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Microglia orchestrate complex neurodegeration processes that drives Alzheimer’s disease (AD),
yet their transcriptional signatures remain inconsistently reported across single-nucleus RNA-seq
studies. We analyze three pre-frontal-cortex cohorts (Prater, SEA-AD, ROSMAP; ranging from
22 to 345 donors) with five differential-expression (DE) pipelines and introduce Was2CoDE — a
Wasserstein-2—based test that partitions donor-to-donor differences into mean, variance and
shape components. Three principal findings emerge. First, study design matters: the rigorously
curated SEA-AD cohort reproducibly recovers the highest fraction of literature-validated
microgha pathways, and power scales chiefly with the number of donors, not nucle1 or read
depth. Second, among DE frameworks, the matrix-factorization approach eSVD-DE delivers the
most consistent gene- and pathway-level signals across independent datasets. Third, we shed
light on the opportunity to discover underlying microglia mechanisms by analyzing differential
distributions, which 1s broader than differential mean expression. Specifically, Was2CoDE
uncovers distributional shifts missed by mean-centric tests, revealing variance-driven
dysregulation in immune and cell-motility programs and highlighting genes such as ARHGEF3,
CD9, and SASHI1 that escape standard DE thresholds. Together, these results provide
quantitative guidance for cohort design, benchmark analytic robustness and supply an
open-source tool for full-distribution inference. By integrating method, design and distributional
insights, our framework advances the search for microglia therapeutic targets in AD.
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ABSTRACT

Microglia orchestrate complex neurodegeration processes that drives Alzheimer's disease (AD), yet their transcriptional
signatures remain inconsistently reported across single-nucleus RNA-seq studies. We analyze three pre-frontal-cortex cohorts
(Prater, SEA-AD, ROSMAP; ranging from 22 to 345 donors) with five differential-expression (DE) pipelines and introduce
Was2CoDE — a Wasserstein-2—based test that partitions donor-to-donor differences into mean, variance and shape components.
Three principal findings emerge. First, study design matters: the rigorously curated SEA-AD cohort reproducibly recovers the
highest fraction of literature-validated microglia pathways, and power scales chiefly with the number of donors, not nuclei or
read depth. Second, among DE frameworks, the matrix-factorization approach eSVD-DE delivers the most consistent gene-
and pathway-level signals across independent datasets. Third, we shed light on the opportunity to discover underlying microglia
mechanisms by analyzing differential distributions, which is broader than differential mean expression. Specifically, Was2CoDE
uncovers distributional shifts missed by mean-centric tests, revealing variance-driven dysregulation in immune and cell-motility
programs and highlighting genes such as ARHGEF3, CD9, and SASH1 that escape standard DE thresholds. Together, these
results provide quantitative guidance for cohort design, benchmark analytic robustness and supply an open-source tool for
full-distribution inference. By integrating method, design and distributional insights, our framework advances the search for
microglia therapeutic targets in AD.

Introduction

Microglia are increasingly recognized as pivotal players 1n the progression of Alzheimer’s disease (AD), positioning them
as promising therapeutic targets'. In AD, microglia release inflammatory mediators that disrupt neuronal and glial function,
lose their neuroprotective roles, and aberrantly phagocytose synapses and neurons. Additionally, experimental models suggest
microglia facilitate tau protein spread and serve as primary mediators of amyloid-beta (Af) clearance, including reductions
achieved through antibody-based immunotherapies. However, microglia’s diverse and intricate functions still need to be better
understood, complicating efforts to develop targeted therapeutics. Understanding the transcriptomic phenotypes underlying
these dynamic microglia states 1s crucial for advancing therapeutic strategies to address neuroinflammation in AD.

One major challenge in studying microglia in AD 1s obtaining detailed transcriptomic data from human brains. Traditional
bulk RNA sequencing methods of brain tissue cannot reliably detect microglia-specific transcriptional differences between
AD and non-AD donors, since microglia are much smaller 1n size than neurons and represent a much smaller percentage
of cell types compared to other brain cell types. Compounding this difficulty, factors such as post-mortem intervals and
individual variability further complicate analyses. Single-nucleus RNA sequencing has emerged as a powerful tool to enrich
microglia nucle1 from AD and control brain samples, enabling a deeper examination of microglia molecular phenotypes. This
approach has provided valuable 1nsights into the gene networks and regulatory pathways driving these transcriptomic changes.
Investigating differential expression within microglia offers a promising avenue to uncover pathways and regulatory networks
critical to AD pathology, paving the way for more precise therapeutic interventions. However, two major limitations of existing
single-nucle1 workflows remain, both of which constitute the main focus of this paper.

First, although numerous differential expression (DE) methods have been developed, each method 1s grounded 1n distinct
statistical and computational frameworks”. There is a lack of consensus regarding whether or not these methods should yield
consistent biological insights, particularly as the number ot donors 1n the cohort expands. A critical distinction among these
methods lies in how they model how nuclei from the same donor have more similar transcriptomic profiles than nuclei from



different donors. For example, NEBULA employs a negative binomial mixed model to account for donor covariates’, while
eSVD-DE uses matrix factorization to pool information across genes and remove confounding effects*. Alternatively, bulk
RNA sequencing methods such as DESeq2” and edgeR® can be adapted to single-nuclei data through pseudo-bulking, where
nuclei from each donor are aggregated’. Although larger cohorts theoretically improve the accuracy of these methods, this
statistical intuition remains underexplored. Moreover, the scientific challenge of human variability translates into statistical
complexity, as factors such as age, sex, and post-mortem interval must be caretully adjusted 1n sparse single-nuclei1 data—a
nontrivial task when variability is high across donors. While studies such as® have computationally benchmarked various DE
methods, these (1) have not been extensively studied for complex settings among large cohorts of human donors, and (2) did not
tease apart what aspects of an experimental design or statistical analyses would yield more result in more generalizable findings.

Second, another limitation of existing differential expression methods 1s their focus on differential mean expression,
which may overlook other biologically relevant patterns. For instance, differences in gene expression variance may retlect
underlying dynamics of cellular coordination or variation in cell-state composition among donors. Such patterns could i1lluminate
protective mechanisms or unique phenotypic traits in specific donor subsets. While the IDEAS framework” represents a step
forward by considering broader distributional differences, i1t remains unclear how its approach integrates with methods focused
on differential mean expression. There 1s a pressing need for a comprehensive framework synthesizing findings from diverse
differential expression methods to provide more nuanced biological insights. This unification is particularly vital for microglia,
where understanding the transcriptomic diversity could unlock new therapeutic pathways tor AD.

In this study, we systematically evaluate the performance and consistency of multiple ditferential expression methods
across varying cohort sizes using single-nucleus RNA sequencing data from human microglia in AD. Using three well-
characterized single-nucleus RNA-seq cohorts of human pre-frontal microglia (Prater, SEA-AD, and ROSMAP), we (1)
disentangle how experimental design factors—donor sample size, nucle1 depth, and sequencing depth—govern cross-dataset
reproducibility of mean-centric DE pipelines; (2) benchmark four representative DE frameworks (DESeq2”, NEBULA”,
eSVD-DE?, edgeR6, and MAST'Y) to 1dentity the method that yields the most generalizable signals; and (3) introduce
Was2CoDE, a Wasserstein-2—based decomposition that partitions donor-to-donor transcriptional differences into orthogonal
mean, variance, and shape components, thereby exposing biologically meaningtul distributional shifts missed by conventional
tests. By coupling systematic down-sampling experiments with cross-cohort validation against an external silver-standard gene
set, we provide quantitative guidance on where to invest experimental resources and demonstrate that integrating mean-based
and distribution-based analyses delivers a more comprehensive picture of microglia dysregulation in AD.

Results

Single-nuclei RNA-seq Microglia Data Acquisition

We first describe the different datasets of microglia that we investigate in this paper, each of single-nucle1 RNA-sequencing data
of frozen post-mortem tissue from the prefrontal cortex (PFC) brain region but have different experimental characteristics. This
allows us to better compare our differential expression results across datasets while investigating how the number of donors or
nucle1 influences different statistical methods. The microglia samples for this study were obtained from three datasets: Prater et
al. (2023)!, the SEA-AD cohort'!, and the ROSMAP cohort!?. Each dataset comprises a cohort of donors diagnosed with
Alzheimer’s disease based on the donor’s neuropathology (i.e., “cases™) and a control group of cognitively normal individuals
(1.e., “‘controls™).

Figure 1 highlights the key summary statistics of each dataset, and we highlight some key distinctions across the datasets:

e The dataset from Prater et al.! consists of 22 donors (12 cases, 10 controls). The donors were recruited through the
Neuropathology Core of the Alzheimer’s Disease Research Center at the University of Washington. This study used
fluorescence-activated nucle1 sorting (FANS) using the myeloid-specific transcription factor PU.1 to enrich microglia
nuclei from flash-frozen post-mortem tissue from the PFC (specifically the dorsolateral prefrontal cortex). This 1s
demonstrated 1n Figure 1, where we see a substantially higher number of microglia per donor than i1n other datasets in
this paper. We refer to this dataset as the “Prater dataset.”

e The SEA-AD (Seattle Alzheimer’s Disease) dataset!! consists of 80 donors (59 cases, 21 controls). The donors were
recruited via the Adult Changes in Thought (ACT) study, a community cohort study of older adults from Kaiser
Permanente Washington and the University of Washington Alzheimer’s Disease Research Center (ADRC). This study
also used FANS to 1solate nucle1, with a focus on a 70% neuron to 30% non-neuronal nuclei ratio from fresh frozen
tissue of the PFC (specifically, the dorsal frontal cortex) to better capture non-neuronal populations like microglia. The
nuclei, including the microglia, in this paper were labeled via scANVI'?, a label-transfer method based on a neurotypical
reference brain from the BRAIN Initiative Cell Census Network (BICCN). Compared to the other datasets 1n this paper,
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Figure 1. Overview of the three snRNA-seq datasets to study Alzheimer’s disease (AD) research: Prater et al. (2023)!, SEA-AD'!,
and ROSMAP!?. UMAP visualizations (top) display the transcriptional profiles from the three datasets, with nuclei colored by donor AD
pathology status (purple: donors with AD pathology; yellow: donors without AD pathology). Dataset characteristics are shown (middle),
including total nucle1 count, mean nucle1 per donor, sequencing read depth, and number of donors. Demographic distributions are shown
(bottom), stratified by case-control status, showing gender composition (male/female), APOE4 mutation carrier status (Yes/No), and age at
death (<70, 71-85, >86 years) for each cohort, and the range of post-mortem interval (PMI). The datasets demonstrate varying scale and
donor characteristics: Prater et al. (2023)! features deep cellular profiling (5,764 nuclei/donor) from 22 donors; SEA-AD comprises moderate
coverage (496 nuclei/donor) across 80 donors; and ROSMAP provides broad donor sampling (345 donors) with targeted cellular profiling
(186 nuclei/donor).

this study has a high number of microglia per donor, given the modestly large number of donors.

e The ROSMAP dataset'? consists of 345 donors from the ROSMAP study'* (192 cases, 153 control). This study combines
two community-based studies: the Religious Orders Study (ROS), which recruits nuns, priests, and brothers from across
the United States, and the Rush Memory and Aging Project (MAP), which targets the general population primarily from
northeastern Illinois. This study sequenced the fresh frozen post-mortem tissue from the PFC, and the microglia were
labeled based on the gene expression of immunological markers such as CSF1R, CD74, and C3. Compared to the other
datasets 1n this paper, this study has the highest number of donors and average sequencing depth per microglia.

Investigating the relationship between the number of donors and agreement between methods

Equipped with these datasets, we start our investigation on the first primary analyses in this paper — as cohorts recruit more
donors, do different statistical methods result in more similar findings? This hypothesis 1s rooted 1n statistical theory, where
many mathematical analyses across the statistics field show that the distinction between different estimators 1s driven by
statistical power>~'7. That is, certain methods can find meaningful patterns before others when used on the same dataset thanks
to clever statistical “tricks” to better use the data. Theretore, we wonder 1f this premise 1s similar for differential expression from
cohort-level analyses. In particular, 1f the distinction between NEBULA and eSVD-DE 1s primarily an 1ssue of statistical power,
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Figure 2. Comparison among datasets and statistical methods: Results are shown for three datasets (Prater, SEA-AD, and ROSMAP),
analyzed using three statistical methods (NEBULA, DESeq2, and eSVD-DE). Each scatter plot displays signed -logo (p-values) between
pairs of methods, with correlation coefficients at the top of each panel. Each point is a gene. The directionality of sign of the -logg p-value 1s
based on sign of the log-fold change (1.e., the expression of case donors minus control donors). The more a gene’s signed negative logj
p-value deviates from O (1.e., has a large magnitude), the more significant that gene 1s deemed to be differentially expressed between cases
and controls. The solid orange line denotes leading the principal component in the respective plot. The dotted lines denote the multiple
testing threshold on a log scale, and the purple regions denote genes that cross the multiple-testing threshold in both methods. We report the

ratio between the number of significant genes detected by both methods over the number of significant genes detected by either method
(“Overlap”).

then, conceptually, 1f the cohort size were large enough, then the choice of which method 1s used would be moot since any
sensible method would find similar findings. If true, our finding would dramatically enhance existing cohort-wide scRNA-seq
analysis workflows — this would demonstrate that recruitment of donors would have a much more substantial impact on the
biological findings than the choice of computational workflow.

We set out to investigate this hypothesis by performing DESeq2 with pseudobulking, NEBULA, and eSVD-DE on each
dataset, and we observe that the findings across different methods generally become more correlated as the number of donors
increases. While our primary analyses focus on the three methods, we also perform edgeR and MAST and selectively showcase
it when 1t aids 1n the interpretation. Figure 2 shows our results, where each scatter plot displays the pairwise comparisons
of the signed negative log g p-values between any two methods analyze the three datasets: the Prater dataset, SEA-AD, and
ROSMAP. Our results generally demonstrate a trend that more donors result in a higher correlation 1n p-values. We make two
initial observations. First, many methods agree on the directionality of the LFC. Second, the correlation between DESeq2 with
pseudobulking and NEBULA 1s quite high, often deeming many of the same genes significantly differentially expressed between
cases and controls. NEBULA shows consistently high correlation with DESeq2 (Pearson correlation = 0.92-0.96), while
correlations between other method pairs are more moderate (Pearson correlation = 0.53-0.71), suggesting strong agreement
between NEBULA and DESeq2 methodologies across different datasets. Finally, we note that the correlation between the
methods’ estimated LFC 1s often higher than the correlation between the methods’ signed negative logg p-values.

We also noted that the original analysis of the microglia in the ROSMAP by Sun et al. (2023)'? discovered 1,542 DE
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genes via MAST, but our analysis using DESeq2 and NEBULA yielded no DE genes. To understand this discrepancy between
our analysis and the original analysis, we applied MAST on the ROSMAP data in two ways, where we adjust for the same
covariates as we have discussed. We observed that when we applied MAST disregarding the donor hierarchical structure (1.e.,
comparing all the nucle1 from any case donor to all the nucle1 from any control donor), we find 1,457 DE genes (FDR <
0.05). This set highly overlaps with the DEs 1nitially reported in Sun et al. (2023). However, when we applied MAST where
we account for which nucle1 originates from which donors via random effects in the intercepts, there were no DE genes that
passed the multiple-testing threshold. This fact demonstrates the necessity to account for donor structure in future differential
expression testing for snRNA-seq data. By properly accounting for the donor structure, we surmise that the number of donors
1s what drives the statistical power, not the number of nuclei. However, since our analysis on ROSMAP seemed to have less
statistical power than on SEA-AD, we dive deeper 1nto this premise in remainder of the paper to understand the nuances of this
premise.

Overall, the comparison of differential expression analysis methods reveals a high correlation between NEBULA and
DESeq?2 1n their results across multiple datasets, suggesting that both methods consistently capture overlapping gene expression
patterns. However, although the ROSMAP cohort has the highest number of donors, there 1s less agreement between methods
when compared to the SEA-AD cohort. Furthermore, DESeq2 and NEBULA are not able to find any significant genes in the
ROSMAP cohort. In the following sections to come, we 1nvestigate the drivers of these findings—what considerations about
the experimental design or statistical analysis enable more generalizable findings?

Investigating experimental design considerations that yield more generalizable findings

A challenge in snRNA-seq studies 1s that lists of differentially expressed (DE) genes often diverge from one dataset to the
other. Much of this variation stems from diverse design choices — brain-region sampling, donor composition, nuclei-per-donor,
library chemuistry, or sequencing depth—that distinguish among different snRNA-seq experiments that investigate the role ot
microglia in AD. These design choices can influence which genes appear DE, sometimes more than the downstream statistical
method itself. Our goal 1n this section 1s therefore to 1dentify which experimental designs yield DE results that most faithfully
reproduce external, independently validated microglia signatures regardless of which method those DE results come from. A
design that recovers known biology across methods 1s likely to support findings that generalize to future cohorts.

We assessed the extent to which the DE results from each of the four methods — DESeq2, eSVD-DE, NEBULA, and
edgeR — agree with the gene-level findings from a silver-standard gene set. Specifically, to construct this silver-standard gene
set to be maximally stringent, we retained only the genes in both lists —the “Mathys & Zhou” (MZ) intersection, comprising n
=72 genes which are enriched for 123 GO terms, as an external benchmark. These two papers'®!” were used in the HuMicA?"
analysis that constructs a microglia atlas across many neurodegenerative diseases, more than specifically AD. We will call the
genes and pathways derived from & Zhou as the MZ genes and MZ pathways, respectively, which focuses on AD. Because part
of the ROSMAP cohort was also profiled in the Mathys study, any gene or pathway that appears only 1n Mathys’s could be
replicated in ROSMAP simply by shared individuals. By construction, even though ROSMAP and Mathys share participants,
only those genes that also reached significance in Zhou — a completely separate cohort — enter our evaluation. Restricting to the
intersection ensures that every retained gene has been replicated across at least two discovery cohorts, thereby neutralizing this
source of confounding.

We first asked whether the MZ pathways are reproducibly recovered across three AD datasets—Prater, SEA-AD, and
ROSMAP—regardless of the DE algorithm applied (DESeq2, NEBULA, eSVD-DE, or edgeR). For each dataset—method
combination, we 1nvestigated the subset of MZ genes 1dentified as DE (FDR < 0.05) and recorded whether the corresponding
MZ pathways were deemed significant. Across the 123 MZ pathways, SEA-AD reproduces 37 pathways (30.1%), whereas
ROSMAP and Prater recover only 11 (8.9%) and 18 (14.6%) pathways, respectively. Notably, none of the MZ pathways were
detected across all three datasets, while 44 pathways (35.8%) were found 1n at least one dataset, and 79 pathways (64.2%)
were not detected 1n any dataset. Within each dataset, we examined method-specific performance and tound that SEA-AD
consistently 1dentified more MZ pathways regardless of the method used (32 to 38 pathways). In contrast, method performance
varied more 1n the Prater and ROSMAP datasets, with eSVD-DE showing the highest detection in both (8 and 12 pathways,
respectively). To provide a method-agnostic view of each dataset’s performance, we also tested for enrichment of the MZ gene
list using Fisher’s exact test on the DE gene sets derived from each method and summarized the resulting p-values. Further, we
compared gene set enrichment results from DESeq2 and eSVD within the SEA-AD and ROSMAP datasets (Figure 3A,B). In
SEA-AD, DESeq2 and eSVD showed strong agreement (Pearson correlation = 0.96), with many of the 80 MZ pathways (out
of 3097 total tested) jointly detected as significant and concentrated in the top right quadrant, indicating concordant results.
In contrast, the ROSMAP dataset demonstrated weaker agreement (Pearson correlation = 0.75), with only 79 MZ pathways
evaluated and fewer showing consistent significance across methods. Many MZ pathways in ROSMAP were marginally
significant or uniquely detected by one method, suggesting a greater degree of method-specific variability 1n this dataset.
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Figure 3. Comparison of different methods on one dataset: (A) and (B): scatter plots comparing signed -log p-values from DESeq?2
(x-axis) and eSVD (y-axis) for pathway-level GSEA results in the SEA-AD and ROSMAP datasets, respectively. Each dot represents a GO
pathway, with values signed according to the direction of enrichment. Red dots represent the MZ pathways. The MZ pathways are labeled 1n
red. The remaining plotting aesthestic follow Figure 2. (C): Fisher’s exact test results quantifying enrichment of significant pathways in the
MZ. pathways, stratified by method and dataset. Bars show -log;g p-value for each test. (D): Heatmap showing occurrence of four
representative MZ genes (rows) across datasets (columns) within pathways 1dentified as significant by any method. The color intensity
corresponds to the number of pathways containing the gene.

To quantify the amount of overlap across the three cohorts, we used Fisher’s exact test at both the gene and pathway
levels: first comparing each method’s FDR-significant genes with the 72 Mathys—Zhou (MZ) Alzheimer’s-microglia genes, and

then assessing enrichment of each method’s significant pathways within the MZ pathway set (Figure 3C). At the gene level,
SEA-AD displayed the strongest concordance: eSVD-DE achieved a 6.0-fold enrichment (p = 1.0 x 10~°), while NEBULA

and DESeq2 reached 3.0-fold (p = 1.0 x 107°) and 1.8-fold (p = 1.6 x 10~?) enrichment, respectively. ROSMAP showed
a weaker signal: eSVD-DE reached 2.5-fold enrichment (p = 3.0 x 1072), whereas NEBULA returned no FDR-significant
overlap and DESeq2 was non-significant (p = 1). Prater otfered little concordance, with eSVD-DE showing a log10 enrichment
of only 0.36 (p = 0.43) and both NEBULA (p =0.91) and DESeq2 (p = 1) essentially null. The same hierarchy emerged at
the pathway level: eSVD-DE produced the strongest —log;o p-values, reaching 5.9 in SEA-AD, 2.3 in ROSMAP, and 0.6 1n
Prater, whereas DESeg2 and NEBULA showed only modest enrichment in SEA-AD and ROSMAP and negligible signal in
Prater. Collectively, these results reveal two clear patterns. First, eSVD-DE consistently outperforms NEBULA and DESeqg2 1n
recovering AD-relevant microgla signatures. Second, recovery 1s highly dataset-dependent, with SEA-AD providing the most
conducive experimental context, ROSMAP intermediate, and Prater the least—underscoring the pivotal role of study design in
rediscovering the MZ pathways.

Our analysis of the top MZ pathways revealed three distinct functional groups across datasets. The first group, comprising
immune regulation pathways such as regulation of leukocyte proliferation (GO:0070663) and B cell activation (GO:0042113),
was detected strongly 1in both SEA-AD and Prater (4 detections each) but absent in ROSMAP. The second group, including
cell signaling pathways such as cellular response to cytokine stimulus (GO:0071345) and positive regulation of cytokine
production (GO:0001819), was consistently detected in SEA-AD (4 detections each) with variable presence 1n the other datasets.
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The third group contained cell migration and motility pathways, including cell migration (GO:0016477), regulation of cell
motility (GO:2000145), and regulation of locomotion (G0O:0040012), which showed balanced detection between SEA-AD and

ROSMAP.

Of the 72 Mathys-Zhou (MZ) genes that recur across datasets, four—CX3CRI1, HSPAIA, SLCI11A1, and SPPI—are
consistently differentially expressed in Prater, SEA-AD, and ROSMAP, each long associated with microglia activation or
stress responses 1n neuro-degeneration. These genes populate many of the top GO terms we recover: 1n SEA-AD they appear
in 26 of the 38 reproduced MZ pathways, spanning immune-activation (e.g. chemokine-mediated signalling, GO:0070098),
stress-response (protein refolding, GO:0042026), and phagocytic modules (phagosome organisation, GO:1904874); their
coverage drops to roughly half that number in ROSMAP’s 12 significant pathways and still further in Prater’s 11. To probe
the microglia programme more deeply, we next tallied the genes most frequently encountered within a curated subset of
immune-related pathways (Figure 3D), identitying GPNMB, SLAMF1, CSF 1, and CARD|1 1 as the four dominant drivers. In
SEA-AD these genes are richly represented—SLAMF I appears 1n 24 significant pathways, CSF/ in 21, GPNMB 1n 17, and

CARDI11 in a comparable number—whereas their presence in ROSMAP 1s sparse and 1n Prater largely absent. Together, the two
four-gene panels reinforce the same message: SEA-AD offers the most faithtul recovery of canonical microglia biology across
analytic methods, while ROSMAP and especially Prater provide progressively weaker and more method-dependent signals.

Our comparative analysis demonstrates that experimental design impacts the reproducibility and generalizability of
findings 1n microglia genomics. Among the datasets we’ve analyzed, the SEA-AD dataset consistently outperformed other
experimental designs 1n detecting validated microglia pathways across all analytical methods. This enhanced performance
was not method-dependent but rather a direct consequence of robust experimental design choices. Future studies investigating
microglia biology in neuro-degenerative diseases should adopt design principles similar to those employed in SEA-AD. Building
cohorts along these lines will make downstream analytic choices less pivotal and yield DE findings that translate more reliably
across laboratories, technologies, and disease contexts.

Investigating statistical methods that yield more generalizable findings

Another 1nterest 1s to evaluate which statistical methods produce findings that are most consistent across independent datasets.
Employing methods that yield consistent results across diverse datasets reduces the likelihood that conclusions are driven
by cohort-specific artifacts, since therapeutic hypotheses build on scientific findings. Our assessment was predicated on two
fundamental criteria: (1) methodological robustness should manifest as correlated statistical outcomes between independent
datasets, and (2) effective methods should consistently identify established biological signals regardless of dataset origin.
We examined the correlation of significance values (-logio p-values) between datasets for each method. Beyond technical
reproducibility, we evaluated biological relevance by comparing the MZ genes and pathways 1dentified as previously described.
Using Fisher’s exact test, we quantified the enrichment of the overlapping significant genes within literature-validated gene sets.

eSVD-DE demonstrated substantially higher correlation coetficients across the three datasets compared to DESeq2 and
NEBULA, suggesting greater consistency in detecting differential expression signals more broadly. Our pathway analysis
revealed several key Alzheimer’s disease mechanisms identified by eSVD-DE 1n both datasets that were not detected by
either DESeq2 or NEBULA. We compared pathway-level enrichment results derived from the eSVD-DE method between the
Prater and SEA-AD cohorts (Figure 4A) and observed a moderate correlation 1n statistical significance across datasets, with a
substantial number of pathways found to be significant in both (Pearson correlation = 0.53), indicating that many biological
signals are preserved despite differences in cohort characteristics. The gene-level statistics also exhibited moderate cross-dataset
correlation (Pearson correlation = 0.33). Furthermore, pathways found to be significant in both datasets were strongly enriched
for those reported in prior literature, with a Fisher’s exact test yielding a p-value of 5.7 x 107 These findings suggest that the
eSVD-DE approach captures signals that generalize across datasets despite differences in cohort composition and technical
processing.

Fourteen immune-related GO pathways are captured by eSVD-DE 1n at least two dataset-pairs, whereas no other
method surpasses one hit for most of them. The list includes key proliteration terms—regulation of leukocyte proliteration
(GO:0070663), B-cell activation (GO:0042113), regulation of mononuclear- and lymphocyte-cell proliferation (G0O:0032944,
GO:0050670)—as well as broader programmes such as positive regulation of gene expression (GO:0010628) and regulation
of immune-system process (GO:0002682). Motility-oriented pathways, such as cell migration and 1ts regulatory variants
(GO:0016477, GO:0030334, GO:0040012, GO:2000145), and cytokine-centric terms (GO:0001817, GO:0001819) crossed the
multiple-testing threshold. For every one of these 14 pathways, eSVD-DE detects each one in two different datasets, indicating
reproducible detection 1n at least two of the three cohort comparisons. By contrast, DESeq2 and edgeR reach a count of two 1n
only a handful of cases, and NEBULA drops to one (or zero) for most pathways. The pattern 1s clearest in the two key terms —
regulation of leukocyte proliferation and B-cell activation — where eSVD-DE, DESeq2, edgeR, and NEBULA each score two

717



A) Prater v.s. SEA-AD (Corr: 0.53, Fisher p-value: 7.31e-50) B) eSVD-DE: Significant Genes Across Datasets

10 I GO:0031347 o o.*v-" | 9 09, y 4
! eOS002700%g Ty @ Go:0042110
| L’O‘OD“N:Q GO:0045087 | @ /,/” "-‘ 118
! GO:0030101 ® $0:0002831
| J )o l G0:0050852 GO:p045088 0:0046631 @ |
G0:0009967 GO 0030098 2 /
. O™NQO02443 ® ) /
l - ® e 60:0032943
[ G0:0001909 @ GO:0051340 < "’ngoo,ﬁf)z,oognoo7oag %046651
S ‘ G0:0002683 .. o o° & %® 3
l °e S, . . G0:0001934  GO:0042327
=) | ® o "o Hi"e Po §°
S | ‘Boagh osacaee o 274
=) (SO NN N - balle™d o °_
8) : & = & @ o GO:0015718
= : | "y ‘ ‘&‘i. q" :: o o @
© e, G0:0051604
8 0 O:190560¢ ‘ B 7 N a. ® ROSI\/]AP
% ..,"- ‘.'3\-: Y 1. {4 |£ * o ACSL1, ALOX15B, CD163, CKB, CLEC5A, CPM,
e " 12 9% ( A . T CX3CRT1, DPYD, FLT1, FMN1, IQGAP1, MITF,
_____ ® sttt e le———=————_. | MTND3, MYO1E, NHSL1, PDE4B, PER3, PTPRG,
~ I?
cogoofeio 1Ty, "o 8 N o%e . TGFBI, TPRG1, UCHL1, ZBTB16
| 2 e et (R PN PR
GO:00423%,. 1000177 / e, G0:0019730 |
" ee V co1svosesy ° 2 —— e
P So-005pds 3Q0070098 _C0:0061844 C) DESeq2: Significant Genes Across Datasets
G0:0099537 J G0:1990869 |
0099536 / I GQ:0048247 I e |
| |
0098916 : :
GO:OOQI{B | ! e A
4 ' ' LISV SC
P 4 | | i '
' 4 ! ! | 3,5“ / 64
‘1 O s ! .
6 -3 0 3 6 4
1= signed -log10(p) T ROSMAP

Figure 4. Cross-dataset reproducibility of pathway- and gene-level findings: (A): Scatter plot comparing signed -log;o p-values of
gene set enrichment results from the eSVD-DE method across the Prater and SEA-AD datasets. Each point represents a GO biological
pathway; red points indicate pathways significant (FDR < 0.05) 1n at least one of the two datasets. The remaining plotting aesthestic follow
Figure 2. (B): Venn diagram of genes found significant by eSVD-DE across the Prater, SEA-AD, and ROSMAP datasets. The intersection

includes 22 genes consistently 1dentified in all three datasets; IL15, GPNMB, CARDI11, and SLC11A1 are labeled in white. (C): Venn diagram
showing DESeq2-derived significant genes across the same datasets.

hits, yet only eSVD-DE maintains that performance across all remaining pathways.

We narrowed the top 20 MZ pathways that are consistently found significant across datasets to 11 immune-related
pathways that govern leukocyte proliferation, cytokine production, and cell motility, then interrogated how reliably DESeq2,
eSVD-DE, and NEBULA reproduced these gene—pathway signals 1in Prater, SEA-AD, and ROSMAP. For every pairwise dataset
comparison we extracted the genes shared by a pathway 1n both datasets and tallied how many times each gene recurred 1n the
three possible overlaps (1.e., between Prater and SEA-AD, Prater and ROSMAP, or SEA-AD and ROSMAP). IL15 emerges as
the most reproducible, appearing in 8 of 9 data set pair overlaps - six from eSVD-DE and one each from DESeq2 and NEBULA
- and participating in six of 11 tracked immune pathways, including regulation of leukocyte proliteration (GO:0070663) and
regulation of mononuclear-cell proliferation (GO:0032944). Its strongest support appears in Prater (eSVD-DE p =4.2 x 107/,
DESeq2 p =9.3 x 107>, NEBULA p = 1.4 x 107>). GPNMB is recovered in six overlaps (four via eSVD-DE) and maps to
four of the same immune pathways (eSVD-DE p = 1.2 x 107° and 1.3 x 10~%) but not in ROSMAP. Of the MZ genes, only
CARDI1 and SLCI11A1 are detected, both uniquely captured by eSVD-DE; CARDI I reached p = 1.2 x 107 in SEA-AD,
while SLC11AI peaked in ROSMAP (2.2 x 10~ /), potentially reflecting dataset-specific microglia activation uniquely captured
by eSVD-DE.

At the gene level, we examined the overlap of significant findings across Prater, SEA-AD, and ROSMAP. Using
eSVD-DE, we 1dentified 22 genes that were consistently significant across all three datasets (Figure 4B). We also highlighted
the genes we tound (IL15, GPNMB, CARDI11, and SLC11A1) in this set which are implicated 1in neuroinflammatory processes
and Alzheimer’s pathology. In contrast, DESeg2 did not produce overlapping gene-level findings, with the vast majority of
significant genes being unique to a single dataset (Figure 4C). This limited reproducibility underscores the method’s sensitivity
to cohort-specific noise and its reduced capacity to identify consistent biological signals across heterogeneous single-nucleus
RNA-seq datasets.

Based on these multiple lines of evidence, our findings suggest that eSVD-DE may be particularly well-suited for

capturing subtle but biologically meaningtul transcriptional changes associated with complex neurodegenerative processes
when compared to comparable statistical methods. These include a higher cross-cohort agreement in signed negative log;g
p-values, higher recovery of immune-motility pathways 1n at least two datasets, and consistency of rediscovering key genes.
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This enhanced generalizability 1s pivotal 1n the context of single-nucle1 RNA-sequencing of human brain tissue, where biological
and technical variability can often obscure true disease-associated signals.

Downsampling experiment to isolate the impacts of experimental design and statistical method

Based on our findings in the previous sections, we now 1nvestigate which experimental considerations contributed the most to
the power of the statistical method. This gets to the heart of our investigation — when future researchers design new snRNA-seq
analyses of microglia to study AD, what 1s the “most important™ aspect to consider? Is it more important to prioritize recruiting
more post-mortem donors 1nto the study design, obtaining more nuceli per donor, or sequencing each nucleir more deeply? This
1s critical question to investigate due to the costly nature of snRNA-seq experiments.

To appreciate the different experimental design aspects that contribute to the power of statistical analysis, we performed
an in silico downsampling experiment across all three datasets. For each dataset, we varied the number ot nucle1 per donor,
the sequencing depth per donor, and the number of donors across 10 different levels across 10 trials. Specifically, when
downsampling the number of nuclei per donor, we uniformly at random sampled nucle1 per donor 1t that donor contributed
more nuclei than the desired amount. When downsampling the sequencing depth per nuclei, we proportionally reduced the
read count for each nucle1 across all the genes, 1njecting minimal randomness as needed to break ties when needed. When
downsampling the number of donors, we uniformly at random sampled donors based on sex and case-control status to preserve
the balance between AD and non-AD donors jointly with the balance between the donor sexes. We hold the other aspects fixed
whenever downsampling one aspect.

Overall, we found that the number of donors was biggest contributor to statistical power, followed by the number of
nucle1 per donor, and that the loss of power was more gradually reduced using eSVD-DE when compared to DESeq2 and
NEBULA. Our findings are shown 1in Figure 5, which shows the percentage of DE genes tound 1n each in silico downsampled
dataset, relative to the original number of DE genes found 1n that dataset-method combination. Focusing on eSVD-DE, we
notice that in the SEA-AD dataset, the number of DE genes dropped by roughly halt when there are only 22 donors (as
opposed to the original 80 donors), and in the ROSMAP dataset, likewise, by roughly a quarer when are only 22 donors
(opposed to the original 345 donors). Notably, the standard error bars 1s considerably larger when downsampling donors
compared to downsampling the other two aspects. Overall, our findings demonstrate that regardless ot which statistical method
1s used, the number of donors drive the majority of the statistical power. Relating back to Figure 2, we suspect the reason that
SEA-AD recovered more DE genes compared to ROSMAP despite having not as many donors 1s primarily driven by the donor
recruitment. We expand upon this point in more detail in the Discussion.

Investigating changes beyond changes in mean expression

While all of our analyses above tocused on differential mean 1n gene expression (1.€., a statistical difference in the average
gene expression between case and control donors), we also explore if there are differential variance 1in gene expression (1.€., a
statistical difference 1n the variance of gene expression between case and control donors). This investigation stems from recent
scRNA-seq analyses that found that gene coordination decreases as cells age”' . Regarding AD, we hypothesize that donors
with AD pathology have microglia that “age faster” or undergo accelerated disorganization®®. This can statistically manifest as
donors with AD pathology have a higher variance in certain genes than donors without AD pathology.

Building on IDEAS”, an established method for testing differential distributions between donor groups, we extend the
method by incorporating a Wasserstein-2 distance decomposition that partitions inter-donor gene-expression differences into
mean, variance, and distributional-shape components, thereby providing a more nuanced analysis than traditional mean-centric
approaches. The Wasserstein-2 distance 1s a mathematical tool that measures distributional differences between gene expression
profiles. This approach offers a more holistic approach to analyzing genomic differences between biological samples. Unlike
standard differential expression (DE) methods that focus primarily on mean ditferences, the Wasserstein-2 distance considers
the entire distribution of gene expression levels. This comprehensive perspective enables the detection of subtle yet biologically
significant changes that might be overlooked when only mean values are compared. We use an exact decomposition of
Wasserstein-2 distance to investigate whether changes in mean, variance, or shape of the gene expression distributions drive the
differences among donors:

 Mean Differences: Suggest repression or activation of pathways (typically the focus of most studies),
* Variance Differences: Suggest changes 1in gene coordination,
* Shape Differences: Suggest alterations 1n cell state composition.

This decomposition 1s pivotal as it allows us to dissect the specific factors contributing to the observed differences in gene
expression distributions. The differential mean component reflects changes in the average expression levels of genes, indicating
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Figure 5. Downsampling of the datasets, based on number of nuclei per donor, sequencing depth, or number of donors: (A): The
number of nucle1 per donor 1s downsampled from a range starting from the maximum of number of nucle1 across any donor to the small
median sequencing depth across the three datasets (186). The y-axis represents the percentage of DE genes found relative to the DE genes
found in the original analysis of that dataset (i.e., no downsampling), where the value denoted 1s the median percentage across 10 trials, with
error bars based on by £IQR /2 (inter-quantile range). We only applied eSVD-DE to the ROSMAP dataset since there were no DE genes
discovered 1n the original analysis for DESeq2 or NEBULA. (B): Similar to (A), except the sequencing per donor 1s downsampled from a
range starting from 90% quantile among all nucle1 to the small median sequencing depth across the three datasets (584). (C): Similar to (A),
except the number of donors 1s downsampled from a range starting from the total number of donors to the smallest number of donors across
all three datasets (22). The color assignment of each method 1s the same as 1n Figure 2.

potential upregulation or downregulation associated with certain biological conditions or genes. The differential variance
component captures changes 1in gene expression variability, which may suggest alterations 1n gene regulation, expression
noise, or cellular heterogeneity. The differential shape component encompasses more complex distributional changes, such
as bimodality, potentially revealing additional 1nsights into cell population dynamics or rare cell states. We call our method
Was2CoDE (Wasserstein-2 based Cohort Differential Expression), and its computation 1s overviewed in Figure 6 A. The output
of Was2CoDE for each gene 1s, as we will describe, a log-fold change for Wasserstein distance or any of the three components
or a p-value summarizing the total differential distribution between case and control donors.

We applied our Was2CoDE framework to determine 1f there were genes with 1dentity differential distributional patterns
that are not captured by previous differential expression (DE) methods. We apply this preliminary analysis on the SEA-
AD dataset, since we have demonstrated in Figure 3 that this dataset exhibits stronger method concordance and higher
generalizability. Our broad analysis revealed a set of microglia-relevant genes such as ARHGEF3, CD9, and SASH 1 that exhibit
large differential shape and variance components under Was2CoDE, but were missed entirely by all three DE methods (DESeq2,
NEBULA, and eSVD-DE) (Figure 6B). These genes participate 1n biological processes implicated in immune signaling, actin
cytoskeletal regulation, and cell adhesion, and are enriched in microglia activation and phagocytic pathways. To evaluate
statistical significance for these select genes, we applied a post-hoc PERMANOVA test using 500, 000 permutations to compute
a p-value for how the distribution for this gene differs between case and control donors. The resulting p-values were 2.6 x 107>
for ARHGEF3, 1.4 x 10 for CD9, and 3.3 x 10~ for SASH], indicating robust distributional shifts. In contrast, the smallest
p-values obtained from any of the three DE methods for these genes were 0.11 (ARHGEF 3, Wilcoxon test), 0.18 (CD9), and
0.15 (SASH ) — all above the nominal 0.05 threshold. These results demonstrate that traditional DE frameworks lack power
to detect these subtle but biologically meaningful patterns, calling for the need for distributional approaches in single-nuclei
analysis. Notably, Was2CoDE pinpoints why: its size term captures heightened donor-to-donor dispersion, while the shape
term 1solates heavier tails and latent multimodality 1n case donors—distributional nuances that elude standard DE analyses.
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Figure 6. Was2CoDE method to understand differential distribution: (A) Workflow of Was2CoDE, illustrating the major steps of the
Was2CoDE pipeline. The analysis begins with raw gene expression counts along with nuclei- and donor-level covariates. After normalization,
log transformation, and denoising, expression distributions are estimated for each gene within each donor. Donor-to-donor distances are then
computed using the Wasserstein-2 distance, which captures full distributional ditferences. This distance 1s further decomposed into
interpretable components: mean difference, variance difterence, and shape difference. These decomposed components are used to derive two
main statistical outputs: (1) log-fold change effect sizes between donor groups, and (2) PERMANOVA p-values for significance testing. (B):
Donor-level expression patterns of example genes with similar means but distinct distributional shifts in the SEA-AD dataset. We report
log-tfold changes for the variance and shape components for these genes, along with the quantile, which denotes how many genes have a
smaller log-fold change.

Using the full Was2CoDE decomposition, we compute the Was2CoDE log-fold change transcriptome-wide and re-tested
every gene pathway for based significant enrichment for the variance and shape components. We compared Was2CoDE’s
shape and size GSEA results against conventional DE pipelines across both SEA-AD and Prater datasets. As shown 1n
Figure 7, Was2CoDE i1dentified 465 and 312 significant pathways in SEA-AD and Prater, respectively—far exceeding the
442 and 165 pathways captured by the traditional DESeq2-eSVD-NEBULA ensemble. Among the 25 pathways uniquely
shared between Was2CoDE across both datasets but not found using any of the DE methods (Figure 7, highlighted), many
relate to transcriptional regulation, RNA processing, and cell proliferation — biological themes frequently implicated in
microglia responses to neurodegeneration. For example, several RNA metabolic processes including negative regulation of
RINA biosynthetic process, mRNA metabolic process, and regulation of transcription by RNA polymerase Il suggest nuanced
shifts 1n transcriptional control not captured by mean-based DE methods. Other recurrent pathways — regulation of cellular
response to stress, pattern recognition receptor signaling, and small GTPase-mediated signal transduction — are consistent with
microglia activation and innate immune signaling. This could suggest that Was2CoDE reveals several biologically significant
pathways that were undetectable through difterential expression methods tested on the mean.

These findings support the view that Was2CoDE detects subtle but functionally relevant perturbations, particularly
in stress-adaptive and proliferative programs, that remain elusive to conventional frameworks focused on mean expression
alone. Because these findings recur in two independent datasets, they may reflect consistent but relatively subtle alterations that
mean-centric tests overlook. Our results suggest that incorporating variance and shape information can complement traditional
differential-expression analyses without overstating the evidence.

Discussion

Our systematic meta-analysis delivers four principal insights. First, among the three cohorts, the SEA-AD design repro-
ducibly recovers the largest fraction of literature-validated microglia signatures, irrespective of the downstream algorithm.
Second, across methods, the matrix-factorization framework eSVD-DE yields the most consistent gene- and pathway-level
signals between independent datasets. Third, power analyses based on extensive in-silico down-sampling show that the
number of donors—not nucle1 per donor or sequencing depth—is the dominant driver of statistical yield. Lastly, by de-
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Figure 7. Overlap of significant pathways identified by Was2CoDE and other differential expression methods across datasets:
UpSet plot summarizing the intersections of significant GO biological process pathways detected by four analysis pipelines: NEBULA,
eSVD, and DESeq2 in both the SEA-AD and Prater datasets, and Was2CoDE (variance & shape components) in both datasets. Horizontal
bars on the left indicate the total number of significant pathways identified by each method-dataset combination. Vertical bars show the size
of each pathway intersection across selected combinations, with filled blue dots below each bar denoting which methods contributed to that
intersection. The 25 pathways uniquely 1dentified by Was2CoDE 1n both datasets (highlighted bar) include some of the following pathways:
mRNA metabolic process, regulation of transcription by RNA polymerase II, regulation of cellular response to stress, cell surface pattern
recognition receptor signaling pathway, positive regulation of locomotion, cellular response to endogenous stimulus, regulation of endothelial
cell proliferation, negative regulation of cell motility, negative regulation of cell migration, negative regulation of epithelial cell proliferation,
cell morphogenesis, negative regulation of signaling, and small GTPase-mediated signal transduction.

composing Wasserstein-2 distances, Was2CoDE uncovers distributional shifts (variance and shape) that escape mean-centric
differential-expression tests, highlighting non-trivial microglial dysregulation in Alzheimer’s disease.

SEA-AD’s improved generalizability likely stems from one of two design choices. First, the consortium used a rigorous
tissue quality control, such as ensuring a small post-mortem interval, high RNA integrity and uniform pH. These can contribute
to increasing the signal-to-noise at the donor level. Second, the consortium used a purposeful sampling across the tull
neuropathological continuum—balanced controls, intermediate cases and advanced ADNC. This ensured dense coverage
of disease progression and boosts power for intermediate phenotypes. Collectively, these teatures produce cleaner, more
comparable transcriptional readouts across analytic pipelines and external datasets. This can explain our overall findings on

why our statistical analyses on the SEA-AD dataset had more power when compared to the ROSMAP dataset, despite the
ROSMAP having more donors.

We found that eSVD-DE outpertorm other DE approaches, and we hypothesize this stems from eSVD-DE jointly
factoriings the entire expression matrix while respecting the nested nuclei-within-donor structure. By pooling low-rank signal
across thousands of genes, the method amplifies weak but coherent donor-level effects, attenuates sparsity-driven noise and
preserves degrees of freedom for covariate adjustment. This combination yields higher cross-dataset correlations in signed
—logop values and recovers a larger share of immune-motility pathways implicated in microglia activation. The framework
thus provides a blueprint for next-generation DE tools that integrate global structure with hierarchical sampling.

The study’s strength lies 1n 1ts breadth and consistency: we re-analyse three large, brain-region-matched snRNA-seq
cohorts with five complementary DE frameworks, apply uniform covariate models and benchmark all outputs against an
external silver standard. The same workflow can be extended to other cell types, modalities (snATAC, spatial transcriptomics)
and neurodegenerative diseases, offering a scalable template for evaluating design and method choices 1n single-nucle1 cohort
studies.

Several limitations warrant caution. First, the datasets profiled partially overlapping but not identical microglia sub-states,
so residual biological heterogeneity may contound cross-cohort comparisons, although within-dataset method evaluations
remain unatfected. Second, Prater and SEA-AD recruit donors from the same geographical area and partially overlapping
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donors, which may inflate apparent concordance; furthermore, the researchers collecting and analyzing these two datasets
are naturally expected to follow similar protocols, explaining why there was higher alignment between Prater and SEA-AD
when compared to ROSMAP. Third, SEA-AD’s balanced pathology sampling could itself elevate reproducibility, leaving open
whether 1ts advantage derives from design rigour or case—control ratio. Notably, the 80 donors 1n the SEA-AD cohort has a
higher proportion of cases than controls (see Figure 1). Future work with additional, equally controlled cohorts will clarify
these 1ssues and further refine best-practice guidelines for cohort-scale single-nuclei studies.

Methods

Differential gene expression analysis for differential mean

Our differential gene expression analysis leverages several advanced methods that handle single-nucler RNA sequencing data in
distinct ways. Each method 1s designed to adjust for contounders while testing for differential expression at the single-nuclei
level. All our primary analyses, such as those shown 1n Figures 2, 3, and 4, adjust for donor’s age at death, sex, APOE-¢g4 status
(1.e., an 1ndicator whether the donor has genetic variant coding for the APOE-£4 1soform of the APOE gene), and ethnicity, as
well as the technical confounders of sequencing batch and post-mortem interval (PMI).

We briefly discuss all the various cohort-level differential expression methods we use 1n our analysis:

« DESeq?2’ is a widely used method in bulk RNA sequencing adapted for single-nuclei data’. It fits a negative-binomial
generalized linear model to estimate differences in mean expression between groups while adjusting for size factors and
overdispersion 1n the data. In this paper, we “pseudobulk™ the scRNA-seq data before applying DESeq2. This means
we combine all the nucle1 from each donor, where all the gene transcripts are added together. This process emulates
pertorming bulk RNA-sequencing on a “pure” set of nucle1 with the same nuclei type for each donor.

« NEBULA” is a negative binomial mixed model (NBMM) designed specifically for differential expression analysis
in cohort-level scCRNA-seq datasets. Its key innovation lies in efficiently accounting tor the hierarchical structure of
single-nuclei data, which typically requires a computationally expensive two-layer optimization 1n traditional NBMM
models due to the intractable marginal likelihoods. NEBULA overcomes this by deriving a closed-form approximation
of the marginal likelihood. This analytical approximation eliminates the need for two-layer optimization, enabling
significant speed improvements. This innovation allows NEBULA to efficiently account for subject-level and nuclei-level
overdispersion, achieving significant computational speedups while maintaining accuracy.

» eSVD-DE* tests for differential expression in cohort-level scRNA-seq datasets using a matrix factorization to pool
information across genes. This framework enables eSVD-DE to reduce noise and more accurately adjust for confounding
covariate ettects. In particular, it first estimates a matrix factorization jointly across all the genes to model the scCRNA-seq
data. Then, 1t estimates the posterior distribution of each nuclei’s gene expression by assessing how well each gene
conforms to the statistical model. Finally, for one gene at a time, the method aggregates across all the nuclei1 originating
from each donor, and a hypothesis test 1s performed by comparing the distribution of gene expression profiles between all
the case donors and all the control donors.

e edgeR® is a bulk RNA sequencing where we also pseudobulk the scRNA-seq data in our work here. edgeR models the
count via a generalized linear model, uses empirical Bayes techniques to moderate dispersion estimates across genes, and
uses a likelihood ratio test to test tor differential expression.

« MAST! is a two-part hurdle model, consisting of a logistic regression to model the probability of gene detection (i.e.,
whether a gene 1s expressed) and a Gaussian linear model to characterize the distribution of non-zero expression values.
Additionally, MAST incorporates random effects to account of which nuclei1 originates from which donors.

Each dataset was analyzed with the 5000 highly variable genes.

Gene-set enrichment analysis (GSEA)

To 1dentity the functional implications of the differential gene expression, we perform Gene-Set Enrichment Analysis (GSEA
using the clusterProfiler package from Bioconductor®®. This approach allows us to assess whether specific gene sets,
such as those associated with biological processes or pathways, were significantly enriched among the differentially expressed
genes. Throughout the paper, we perform all our GSEA using the clusterProfiler: : gseGO function, where we quantify
the enrichment of all the biological pathways (1.e., “BP”) in the org.Hs.eg.db Bioconductor package (version 3.18.0,

December 2023).

)27
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Details for the Was2CoDE

Our differential test method, inspired by IDEAS”, goes beyond mean differential expression by utilizing the Wasserstein
distance to test for differential distribution. This approach allows us to capture not only changes in mean expression across
conditions but also significant within-individual variability and broader distributional shifts. This 1s particularly important for
detecting heterogeneity 1n gene expression patterns that may not be reflected by mean differences alone. We describe each step
of our procedure below in each section. It closely follows the workflow performed in IDEAS”. Let xg €10,1,2,...,} denote
raw sequencing counts for gene g € {1,...,G} (among a total of G genes) and nuclei (i.e. “cell”’) c € {1,...,m} (among a total
of m nucle1).

Step 1: Gene Expression Normalization

To account for technical covariates such as sequencing depth, the function normalizes expression values on a per-gene, per-
donor basis. For each gene and individual, Was2CoDE 1dentifies nucle1 belonging to that individual and extracts the raw gene
expression data. It then performs a log transtormation and fits a linear regression model using specified nuclei-level covariates
such as sequencing depth or other factors, regressing log-transformed expression values (i.e., logo(x,. +0.5)) against the
log-transformed per-nuclei normalization variable (e.g., log;( ngl X, ) for each nuclei ¢). Residuals from this model capture
the variation 1n gene expression not explained by technical factors. A fixed intercept correction, based on the median covariate
value across all nuclei, 1s added back to stabilize the scale across donors. The result 1s a list of adjusted expression distributions
for each gene and donor, which we denote as X, . for nuclei ¢ and gene g.

Next, donors are grouped based on the phenotype variable into two groups (e.g., AD cases and controls). The function
then computes pairwise distances between these residualized donor distributions for each gene. For each gene, 1t constructs a
three-dimensional array to store pairwise comparisons between all individuals (number ot donors, by number of donors, by the
four components of Was2CoDE). These comparisons capture the four distinct components along the third dimension of this
array: the overall Wasserstein distance, the location difference (reflecting changes in mean expression), the size difference
(capturing variance changes), and the shape difference (representing alterations in distribution pattern).

Step 2: Wasserstein distance and its decomposition

The Wasserstein-2 (1.e., Was2) metric 1s our foundation for measuring distributional differences between gene expression
profiles. For any two donors, we compute the Was2 distance by decomposing it into several key components: location
(differences 1n mean expression), size (differences in variance of expression), and shape (differences in distribution pattern).
Specifically, for any two univariate distributions P and Q, the Wasserstein distance can be decomposed into location and shape
components:

W; (P,Q) = (1p — po)” + (0p — 0g)” +20pCppro, (1)

where Up, Lo are the means, Op, Op are the standard deviations, and ppg 1s the correlation coefficient between the optimally
coupled random variables under P and Q. The first term, (Up — ,uQ)z, quantifies differences in mean (1.e., location), while
the second term, (op — O'Q)z, captures differences 1n variance (1.e., size). The shape difference metric, computed using
quantile correlation ppp, measures the dissimilarity between the distributions’ shapes while accounting tor potential nonlinear
relationships. In our work, P and Q are the distribution of (denoised and normalized) expressions of a particular gene
gec {1,...,p} between two different donors. This decomposition is also used in waddR*’, another method that tests for
differential distributions for sSCRNA-seq data, but waddR does not focus on cohort-level sScRNA-seq analyses.

Was2CoDE incorporates procedures for handling missing data during distance computations in the presence of sparsity,
a common feature 1n single-nuclei RNA-sequencing datasets. When calculating pairwise Wasserstein distances between donors,
missing expression values for a given gene are excluded from the empirical distributions used in the estimation. To prevent
instability due to small sample sizes, donor pairs with insufficient observed values (below a user-defined threshold) are omitted
from the analysis for that gene.

Step 3: Computation of donor-pair statistics
We compute pairwise metrics between donors through the following procedure based on the adjusted expressions X, .. Let P, ;
denote the empirical distribution among {X, , , ...  Xg,cn, }, the gene expression among the »; nuclei from donor i € {1,...,n}

(among a total of n donors) for gene g. Likewise, let P, ; be the same as for the donor j. For each donor pair (i, j), we compute
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several key statistics:

Wasserstein-2 distance between the two donors: D

)

(
Difference in donor means : Dg 3i7j) = MUg i — Mg i,

Difference 1in donor standard deviations: D ()

)

- - SRR . Nl _ e R
Difference 1n donor distribution’s shape : Dg’ () = 20405 iPg.ij;

where [, ; and 0, ; denote the empirical mean and standard deviation in {X, ., ,...,%, ¢, }. Based on the decomposition (1), we
can compute the difference in shape between the two distributions P, ; and P, ;. This 1s equivalent to explicitly computing the
pq . j term1n (1), which can be estimated using correlation between the quantiles of the empirical distributions of P, ; and F, ;.

While the above formula computes the difference in any distributional component between any two donors, we now
quantify the extent of distributional shifts between cases and controls 1in aggregate for as effect size, akin to a log fold change.
This is defined for each gene g and any component (i.e., k € {1,...,4}, where k = 1 is for Wasserstein distance, k = 2 is for
difference 1n mean, etc.). Let A (for “Alzheimer’s pathology™ 1.e., case donors) denote donors with pathology for Alzheimer’s
disease, and N (for “no pathology”, 1.e., control donors) denote denotes with no pathology for Alzheimer’s disease. Let
of C {1,...,n} denote the set of case donors and .4~ C {1,...,n} denote the set of control donors. Inspired by the test statistic
for a Welch’s T-test (1.e., two-sample T-test with unequal variances), we define the effect size akin to a log-tfold change (LFC)
as:

(k;AN)
D
LFCY" = g 2)
(k:AA) \ 2 (k:NN) \ 2
Og Og
() (%)
where, ny = |.<7| and ny = |.4"| are the number of case and control donors, D(gk;AN) 1S the average difference 1n Dgl_(()l. ) for an
case donor i and control donor j, defined as
(kan) 1 (k)
Dg N NANYN . Z Dg,(i,j)’
icd . jeN
(k;AA) (k;NN) s ; : , ;
and o, and o, 1s the standard deviation of difference among case or control donors, respectively. That 1s, for example,

O'(ggk;AA) — standard deviation({Dé’fgi 'R i,jE€ o andi# | })

and similarly defined for Gék;NN).

In short, this effect size standardizes the average pairwise distance between case and control donors using the pooled
standard error from within-group variability. For each gene g and Wasserstein component, it outputs a unitless etfect size
analogous to a z-score, indicating how much more different the cases and controls are relative to the expected within-group
noise. Higher values of LFCék) reflect stronger between-group signal for that distribution component k € {1,...,4}.

Step 4: Statistical testing

Next, we describe how to use the decomposition (1) to perform a hypothesis test. We employ a permutation-based multivariate
analysis of varitance (PERMANOVA) approach to assess statistical significance. By using a permutation-based approach,
we avold making strong statistical assumptions about how the gene expressions relate to the case-control status of donors.
This procedure works 1n the following way: for each gene g, the original Wasserstein distance matrix 1s used to calculate
an F-statistic comparing within-group distances (e.g., case-case, control-control) to between-group distances (case-control),
denoted as F, to assess statistical significance. By avoiding parametric distributional assumptions, the test remains valid for
the Wasserstein-2 distance matrices we compute for each gene. The calculation of F, 1s as follows: For every gene g, let

(D(l)

. ) ._be the n X n donor—donor squared distance matrix. The pseudo-F statistic used in the permutation test 18
8,(i,j)/ 1<i,j<n

(SSTg — SSW,) x (n—2)
F, = > ° 3
8 stg ) ( )
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where, letting G, = ./ for k =N and G, = & for k = A,

ll’l n

)3 ZDg()i,j)’ and SSW, = ) 2 LD él()zﬂ

i=1 j=1 ke{A.N} "k icG, jeG,

1
SST, = — —
s n
To generate a null distribution of F,, we following PERMANOVA procedure by performing b permutations (default: B = 999)
by randomly shuffling the group labels. This preserves the distance matrix structure but reassigns all the n donors to either case

or control For each permutation, a new F-statistic 1s calculated, denoted as Fg(b) for permutation » € {1,...,B}. The empirical
p-value 1s then computed as:

b
():g:l [Fg( ) ZFg]) + 1
B+ 1 ’

p-value =

where 1|x| denotes the indicator function that has value 1 when the event x is true.

For datasets with many donors, such as our analysis of ROSMAP with 345 donors, there 1s a high computational cost of

(1)

compute Dg (i) for every 2 pairs of donors (i, j) € {1,... ,n}z. As such, we propose to use a computational sub-sampling where
we only compare each donor i to K other case and K other control donors. Specifically, we randomly sample K case donor

d € o/ \ {i} and K control donor d € .4\ {i} for comparison. Then, in the calculation of the F, or Fg(b) , we only utilize the
values of D{S()l. i that were calculating (omitting any value in the summation that we did not compute and then re-appropriately

adjusting the normalization terms 1/norl/n).
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