity of genes from
the 24 AD subjects and the four neuropathological traits while adjusting for the covariates age, sex, education,
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Figure 3. Association of RNA velocity with relevant Alzheimer’s-related neuropathological traits. (a) Residual
velocity fields between the control and AD cells (z-score > 1.96 or < —1.96). (b) Variation of cell speed between

the control and AD groups. Median speed overlays plots as numbers (Wilcoxon rank-sum test p-value <0.05).
(c) Spearmans correlation of RNA velocity with four AD-neuropathological traits: neuritic plaque count,
neuronal neurofibrillary tangle (NFT) counts, overall f-amyloid load (B-amyloid) and PHF tau tangle density
(tangles). The confounding effects of age, sex, education, and postmortem interval were accounted for via partial
correlation. The plots show the top significant genes at FWE-corrected p-value <0.001.

and postmortem interval. The velocity-phenotype correlations of the top significant genes (FWE-corrected,
p-value <0.001) are shown in Fig. 3c. The genes underlying the different neuropathological traits are largely
specific to cell types (Fig. $8). Only excitatory and inhibitory neurons presented a relatively high overlap (up to
13%) in significant genes associated with the different AD neuropathological traits. The other cell types substan-
tially differed in gene-specific changes across the phenotypes. Interestingly, we found some AD-relevant genes,
including ADAM10, associated with tangle burden in excitatory and inhibitory neurons. Some other previously
reported AD genes identified include amyloid beta precursor protein binding family members, matrix metal-
lopeptidases, notch, low-density lipoproteins, and protein kinase C’s (Supplementary Table 5).

Cross-study validation of differential RNA velocity

We tested the reproducibility of the observed AD-related differences in RNA velocity in an independent sample.
We obtained snRNA-seq data from the dorsolateral prefrontal cortex of another ROSMAP cohort (Sect. “Meth-
o0ds”, “Validation in independent dataset”) comprising 6 cognitively non-impaired individuals with minimal AD
pathology and 6 subjects with both pathologic AD and clinical AD dementia'®. Following preprocessing, we
derived 79,472 cells corresponding to the same six cell types under consideration, and 16,844 transcripts (cor-
responding to 16,829 unique genes) like in our analysis for the first dataset. Out of the 232 genes with significant
RNA velocity differences between the two groups in Dataset-2, 129 (i.e., 56%) overlapped with the genes obtained
from the initial analysis of the prefrontal cortex (Dataset-1), including 14 in excitatory neurons, 17 inhibitory
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neurons, 22 in astrocytes, 34 in microglia, 18 in oligodendrocytes and 24 in oligodendrocytes precursor cells
(Fig. 4a). The significance of overlap was assessed using Fisher’s exact test (p-value <0.01; odds ratio>1).

We proceeded to query enriched gene ontology terms (GO) of the significant genes common to the two
datasets. We used EnrichR tool'>'® to uncover the biological processes associated with these overlapping genes.
Importantly, we again found that most of the top biological processes across cell types are associated with neural
development and synaptic activities (Fig. 4b). Overall, these findings support the generalizability of the main
RNA velocity differences identified, supporting the robustness of this novel technique for the deep molecular
characterization and better understanding of AD pathomechanisms.

Discussion

Here, we use RNA velocity to characterize, for the first time to our knowledge, the dynamical multicellular pro-
cesses underlying neuropathological AD progression. Unprecedented advances in scRNA-seq have offered a novel
way to overcome the poor spatial resolution of bulk tissue mRNA, while enabling the study of cell type-specific
changes in AD and related disorders"**. However, differences in RNA expression do not completely capture
the evolution of the disease continuum or the progressive vulnerability of cells to neurodegeneration. Using
snRNA-seq profiled from postmortem brain samples of the prefrontal cortex and dorsolateral prefrontal cortex
in two independent studies, we uncovered highly active genes associated with different levels of neuropathol-
ogy. Importantly, the identified cross-validated dynamic genes are associated with a consistent set of molecular
functions linked with neurodegeneration. The results support the validity of the novel RNA velocity concept
for achieving a complementary molecular characterization of AD and potentially identifying cell type-specific
disease-modifying genetic targets.

We found accelerated cell dynamics in AD subjects compared to controls, which can explain some of the
molecular bases of the early changes occurring in AD. A previous study using induced pluripotent stem cells
(iPSC) showed that AD brains undergo accelerated neural differentiation that causes early depletion of neural
progenitor pools and reduced cell renewal'’. Further, accelerated cell differentiation may perturb the gene net-
work associated with cell development and synapse organization thereby engendering hyperexcitability and
other pathologic cascades. This may as well have implications for the risk of developing dementia as increased
cell proliferation of neural progenitor cells in early later and depletion in later life have been linked to APOE
deficiency®. Our study suggests that accelerated cell differentiation occurs across different cell types in AD and
offers potential areas for experimental validation.

b

*okx Cell type
) y N postsynaptic density protein 95 clustering .
presynaptic membrane assembly .
118 14 3 In 84 17 11 presynaptic membrane organization .
DLPFC vocal learning
N PFC DLPFC PFC -
imitative learning
positive regulation of synapse assembly
HEE ok regulation of cation transmembrane transport °
o
regulation of potassium ion transport E i
5
neuron cell-cell adhesion -_g 3
Ast 82 22 18 Mic 82 34 39 £ M2
regulation of synapse assembly 8 1
plasma membrane bounded cell projection g
e DLPFC PFC DLPFC morphogenesis -
neuron projection morphogenesis
i i neuron projection development
prepulse inhibition
excitatory synapse assembly
ol 53 18 1 Opc 64 24 21 heterophilic cell-cell adhesion via plasma
membrane cell adhesion molecules
PEC DLPEC e DLPFC forebrain neuron differentiation
x [ = ‘6 (] = o
. w = = 0 &
**%  p_yalue<le-27; Odds ratio > 100 < = o
Figure 4. Cross-study validation of RNA velocity differences in neuropathologic AD. (a) Venn diagrams for
each cell type showing the overlaps between Dataset-1 (prefrontal cortex, PFC) and Dataset-2 (dorsolateral
prefrontal cortex, DLPFC) with respect to genes having differential RNA velocity in AD pathology. The sum
of all two numbers in any circle represents the number of significant genes in the corresponding dataset.
Significance of overlap was estimated with Fisher’s exact test (p-value <0.01; odds ratio > 1). (b) GO biological
processes and their log-transformed EnrichR combined scores for the overlapping gene sets.
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Our analysis revealed that although RNA velocity is closely related to gene expression, the two quantities
may capture different pathological processes. The differentially expressed genes associated with AD pathology
differed from those associated with varying RNA velocity. The snRNA velocity related genes are principally
involved in cell developmental and synaptic programs while the expression-related genes are mainly implicated
in ribosomal and mitochondrial activities. However, most of the snRNA synaptic genes are upregulated, except
EPBHI, ILIRAPLI and ROBO?2 in astrocytes and PTRD in excitatory neurons (Supplementary Table 2). Previ-
ous studies have shown that astrocytic EPHBI and ROBO2 play vital roles in synapse remodeling and neuronal
migration, respectively'®?. The interaction of PTPRD with ILIRAPLI promotes excitatory synapse formation and
stabilization, and the downregulating either gene impairs synaptogenesis?'~?*. In addition to p-amyloid and tau
related processes, our analysis of snRNA-vel pointed at other potentially altered functions such as voltage-gated
cation channels activity and notch signaling which may have dynamic causal roles in AD development but were
not detected by the traditional differential expression. Further, we cross-validated the differential RNA velocity
analysis in an independent dataset. The overlapping genes between the two datasets are predominantly implicated
in biological processes associated with cell development and synapse organization, implying a recurring theme
in our results. A profound nexus exists between cell cycle and synaptic activity in AD, and many AD-associated
genes are involved in morphoregulation, i.e., the ordered development and arrangement of cells to form synapse
through processes such as cell adhesion, cell differentiation, synaptic membrane assembly, ion channel activity,
etc. Besides, results from animal studies showed that certain behaviors simultaneously enhance synaptic plasticity
and control accelerated cell cycle, thereby protecting against cell death and neurodegeneration®*.

The RNA velocity metric was designed to capture the dynamic process of cell evolution in the transcriptomic
space™®. It was originally applied to infer the developmental states of healthy cells but has found further applica-
tions in studying cell proliferation in cancer®*. However, it appears that RNA velocity can also capture dynamic
differences associated with severity of AD pathology. Moreover, RNA velocity can be estimated for each cell
type at the patient level. Such applications are particularly important for two main reasons. First, prodromal
cell changes which occur in AD may be detected before clinical manifestations or the deposition of p-amyloid
and tau*>?. Second, there are implications for the development of personalized treatment by detecting (and
potentially targeting) person-specific contribution of RNA velocity changes to AD neuropathology. We found
that most of the biological processes implicated in our study are involved in synapse organization and turnover,
a key structural element essential for cognition. Many pathways are also associated with cell developmental pro-
cesses, the dysfunction of which is linked to neurodegenerationzs. Thus, our results inform potential therapeutic
strategies of targeting substrates of synaptic plasticity, including glutamatergic and cholinergic signaling, and
applying cell therapy to enhance cell renewal, differentiation, and proliferation.

This study has some limitations. First, we used single-nucleus RNA sequencing to estimate RNA velocity.
Compared to single-cell sequencing, snRNA-seq is more amenable to transcriptomic profiling of postmortem
samples because isolated nuclei are intact in frozen tissues”. Moreover, dissociating whole cells from the brain
is particularly challenging due to the intensity of the required enzymatic activity, which could interfere with cell
type recovery and bias the results of downstream analyses *. RNA velocity was originally formulated for scRNA-
seq based on the assumption that the rate of RNA degradation is constant across all cells®. Importantly, here we
showed that there is high concordance between RNA velocities from matched nuclear and whole-cell RNA of
microglia, supporting the validity of using snRNA-seq for velocity estimation (see Fig. S1). Furthermore, by using
two different RNA velocity methods to achieve a consistent trajectory inference, we demonstrated the robustness
of the velocities estimated from single-nucleus data. In line with our observations, a recent study comparing RNA
velocity trajectory inferences from scRNA-seq and snRNA-seq showed that each method successfully predicts the
transition of retinal resting cells through reactive state to terminal fibrous state. Interestingly, the RNA velocity
estimates obtained by combining the two sequencing technologies were consistent with the estimates derived
from using either scRNA-seq or snRNA-seq dataset alone. Earlier studies have also successfully applied RNA
velocity to single nuclei data to infer biologically meaningful trajectories in mouse embryo and various cell types
of the human heart®*2. Second, RNA velocity was originally developed to capture rapidly evolving processes
with short timescales. Its use in slowly evolving processes, such as neurodegeneration, remains to be validated.
However, we believe that the relatively shorter timescale of mRNA transcriptional dynamics may offer a good
resolution to capture subtle changes associated with the neuropathological cascade. Despite that the use many
of subjects with varied levels of neuropathology allowed us to capture the association between the timescales of
transcriptional dynamics and neurodegeneration at the global level, due to experimental limitations we could
not directly ascertain the stability of RNA velocities within a subject over different post-mortem intervals.
However, we confirmed that the post-mortem sampling intervals between the controls and AD subjects do not
differ significantly (Fig. S9), suggesting that our results were not confounded by transcriptional changes induced
by death. Importantly, future studies employing multiscale dynamical models of the brain (via gene expression,
neuroreceptors, neuroimaging) can also incorporate RNA-vel to better capture the time-resolved complex inter-
actions between multiple biological layers/modalities in neurodegenerative progression®*34.

Methods

Dataset-1 (Prefrontal cortex)

It includes droplet-based snRNA-seq, neuropathological and clinical data for 48 participants enrolled in the
Religious Orders Study (ROS) or the Rush Memory and Aging Project Study (MAP)*. The snRNA-seq data was
previously generated from the prefrontal cortex (Brodmann area 10) of autopsied brains as described in', and it
was downloaded from the Accelerating Medicines Partnership Alzheimer’s Disease knowledge portal (AMP-AD;
www.synapse.org, ID syn18485175). All subjects underwent postmortem neuropathologic evaluations, generated
in previous ROSMAP studies as described in * including uniform structured assessment of AD pathology, and
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other pathologies common in aging and dementia (downloaded from AMP-AD, ID syn3157322; see also Sect.
“Correlation with neuropathology”). The 48 subjects (balanced between sexes) comprised 24 with no or low AD-
pathology (control group), and 24 with mild to severe AD-pathology (AD group) as determined by f-amyloid
burden, neurofibrillary tangles, and cognitive impairment’. The subjects were matched for age (medians 87.1
[no pathologic AD, N =24] and 86.7 [pathologic AD, N =24]) and years of education (medians of 18 [no patho-
logic AD] and 19.5 [pathologic AD]). Informed consent was obtained from each participant, and the Religious
Orders Study and Rush Memory and Aging Project were approved by an Institutional Review Board (IRB) of
Rush University Medical Center. The project was performed in accordance with the Declaration of Helsinki. In
addition, subjects signed a repository consent allowing their data to be shared (related documents and requests
for data can be obtained at https://www.radc.rush.edu).

The process of isolating the nuclei from the postmortem brain tissues was previously detailed'. Briefly, the
brain tissue was homogenized at a very low temperature and incubated. The tissue was then filtered and purified
with working solutions. The nuclei were separated through spinning at high speed and counted. The sequencing
libraries were constructed with the Chromium Single Cell 3’ Reagent Kits v.2 (10 x Genomics) and sequenced
with the NextSeq 500/550 High Output v2 kits (150 cycles).

RNA abundance and cell type identification

Intronic and exonic counts were obtained using kb-python (v0.26.3), a wrapper for kallisto and bustools®>*’. First,
index file of the human genome was generated from the Ensembl human primary reference genome sequence
and gene annotation (GRCh38). Then, spliced and unspliced RNA counts were obtained by filtering barcodes
with low UMI counts and mapping reads to the index file. The counting process was performed by sequentially
running kb ref’ and kb count’ (with filter flag set) commands.

Next, we acquired a previous quality controlled list of genes, cells and cell types'. We then looked for shared
genes and cells between our filtered counts and the previously reported list. Thus, we had 65,422 cells with 16,844
transcripts (corresponding to 16,829 unique genes). These cells were then assigned to cell types, based on the
reported list, as excitatory neurons, inhibitory neurons, astrocytes, microglia, oligodendrocytes, oligodendro-
cyte precursor cells, endothelial cells, and pericytes. Endothelial and pericyte cells were subsequently excluded
because of their very low counts or absence in some subjects.

RNA velocity estimation

We used scVelo (v0.2.3)° to calculate RNA velocity. First, the cells were pulled together across all subjects, and
each cell was normalized by its total size. The normalization was applied to both spliced and unspliced counts. To
estimate RNA velocity using the stochastic method, we computed the means and variances of nearest neighbors
of cells in principal component analysis (PCA) space. Here, 100 nearest neighbors and 30 principal components
were used. Normalization and moments calculation were achieved through ‘pp.normalize_per_cell’ and ‘pp.
moments’ commands, respectively. The RNA velocity is then estimated with ‘“tl.velocity’ command (setting the
mode to ‘stochastic’).

We next sought to validate the estimated RNA velocities by examining the velocity values of the genes driv-
ing cell type-specific dynamics. We ran a differential velocity Welch’s t-test with the module ‘scv.tl.rank_veloc-
ity_genes’ and obtained the top genes (based on t-value) having cell type-specific differential velocity. We then
projected the velocities and expression values of the dynamic genes into t-SNE space to examine their variations
across cell types.

Differential expression and RNA velocity analyses

Cell type-specific gene analysis was performed with Seurat (v4.0.2)* and Presto packages in R. We performed
differential expression analysis between the control group and the AD group. Each cell was first normalized by
its total count over all genes, scaled by 10,000 and log-transformed. Using the ‘FoldChange’ command in Seu-
rat, we performed Wilcoxon rank-sum test to identify differentially expressed genes at log, (fold change) >0.25
or<—0.25. We then used the Presto package (due to its speed) to run 5000 random permutations by randomly
reassigning the subjects to either the control or AD group. The U-statistics from the permutations were used to
generate null distributions and significance p-values. We identified significant genes after adjusting for multiple
testing (q<0.05, FDR-corrected). To compare differential expression with differential velocity, the procedure
was repeated on RNA velocities to identify the dynamic genes driving the velocity difference between the control
and AD groups.

Cell speed and residual velocity estimation

First, the speed of a cell was calculated as the length of its velocity vector. Wilcoxon ranked-sum test was then
used to compare the speed between the two groups. Next, the RNA velocities of individual cells were used
to derive velocity fields in t-SNE space. For each of the groups (control and AD), we linearly interpolated
the velocity fields at the t-SNE coordinates where actual cells are missing to ensure equal number of velocity
fields for each group. We then subtracted the velocity fields at same pair of coordinates for the two groups and
obtained the z-scores of the norms of these differences. The velocity field difference of those coordinates where
the z-score > 1.96 or < —1.96 are displayed as the residuals between the two groups.

Correlation with neuropathology

In each cell type and subject, the average RNA velocity across cells was calculated for every gene. The velocities
were tested for correlation with four AD neuropathological traits*>: PHF neurofibrillary tangle density (tangles),
neuronal neurofibrillary tangle counts (NFT), overall f-amyloid load (B-amyloid), and neuritic plaque counts
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(NP). The correlations were adjusted for age, sex, and postmortem interval. Significant genes were chosen based
on FWER-corrected p-value <0.001*.

Validation in independent dataset (Dataset-2: Dorsolateral prefrontal cortex)

The droplet-based snRNA-seq data was previously generated from the dorsolateral prefrontal cortex of autop-
sied brains as described in'*, and it was downloaded from the Accelerating Medicines Partnership Alzheimer’s
Disease knowledge portal (AMP-AD; www.synapse.org, ID syn16780177). The subjects include another 12
sex-matched individuals from Orders Study (ROS) or the Rush Memory and Aging Project Study (MAP)*: 6
subjects are cognitively non-impaired with minimal AD pathology and 6 fulfill diagnoses for both pathologic
AD and clinical AD dementia.

As previously described', the brain grey matter tissue was homogenized and treated with working solution
to separate the nuclei. The isolated nuclei were then counted and filtered. The libraries were constructed and
sequenced on the 10X Single Cell RNA-Seq Platform using the Chromium Single Cell 3’ Reagent Kits v2. After
obtaining the intronic and exonic counts, genes were selected according to the gene list from Dataset-1 and the
cells were filtered using the cell list obtained from the metadata of the previous study'*. The previously reported
cell clusters were used to assign the 79,472 cells to the six cell types under consideration. We calculated the cell
type-specific RNA velocities for each subject and used Wilcoxon rank-sum test to identify the genes underlying
RNA velocity differences between the minimal AD pathology group and the pathologic/AD dementia group.

We assessed the overlap between the significant differential velocity genes in this dataset and Dataset-1.
Fisher’s exact test was used to obtain the significance of overlap (p-value <0.01 and odds ratio > 1).

Biological pathway analyses

Biological pathways were identified using EnrichR online tool to query enriched gene ontology (GO)
terms'>!® from the Gene Ontological Biological Processes 2021. The significant GO terms were selected at an
adjusted p-value <0.01 and ranked based on their EnrichR combined scores.

Comparison between single-cell and single-nucleus RNA velocities (Dataset-3)

We downloaded a previously published dataset from the Gene Expression Omnibus (GEO) (https://www.ncbi.
nlm.nih.gov/geo/, GSE135618). The dataset contains matched single cells, fresh nuclei and frozen nuclei obtained
from the microglia of two subjects4°. After preprocessing, we obtained 2988 cells, 4892 fresh nuclei, and 4019
frozen nuclei from one subject; and 3485 cells, 2593 fresh nuclei, and 5527 frozen nuclei from the other subject.
For each of the subjects, we estimated the RNA velocities across the three modalities (single cell, fresh nuclei,
and frozen nuclei) and performed within-subject comparisons of the velocity estimates.

Data visualization
Visualizations were performed using scVelo (v.0.2.3)°, ComplexHeatMap (v.2.6.2)*!, g:Profiler*?, Cytoscape App
(3.9.1)%, and STRING (v.12.0)*.

Data availability

Dataset-1 snRNA-seq and metadata are available at the AMP-AD portal (https://www.synapse.org, IDs
syn18485175 and syn3157322). Dataset-2 snRNA-seq and metadata can also be downloaded from the AMP-AD
portal (https://www.synapse.org, ID syn16780177). The raw scRNA-seq of Dataset-3 are available on the GEO
(https://www.ncbi.nlm.nih.gov/geo/, accession code GSE135618). The data on GEO is freely accessible without
registration while datasets on Synapse are available under controlled use conditions to ensure anonymity of the
study participants. Hence, data use agreement and registration are required to access Dataset-1 and Dataset-2.
ROSMAP data can be requested at https://www.radc.rush.edu.

Code availability

scVelo (v.0.2.3) and veloVI (v.0.3.0) are downloadable as python packages (see https://scvelo.readthedocs.io/
installation/ and https://velovi.readthedocs.io/en/latest/). The codes used for the analyses will be available with
article publication at https://neuropm-lab.com/other-pipelines.

Received: 22 June 2023; Accepted: 21 March 2024
Published online: 27 March 2024

References

1. Mathys, H. et al. Single-cell transcriptomic analysis of Alzheimer’s disease. Nature 570, 332-337. https://doi.org/10.1038/s41586-
019-1195-2 (2019).

2. Lau, S. E, Cao, H,, Fu, A. K. Y. & Ip, N. Y. Single-nucleus transcriptome analysis reveals dysregulation of angiogenic endothelial
cells and neuroprotective glia in Alzheimer’s disease. Proc. Natl. Acad. Sci. U. S. A. 117, 25800-25809 (2020).

3. Leng, K. et al. Molecular characterization of selectively vulnerable neurons in Alzheimer’s disease. Nat. Neurosci. 24, 276-287.
https://doi.org/10.1038/541593-020-00764-7 (2021).

4. Olah, M. et al. Single cell RNA sequencing of human microglia uncovers a subset associated with Alzheimer’s disease. Nat. Com-
mun. 11, 1-18. https://doi.org/10.1038/s41467-020-19737-2 (2020).

5. Bergen, V., Lange, M., Peidli, S., Wolf, F. A. & Theis, E J. Generalizing RNA velocity to transient cell states through dynamical
modeling. Nat. Biotechnol. 38, 1408-1414. https://doi.org/10.1038/s41587-020-0591-3 (2020).

6. La Manno, G. et al. RNA velocity of single cells. Nature 560, 494-498. https://doi.org/10.1038/s41586-018-0414-6 (2018).

7. Kanton, S. et al. Organoid single-cell genomic atlas uncovers human-specific features of brain development. Nature 574, 418-422.
https://doi.org/10.1038/s41586-019-1654-9 (2019).

Scientific Reports |

(2024) 14:7269 | https://doi.org/10.1038/s41598-024-57918-x nature portfolio


http://www.synapse.org
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://www.synapse.org
https://www.synapse.org
https://www.ncbi.nlm.nih.gov/geo/
https://www.radc.rush.edu
https://scvelo.readthedocs.io/installation/
https://scvelo.readthedocs.io/installation/
https://velovi.readthedocs.io/en/latest/
https://neuropm-lab.com/other-pipelines
https://doi.org/10.1038/s41586-019-1195-2
https://doi.org/10.1038/s41586-019-1195-2
https://doi.org/10.1038/s41593-020-00764-7
https://doi.org/10.1038/s41467-020-19737-2
https://doi.org/10.1038/s41587-020-0591-3
https://doi.org/10.1038/s41586-018-0414-6
https://doi.org/10.1038/s41586-019-1654-9

www.nature.com/scientificreports/

8. Lo Giudice, Q, Leleu, M., La Manno, G. & Fabre, P. J. Single-cell transcriptional logic of cell-fate specification and axon guidance
in early-born retinal neurons. Development 146, dec178103 (2019).
9. Couturier, C. P. et al. Single-cell RNA-seq reveals that glioblastoma recapitulates a normal neurodevelopmental hierarchy. Nat.

Commun. 11, 1-19 (2020).

10. Santiago, C. P. et al. Comparative analysis of single-cell and single-nucleus RNA-sequencing in a rabbit model of retinal detach-
ment-related proliferative vitreoretinopathy. Ophthalmol. Sci. 3, 100335 (2023).

11. Gayoso, A. et al. Deep generative modeling of transcriptional dynamics for RNA velocity analysis in single cells. Nat. Methods
https://doi.org/10.1038/s41592-023-01994-w (2023).

12. Gorin, G. & Pachter, L. Length biases in single-Cell RNA sequencing of pre-mRNA. bioRxiv 3, 100097 (2021).

13. Belonwu, S. A. et al. Sex-stratified single-cell RNA-Seq analysis identifies sex-specific and cell type-specific transcriptional responses
in Alzheimer’s disease across two brain regions. Mol Neurobiol. 59, 276-293 (2022).

14. Cain, A, et al. Multi-cellular communities are perturbed in the aging human brain and with Alzheime’s disease. bioRxiv. (2020).

15. Kuleshov, M. V. et al. Enrichr: A comprehensive gene set enrichment analysis web server 2016 update. Nucleic Acids Res. 44,
W90-W97 (2016).

16. Chen, E. Y. et al. Enrichr: Interactive and collaborative HTML5 gene list enrichment analysis tool. BMC Bioinf. 14, 128 (2013).

17. Meyer, K. et al. REST and neural gene network dysregulation in iPSC models of Alzheimer’s disease. Cell Rep. 26, 1112-1127.€9
(2019).

18. Yang, C.-P, Gilley, J. A, Zhang, G. & Kernie, S. G. ApoE is required for maintenance of the dentate gyrus neural progenitor pool.
Development 138, 4351-4362 (2011).

19. Nikolakopoulou, A. M. et al. Astrocytic Ephrin-B1 regulates synapse remodeling following traumatic brain injury. ASN Neuro 8,
1-18 (2016).

20. Kaneko, N. et al. New neurons clear the path of astrocytic processes for their rapid migration in the adult brain. Neuron 67, 213-223
(2010).

21. Ramos-Brossier, M. et al. Novel ILIRAPL1 mutations associated with intellectual disability impair synaptogenesis. Hum. Mol.
Genet. 24,1106-1118 (2015).

22. Blockus, H. et al. Synaptogenic activity of the axon guidance molecule Robo2 underlies hippocampal circuit function. Cell Rep.
37, 109828 (2021).

23. Park, H. et al. Splice-dependent trans-synaptic PTP§-ILIRAPLLI interaction regulates synapse formation and non-REM sleep.
EMBO J. 39, €104150 (2020).

24. Arendt, T. Synaptic plasticity and cell cycle activation in neurons are alternative effector pathways: The ‘Dr. Jekyll and Mr. Hyde
concept’ of Alzheimer’s disease or the yin and yang of neuroplasticity. Prog. Neurobiol. 71, 83-248 (2003).

25. Pan, X. et al. Identification of a novel cancer stem cell subpopulation that promotes progression of human fatal renal cell carcinoma
by single-cell RNA-seq analysis. Int. J. Biol. Sci. 16, 3149 (2020).

26. Maruszak, A. & Zekanowski, C. Mitochondrial dysfunction and Alzheimer’s disease. Prog Neuro-Psychopharmacol. Biol. Psychiatry
35, 320-330 (2011).

27. De Strooper, B. & Karran, E. The cellular phase of Alzheimer’s disease. Cell https://doi.org/10.1016/j.cell.2015.12.056 (2016).

28. Joseph, C. et al. Cell cycle deficits in neurodegenerative disorders: Uncovering molecular mechanisms to drive innovative thera-
peutic development. Aging Dis. 11, 946-966 (2020).

29. Lake, B. B. et al. A comparative strategy for single-nucleus and single-cell transcriptomes confirms accuracy in predicted cell-type
expression from nuclear RNA. Sci. Rep. 7, 6031. https://doi.org/10.1038/s41598-017-04426-w (2017).

30. Habib, N. et al. Massively parallel single-nucleus RNA-seq with DroNc-seq. Nat. Methods 14, 955-958 (2017).

31. Marsh, B. & Blelloch, R. Single nuclei RNA-seq of mouse placental labyrinth development. Elife 9, 1-27 (2020).

32. Wolfien, M. et al. Single-nucleus sequencing of an entire mammalian heart: Cell type composition and velocity. Cells 9, 318 (2020).

33. Adewale, Q, Khan, A. E, Carbonell, F. & Iturria-Medina, Y. Integrated transcriptomic and neuroimaging brain model decodes
biological mechanisms in aging and Alzheimer’s disease. Elife 10, €62589 (2021).

34. Khan, A. F. et al. Personalized brain models identify neurotransmitter receptor changes in Alzheimer’s disease. Brain https://doi.
org/10.1093/brain/awab375 (2021).

35. Bennett, D. A. et al. Religious orders study and rush memory and aging project. J. Alzheimers Dis. 64, S161-S189 (2018).

36. Bray, N. L., Pimentel, H., Melsted, P. & Pachter, L. Near-optimal probabilistic RNA-seq quantification. Nat. Biotechnol. 34(5),
525-527 (2016).

37. Melsted, P. et al. Modular, efficient and constant-memory single-cell RNA-seq preprocessing. Nat. Biotechnol. 39(7), 813-818
(2021).

38. Butler,A. et al. Integrating single-cell transcriptomic data across different conditions, technologies, andspecies. Nat. Biotechnol.
36, 411-420. https://doi.org/10.1038/nbt.4096 (2018).

39. Genovese, C. R, Lazar, N. A. & Nichols, T. Thresholding of statistical maps in functional neuroimaging using the false discovery
rate. Neuroimage 15, 870-878 (2002).

40. Gerrits, E., Heng, Y., Boddeke, E. W. G. M. & Eggen, B. J. L. Transcriptional profiling of microglia; Current state of the art and
future perspectives. Glia 68, 740-755 (2020).

41. Zuguang, G., Roland, E. & Matthias, S. Complex heatmaps reveal patterns and correlations in multidimensional genomic data.
Bioinformatics 32, 2847-2849 (2016).

42. Raudvere, U. et al. g:Profiler: a web server for functional enrichment analysis and conversions of gene lists (2019 update). Nucleic
Acids Res. 47, W191-W198. https://doi.org/10.1093/nar/gkz369 (2019).

43. Shannon, P. et al. Cytoscape: A software environment for integrated models of biomolecular interaction networks. Genome Res.
Genome Res 13, 2498-2504 (2003).

44. Szklarczyk, D. et al. The STRING database in 2021: Customizable protein—protein networks, and functional characterization of
user-uploaded gene/measurement sets. Nucleic Acids Res. 49, D605-D612. https://doi.org/10.1093/nar/gkaal074 (2021).

Acknowledgements

This project was undertaken thanks in part to the following funding awards to YIM: the Canada Research Chair
tier-2, the CIHR Project Grant 2020, the Weston Family Foundation’s Transformational Research in AD 2020,
the Ludmer Centre for Neuroinformatics and Mental Health 2020 award, and the New Investigator start-up grant
from McGill University’s Healthy Brains for Healthy Lives Initiative (Canada First Research Excellence Fund).
QA is partly supported by Parkinson Canada and Fonds de recherche du Québec—Santé (FRQS) Graduate
Partnership Awards, and AFK is partly funded by Parkinson Canada Graduate Student Award. In addition, we
used the computational infrastructure supported in part by the Brain Canada Foundation and Health Canada
support to the McConnell Brain Imaging Center at the Montreal Neurological Institute. Dataset-1 and Dataset-2
(ROSMAP) were provided by the Rush Alzheimer’s Disease Center, Rush University Medical Center, Chicago.
The data collection was supported through funding by NIA grants P30AG10161, P30AG72975, R0O1AG15819,

Scientific Reports|  (2024) 14:7269 | https://doi.org/10.1038/s41598-024-57918-x nature portfolio


https://doi.org/10.1038/s41592-023-01994-w
https://doi.org/10.1016/j.cell.2015.12.056
https://doi.org/10.1038/s41598-017-04426-w
https://doi.org/10.1093/brain/awab375
https://doi.org/10.1093/brain/awab375
https://doi.org/10.1038/nbt.4096
https://doi.org/10.1093/nar/gkz369
https://doi.org/10.1093/nar/gkaa1074

www.nature.com/scientificreports/

RO1AG17917, RO1AG30146, RO1AG36836, U01AG32984, U01AG46152, U01AG61356, the Illinois Department
of Public Health, and the Translational Genomics Research Institute. Dataset-3 collection was partly supported
by National Institutes of Health (NIH) awards F30 AG066418, K08 AG052648, R56 AG057528, K24 AG053435,
U54 NS100717, AG023501, AG019724, the Tau Consortium, and the Bluefield Project to Cure FTD.

Author contributions

Y.LM. and Q.A. conceived the study. Q.A. and A.EK. preprocessed the data. Q.A. analyzed the data and wrote
the manuscript, with input from Y.I.M. and D.A.B. All authors provided critical feedback and helped shape the
research, analysis, and manuscript.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-024-57918-x.

Correspondence and requests for materials should be addressed to Y.L.-M.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

Scientific Reports |

(2024) 14:7269 | https://doi.org/10.1038/s41598-024-57918-x nature portfolio


https://doi.org/10.1038/s41598-024-57918-x
https://doi.org/10.1038/s41598-024-57918-x
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Single-nucleus RNA velocity reveals critical synaptic and cell-cycle dysregulations in neuropathologically confirmed Alzheimer’s disease
	Results
	Data origin and single-nucleus RNA velocity estimation
	Static vs dynamic genetic-cell modifications underlying AD evolution
	Several RNA-velocity differences underlie AD neuropathological severity
	Cross-study validation of differential RNA velocity

	Discussion
	Methods
	Dataset-1 (Prefrontal cortex)
	RNA abundance and cell type identification
	RNA velocity estimation
	Differential expression and RNA velocity analyses
	Cell speed and residual velocity estimation
	Correlation with neuropathology
	Validation in independent dataset (Dataset-2: Dorsolateral prefrontal cortex)
	Biological pathway analyses
	Comparison between single-cell and single-nucleus RNA velocities (Dataset-3)
	Data visualization

	References
	Acknowledgements


