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Improving reproducibility of differentially
expressed genes in single-cell transcriptomic
studies of neurodegenerative diseases
through meta-analysis

Nathan Nakatsuka 1,2,3 , Drew Adler4,5, Longda Jiang 1, Austin Hartman 1,
Evan Cheng 4,5, Eric Klann 4,5 & Rahul Satija 1,2

False positive claims of differentially expressed genes (DEGs) in scRNA-seq
studies are of substantial concern. We found that DEGs from individual Par-
kinson’s (PD), Huntington’s (HD), and COVID-19 datasets had moderate pre-
dictive power for case-control status of other datasets, but DEGs from
Alzheimer’s (AD) and Schizophrenia (SCZ) datasets hadpoor predictive power.
We developed a non-parametric meta-analysis method, SumRank, based on
reproducibility of relative differential expression ranks across datasets, and
found DEGs with improved predictive power. Specificity and sensitivity of
these genes were substantially higher than those discovered by dataset mer-
ging and inverse variance weighted p-value aggregation methods. Up-
regulated DEGs implicated chaperone-mediated protein processing in PD glia
and lipid transport in AD and PDmicroglia, while down-regulatedDEGswere in
glutamatergic processes in AD astrocytes and excitatory neurons and synaptic
functioning in HD FOXP2 neurons. Lastly, we evaluate factors influencing
reproducibility of individual studies as a prospective guide for experimental
design.

As single-cell RNA-sequencing (scRNA-seq) technologies mature to
process clinical samples, an increasing number of studies are profiling
tissue from a multitude of disease states to identify cell type-specific
transcriptional alterations associated with pathophysiology and gen-
eral development. scRNA-seq case-control studies have generateddata
on a multitude of neuropsychiatric diseases, such as multiple
sclerosis1–3, schizophrenia (SCZ)4–6, major depressive disorder7,
autism8,9, Parkinson’s disease (PD)10–15, alcohol use disorder16,17, Rett
Syndrome18, vascular dementia19, and Huntington’s disease (HD)20–23,
though all with relatively few individuals per study and often not in the
same brain region. For Alzheimer’s Disease (AD) and COVID-19, how-
ever, scRNA-seq studies now have sample sizes in the hundreds24–27.

These studies have uncovered biological pathways perturbed in these
conditions that represent potential therapeutic targets.

Nevertheless, there has been concern for possible false positive
results in these studies28, and thus the statistical methodology
required to perform case-control studies across multiple cell types
remains an area of active interest29. Initial studies implemented case-
control analyses by performing differential-expression testing on
individual cells. This approach treats each cell as an independent
replicate, which fails to account for correlations across cells from the
same individual and can lead to a large false-positive bias. Subsequent
studies have dealt with these issues by using mixed models with indi-
viduals as a fixed or random effect26 or alternative regression models
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previously developed for bulk RNA-seq30 that can be used after
pseudo-bulking clusters of single cells. Many of these methods can
adequately control the false positive rate and yet are sufficiently
powered in analyses of simulated differentially expressed genes
(DEGs). Nevertheless, there has still been substantial worry about
potential false positives in DEG results due to technical artifacts or
simply biological variation present in only small numbers of indivi-
duals (particularly for studies with smaller sample sizes). This issue is
likely of particular relevance for many neuropsychiatric diseases due
to the high transcriptomic heterogeneity of the brain at baseline31 and
GWAS evidence for etiological diversity in many of these diseases32.

The field of human genetics, particularly genome-wide associa-
tion studies (GWAS), can provide a model for the single-cell field in its
high reproducibility33 and well-established meta-analysis methods for
combining information across multiple datasets34,35. The typical GWAS
meta-analysis usually applies an inverse variance weighting to aggre-
gate the effect sizes and standard errors derived from each study to
obtain final effect sizes and p values for each genetic locus36. It is
standard for new studies to have a separate test dataset to assess the
reproducibility of significant genes found in the general analysis,
testing for effect size, and at least ensuring the same direction of effect
in the test dataset. Now that many large-scale case-control scRNA-seq
studies have been undertaken for several diseases, the field is in a
strong position to develop standardized meta-analysis methods that
combine information across multiple datasets with the goal of finding
genes with transcriptional expression (and later other epigenetic loci)
robustly associated with disease.

In this study, we provide a systematic approach in this direction
by first examining the reproducibility of 17 AD, 6 PD, 4 HD, 3 SCZ
single-nucleus RNA-seq (snRNA-seq) studies and, as a positive control
comparison due to its known strong transcriptional response, 16
scRNA-seq COVID-19 studies. We find by several measures that a large
fraction of the genes found to be differentially expressed in single AD
and SCZ datasets do not reproduce in other AD and SCZ datasets,
while genes found in PD, HD, and COVID-19 datasets have moderate
reproducibility. To address this challenge, we introduce a procedure
for large-scale meta-analysis of scRNA-seq called SumRank that prior-
itizes the identification of DEGs that exhibit reproducible signals
across multiple datasets and demonstrates that this approach sub-
stantially outperforms existing meta-analysis techniques in sensitivity
and specificity of discovered DEGs. We demonstrate that SumRank
identifies DEGs with high predictive power and reveals known and not
previously known biology. We use a mouse model of AD to validate a
gene of particular interest and demonstrate for the first time that
BCAT1 is downregulated specifically in oligodendrocytes, pointing to

diminished branched-chain amino-acid metabolism in this cell type.
We also show that SumRank DEGs are significantly enriched in genes
associated with differentially accessible snATAC-seq peaks from a
previous AD study, as well as human genetic associations. We find 56
DEGs shared amongst AD, PD, and HD. Moreover, we adapt SumRank
to identify sex-specific DEGs. Finally, we assess factors that influence
the reproducibility of an individual study’s results as a prospective
guide for experimental design. Our work demonstrates the impor-
tance and potential for large-scale meta-analyses to draw robust bio-
logical conclusions, especially for neuropsychiatric disorders.

Results
Reproducibility of DEGs in individual datasets is poor in AD and
SCZ and moderate in PD, HD, and COVID-19
We first compiled data from 17 snRNA-seq studies of AD prefrontal
cortex (Supplementary Data File 1). We performed standard quality
control measures on each dataset (Methods) and then determined cell
types by mapping them to an established snRNA-seq reference of
human cortical tissue (motor cortex) from the Allen Brain Atlas37 using
the Azimuth toolkit38, which returns consistent cell type annotations
for all datasets at multiple levels of resolution (Fig. 1). We then per-
formed pseudobulk analyses for broad cell types, obtaining
transcriptome-wide gene expression means or aggregate sums for
each gene within each of the 7 cell types within each individual
(aggregate sums were used for DESeq230 analyses while means were
used for all other analyses). We used these values to identify cell-type-
specific DEGs for AD vs. control samples in downstream analyses.
Leveraging pseudobulk values removes the inherent lack of indepen-
dence that characterizesmultiple cells from the same individual, which
would otherwise lead to substantial false positives for standard single-
cell differential expression workflows. We also performed the same
pipeline for six snRNA-seq studies of PD midbrain and four studies of
HD caudate, determining cell types by mapping to the highest quality
dataset (because there are no midbrain or caudate Azimuth atlases),
and three snRNA-seq studies of SCZ prefrontal cortex. As a control
experiment for a disease phenotype with a well-described and strong
transcriptional response, we repeated this process for 16 scRNA-seq
studies from PBMC samples from COVID-19 patients and healthy
controls (Supplementary Data File 1 contains information about all
datasets).

We evaluated the reproducibility of DEGs between disease and
control samples by calculating DEGs based on pseudobulked values
for each cell type and utilized the DESeq230 package for DEG detection
using aq value-based FDRcutoff of 0.05, becauseDESeq2with pseudo-
bulking has been shown to have good performance in terms of
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Fig. 1 | Schematicof theprocedure forobtainingdifferentially expressedgenes.
A Schematic of mapping cells to determine cell types, pseudo-bulking, and
obtaining cell type-specific differential expression (somecell types are removed for
clarity). Orange represents AD individuals or cells, and blue represents controls.
The first two sets of dots represent cells, while the third set of dots represents
individuals (the sum or mean expression across all cells in a particular cell type for

that individual). B Example of a gene, LINGO1, previously highlighted as upregu-
lated in oligodendrocytes, was shown not to be upregulated in most AD datasets.
Values above the line (intercept = 0, slope= 1) are upregulated, while values below
the line are downregulated. Points are means, and error bars are standard devia-
tions. Violin plots of the expression of LINGO1 in each individual across all datasets
are shown in Supplementary Fig. 1. Source data are provided as a Source Data file.
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specificity and sensitivity relative to other methods39. Strikingly, when
using this criterion, over 85% of the AD DEGs we detected in one
individual dataset failed to reproduce in any of the 16 others (Sup-
plementary Table 1). Few genes (<0.1%) were consistently identified as
DEGs in more than three of the 17 AD studies, and none were repro-
duced in over six studies. While we observed improved reproducibility
in PD, HD, and COVID-19 datasets, we still failed to observe a single
gene that was independently detected as exhibiting consistent cell
type-specific differential expression inmore than 4of the 6 PD, 10of 16
COVID-19, or 1 of the 3 SCZ studies (Supplementary Tables 2–5; note:
the SCZ low overlap here was driven by having very few DEGs with this
criteria, see Supplementary Note).

We frequently observed that genes thatwere identified asDEGs in
multiple studies tended to rank highly, even in studies where they
failed to pass the required threshold. For example, when we instead
looked at the reproducibility of the top 200 genes for each cell type
(ranked by p values), some genes were found in up to 9 of 17 AD, 6 of
the6PD, 11 of 16COVID-19, and 3of the 3 SCZdatasets (Supplementary
Tables 6–10). This suggests that at least some of the variability in DEG
identification is driven by a lack of statistical power for any individual
study. This further highlights the limitation of depending solely on one
study to reliably identify DEGs that will reproduce in other studies,
especially in intricate diseases such as AD. Illustrating this, we exam-
ined the gene LINGO1, a negative regulator of myelination previously
spotlighted as a crucial oligodendrocyte DEG in a recent AD review40.
While we reproduced this finding in a few individual datasets, our
broader analysis suggests that LINGO1 was not consistently upregu-
lated in oligodendrocytes in the majority of datasets and was even
downregulated in several studies (Fig. 1 and Supplementary Fig. 1),

highlighting challenges associated with identifying bona-fide and
reproducible DEGs.

We also tested reproducibility by assessing the ability of the DEG
sets from individual studies to differentiate between cases and con-
trols in other studies. To standardize cross-dataset comparisons, we
identified the same number of top-ranked DEGs (ranked by p value
without requiring an explicit FDR cutoff) and derived a transcriptional
disease score for each cell type in each individual. We obtained these
by leveraging the UCell score41—a method that determines the relative
rank of genes compared to others in a dataset. Our findings revealed
that the DEGs identified by any individual AD dataset were not highly
effective in predicting case-control status in other AD datasets (mean
AUC of 0.68) or SCZ datasets (mean AUC of 0.55), thoughwe observed
improved power for PD, HD, and COVID-19 studies (mean AUCs of
0.77, 0.85, and 0.75, respectively) (Table 1, Supplementary
Tables 11–15). Using a fixed FDR cutoff as an alternative for deriving
transcriptional disease scores generally led to even poorer results
(Supplementary Tables 16–18). However, we observed that DEGs
identified by the 3 AD studies with a large number of individuals (>150
cases and controls each) exhibited superior predictive performance in
alternative datasets (AUCs of 0.75 to 0.80) (Supplementary Table 11).

We wanted to evaluate reproducibility on a per-gene level rather
than at only a combined gene set level, so we also tested the ability of
individual DEGs to classify disease status for all samples across all
studies. While the expected classification power for a single gene is
expected to be low, we reasoned that the relative ranking of the genes
could serve as an informative metric for evaluating different DEG sets.
We therefore developed a single-gene metric of classification power
(‘Relative Classification Accuracy’), which was the normalized AUC of

Table 1 | Comparisons of individual datasets and different meta-analysis methods in their predictive performances

Disease Gene set type MeanAUCwhenusingDEGsas
agroup topredictdiagnosesof
left-out datasets

Specificity: Percentage of
DEGs in top 10% of RCA
gene list

Mean relative classification
accuracyof individualDEGs

Mean absolute log2fc of indivi-
dual genes between cases and
controls in each dataset

AD Mean of indivi-
dual datasets

0.67 34 43.4 0.15

AD SumRank 0.78 73 64.4 0.33

AD Merge 0.78 41 55.6 0.32

AD Inverse variance 0.74 21 43.6 0.20

COVID-19 Mean of indivi-
dual datasets

0.75 58 40.4 0.37

COVID-19 SumRank 0.91 78 58.6 0.79

COVID-19 Merge 0.90 72 57.0 0.97

COVID-19 Inverse variance 0.88 42 46.5 0.72

PD Mean of indivi-
dual datasets

0.77 57 53.0 0.31

PD SumRank 0.88 87 71.0 0.52

PD Merge 0.84 68 63.2 0.63

PD Inverse variance 0.85 57 57.6 0.41

SCZ Mean of indivi-
dual datasets

0.55 37* 44.3* 0.24

SCZ SumRank 0.62 51* 53.4* 0.35

SCZ Merge 0.52 23* 43.8* 0.26

SCZ Inverse variance 0.56 21* 38.4* 0.29

HD Mean of indivi-
dual datasets

0.85 48 50.2 0.58

HD SumRank 0.84 68 62.3 0.96

HD Merge 0.85 48 56.3 1.18

HD Inverse variance 0.83 18 37.9 0.57

Forall analyses here, theDEG lists included thesamenumber of topgenes (basedon thenumber ofSumRankgeneswith −log10(p value) at a cutoff identified in themain text). RCAGeneList is the list
ofgenes rankedby their individual ability todistinguish cases fromcontrols inall datasets (see text andMethods formoredetails). RelativeClassificationAccuracy is themeanAUCof individual genes
in their ability to distinguish diagnosis status in each dataset, normalized within each disease. Mean absolute log2fc values were from comparisons of cases and controls in each dataset. * indicates
that the RCA Gene List is likely less reliable in SCZ due to the low number of datasets.
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an individual gene for predicting case-control status (see Methods for
more details); we ranked the genes by this metric and named the
ranked list ‘RCA Gene List’. We identified the top 10% of genes in the
RCA Gene List (1520, 1780, 1107, 1843, and 1742 for AD, PD, COVID-19,
HD, and SCZ, respectively), reasoning that bona-fide DEGs should
generally fall within this set. However, when returning to the sets of
DEGs identified by individual datasets, we observed poor overlap
within this list (mean of 34%, 57%, 58%, 48%, and 37% for AD, PD,
COVID-19, HD, and SCZ). Even when examining the three largest AD
datasets, we still observed poor performance for individual genes
(37–51% in the top 10% of the RCA Gene List). Taken together, we
conclude that analysis of individual datasets often fails to identify
DEGs between cases and controls that reproduce in additional studies,
and that this problem is exacerbated for diseases with more subtle or
more heterogeneous transcriptional phenotypes such as AD. We
therefore sought to explore approaches for meta-analysis that would
leverage datasets from multiple studies to identify robust DEGs.

A non-parametric meta-analysis uncovers DEGs with strong
reproducibility across datasets
We tested two standard meta-analysis strategies. As one approach,
we merged pseudobulk profiles together from all datasets and then
conducted a differential expression analysis using DESeq2 while
including the dataset ID as a batch covariate. As an alternative
approach, we incorporated an inverse variance meta-analysis, a
conventional approach for amalgamating GWAS summary statistics.
For this, we fused the effect sizes and standard errors from each
dataset’s DESeq2 results using metagen42. We used both approaches
to calculate consensus DEG sets.

We found that the DEG sets identified by the merge and inverse
variance strategies outperformed the DEG sets identified from indivi-
dual dataset analyses. As an example, both methods correctly failed to
identify significant differential expression for LINGO1. More broadly,
the DEG gene sets had improved predictions of case-control status in
omitted datasets with mean AUCs of 0.78 and 0.74, respectively, for
AD and similar improvements for PD and COVID-19. Yet, even with
enhanced AUCs, numerous genes identified by the meta-analyses
showcased limited specificity, with <42% ranking within the top 10% of
the RCA Gene list for AD (Table 1; Fig. 2). When examining the reason
for this low specificity, we found an inherent weakness with these
approaches: if a gene was highly significant in a small minority of
datasets it would often pass significance thresholds after meta-analy-
sis, even if no signal was observed in the remainder of the studies. We
conclude that meta-analysis can improve the robustness of DEG
identification, but existing methods remain prone to false positive
identification.

To address the issue of genes found with low reproducibility
across datasets we developed a non-parametricmeta-analysismethod,
which we call SumRank, that explicitly prioritizes reproducibility
acrossmultiple studies yet does not impose strict statistical cutoffs for
any individual study (Fig. 2). This method takes the results of dataset-
specific DE analysis, calculates ranks (p value based) for each gene in
each dataset, and sums these ranks together across datasets. The
resulting sum reflects a statistic that prioritizes genes that consistently
exhibit evidence of differential expression across datasets. Given that
requiring strong signals across all datasets can be overly strict—espe-
cially with large dataset numbers—we adjusted the SumRank statistic
to consider only the ranks from a percentage of datasets. We set this
percentage to 100% for meta-analyses based on fewer numbers of
studies (PD, HD, and SCZ). For larger meta-analyses, we set this per-
centage based on cross-validation (65% and 55%, for AD and COVID-19,
respectively), but found that our results remained consistent regard-
less of the exact threshold selected (Supplementary Data File 2). While
the theoretical distribution of the SumRank statistic follows the Irwin-
Hall distribution (see Methods), using only a subset of datasets causes

deviations from this distribution. To address this, we empirically
modeled the distributionbyperforming 10,000 randompermutations
of case-control status. This allowed us to apply the identical differ-
ential expression and meta-analysis process to create a null distribu-
tion of SumRank statistics, which we used to compute empirical p
values.

When we applied a Benjamini–Hochberg FDR cutoff of 0.05, we
obtained 521 genes (394 up- and 127 downregulated across seven cell
types) as significant in AD, 1597 genes in PD (1540 up- and 57 down-
regulated across eight cell types), 1026 genes in HD (628 up- and 398
downregulated across 15 cell types), and 1638 genes (1432 up- and 206
downregulated across 8 cell types) in COVID-19, but 0 genes in SCZ
(Supplementary Data Files 3–7; Supplementary Figs. 3–10). With this
cutoff, some cell types had no DEGs, so we looked for uniform
−log10(p value) cutoffs that led to gene sets that maximized the ability
to predict case-control status in left-out datasets.We found that for AD
a −log10(p value) cutoff of 3.65 produced 814 genes (502 up- and 312
downregulated) with an AUC of 0.78, for PD a cutoff of 3.35 produced
1527 genes (1232 up- and 295 downregulated) with an AUC of 0.88, for
HD a cutoff of 3.30 produced 1555 genes (740 up- and 815 down-
regulated)with anAUCof0.84, forCOVID-19 a cutoff of 3.90produced
937 genes (730 up- and 207 downregulated) with an AUC of 0.91, and
for SCZ a cutoff of 3.40 produced 98 genes (50 up- and 48 down-
regulated) with an AUC of 0.62, all higher AUCs than those from
individual datasets or either of the previously tested meta-analysis
procedures. Most encouragingly, we found that more than 73% of the
AD DEGs fell within the top 10% of the RCA gene list, suggesting high
specificity for individually identified genes. For standardization, we
used the samenumber of genes from the SumRankmeta-analyses (814,
1527, 1723, 937, and 98) for all other analyses reported in this paper.
When thresholds based on corrected p values of the meta-analysis
outputswere used (either throughBonferroni or q value-based FDR), it
was not possible to find uniform p value cutoffs that allowed reason-
able comparisons between the meta-analysis methods (in Supple-
mentary Fig. 11, we show plots with the q value-based FDR thresholds
for AD).

To assess whether clinical covariates affected reproducibility,
we performed both DESeq2 and a logistic regression while regressing
out all relevant covariates available for each dataset (sex, age, PMI,
RIN, education level, ethnicity, language, age at death, batch, fixation
interval, nCount_RNA, and nFeature_RNA). We did not observe any
improvement in reproducibility with these analyses (Supplementary
Table 16), suggesting that the datasets were generally well-controlled
experiments with no systematic biases between cases and controls.
We also used a newly developed single-cell differential expression
method (Memento43) to assess whether this might improve repro-
ducibility relative to using DESeq2 with pseudo-bulk data. We found
that this also had slightly lower reproducibility relative to DESeq2,
though SumRank combination of the Memento results improved
reproducibility relative to individual Memento results (Supplemen-
tary Table 17). We also performed analyses at an increased cell
resolution, looking at finer-grained subsets of the cortical neurons.
We found 1611 significant (FDR < 0.05) DEGs (155 upregulated and
1456 downregulated) across the 14 neural cell types and 1,408 at a
−log10(p value) cutoff of 3.65 (330 upregulated and 1078 down-
regulated; Supplementary Data File 3). The genes found at the
broader neuron types were found repeatedly across the more spe-
cific types (e.g., ADAMTS2, SCGN, HES4, CIRBP, PDE10A, VGF), but the
genes only found in the higher resolution types could represent true
cell type-specific DEGs. However, when we used the more specific
DEGs together with the glial genes, we obtained slightly decreased
reproducibility (AUC =0.77 for AD and 0.59 for SCZ). We believe this
is potentially due to the predictive signal now being diluted across
more cell types (increasedmodel parameters), less accurate cell type
mapping, or increasing missingness in the datasets at the higher cell
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resolution. We thus continued our subsequent analyses at the
broader cell resolution.

To more carefully benchmark SumRank against alternative
methods for meta-analysis, we compared the AD DEG gene sets for
each method. We first focused on the 81 genes found across all three
methods (SumRank, merge, Inverse Variance), reasoning that this
represented a gold-standard DEG set (example in Fig. 2D and Supple-
mentary Fig. 2). Consistentwith this, we found that these genes tended
to exhibit high Relative Classification Accuracy (Fig. 3). They also
exhibited medium-high levels of expression (suggesting that they
could be accurately quantified in individual datasets), and high mean

absolute log2(fold-change) in comparisons of case vs control status in
each dataset. We next examined genes that were identified by only a
subset of methods. For example, we examined the genes that were
identified by either the merge or inverse variance methods (or both),
but not by the SumRankmethod. In contrast toour gold-standardgene
set, these genes exhibited low RCA and reduced log2(fold-change)
(Fig. 3). They also tended to be lowly expressed. Taken together, these
results suggest thatmanyof thesegenes likely represent falsepositives
and that the SumRank method correctly failed to identify them as
DEGs. In contrast, the genes identified by SumRank (either exclusively
or with one of the othermeta-analysis methods) closely resembled the
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Fig. 2 | Schematic and results of the SumRank method. A Cartoon of the Sum-
Rank method: scoring each gene based on the sum of its ranks across all datasets
(see text andMethods formoredetails).B Example of a gene (NAALADL1) putatively
upregulated in AD oligodendrocytes based on the Merge method that is likely a
false positive (very low expression and high variance). C Example of a gene (SNX33)
putatively upregulated in AD oligodendrocytes based on the Inverse Variance
method that is likely a false positive.D Example of a gene (RASGRP3) upregulated in

ADmicroglia based on allmethods.E Example of a gene (CAT) downregulated inAD
glutamatergic neurons based on the SumRank method that was not discovered by
the Merge or Inverse Variance methods. Values above the line (intercept = 0,
slope= 1) are upregulated, while values below the line are downregulated. Points
are means, and error bars are standard deviations in all plots. Violin plots of the
expression of RASGRP3 in each individual across all datasets are shown in Supple-
mentary Fig. 2. Source data are provided as a Source Data file.
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gold-standard gene set. We conclude that the SumRank method
exhibits superior performance by avoiding both false-positives and
false-negatives, excluding genes that do not reproduce acrossmultiple
datasets but also sensitively identifying genes whose aggregate signal
across multiple datasets is reliably supportive of differential expres-
sion between cases and controls.

Examining the AD SumRank gene sets, we found that microglia,
oligodendrocytes, GABA-ergic neurons, and astrocytes exhibited a

greater number of upregulated genes compared to downregulated
ones. In contrast, glutamatergic neurons demonstrated more down-
regulated genes than upregulated, consistent with earlier findings44,45

(Fig. 4, Supplementary Figs. 3, 4, 12). For AD, we detected the highest
number of upregulated genes in astrocytes. In contrast, for PD, the
highest number of upregulated genes was in oligodendrocytes, while
for HD, FOXP2 neurons had a substantially higher number of down-
regulated genes than other cell types. For all diseases, over 75% of the
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Fig. 3 | Sensitivity and specificity of SumRankmeta-analysis are better than the
merge and inverse variance methods. A UpSet R plot114 showing intersection of
AD genes discovered between the meta-analysis methods, the mean expression of
the genes, relative classification accuracy (the normalized mean AUC of the indi-
vidual genes in ability to predict diagnoses in all datasets), percentage of genes in
top 10% of RCA Gene List, and mean abs(log2fc) from comparisons of cases vs.
controls in each dataset. Color coding is based on the relative quality of the value,
with green indicating the best values, orange indicating moderate, and red indi-
cating poor. Bar graphs represent the number of genes (single values). Compar-
isons of meta-analysis methods in their B specificity, as measured by the

percentage of genes that intersect with the RCA Gene List (at different thresholds)
with the same number of genes used in all meta-analyses (based on the 814 Sum-
Rank geneswith -log10(p value)>3.65),C sensitivity, asmeasured by the percentage
of the top 50 RCA Gene List genes found amongst the meta-analysis DEGs at dif-
ferent thresholds, and D Relative Classification Accuracy, the mean AUC of indivi-
dual genes in their ability to distinguish diagnosis status in eachdataset (in this case
averaged over all genes in the gene set). On the x axes ofB–D, the number of genes
is spreadevenly across up- anddownregulated genes and all the different cell types.
A similar plot for COVID-19 is shown in Supplementary Fig. 11. Source data are
provided as a Source Data file.
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DEGs were restricted to a single cell type (Supplementary Fig. 13).
When examining the correlations of −log(p value)s for each cell type,
we observed that cell types with greater similarities showed higher
correlation (Supplementary Fig. 14). Furthermore, using the SumRank
genes, we identified some predictive capacity for disease specificity

(Braak score) within AD patients (r =0.32) when compared to separate
datasets (mean r = 0.12) (Supplementary Data File 3). However, we
found no predictive ability related to COVID-19 severity (r =0.03)
(Supplementary Data File 5). This was anticipated, as the severity of
COVID-19 has minimal relation to transcriptional response46.

Fig. 4 | Manhattan plots of differentially expressed genes. A, B AD, C, D COVID-
19, and E, F PD. P values were obtained by permutation testing (see Methods for
details). Significance threshold is in redwith 0.05 FDR cutoff (Benjamini–Hochberg)
to account for all genes being tested. In orange is a −log10(p value) cutoff that
maximizes AUC (3.65 for AD, 3.90 for COVID-19, 3.35 for PD; not shown if it is higher

than the FDR cutoff red line). The x axis is genes arranged in alphabetical order.
Additional similar plots (including with SCZ) are found in Supplementary Figs. 3–10.
Supplementary Data Files 3–7 show all genes with their p values. Source data are
provided as a Source Data file.
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Determining factors affecting reproducibility across diseases
and datasets
The SumRank approach outperformed other methods in the context
of PD, HD, and COVID-19, as shown in Table 1 and Supplementary
Fig. 15. However, the margin of superiority was not as pronounced,
likely due to the baseline increased reproducibility of PD, HD, and
COVID-19 relative to AD. We thus sought to identify the factors
underlying the differences in reproducibility between diseases. We
restricted all AD datasets such that cases were only those with Braak
scores of 5 or 6, and controls were only those with Braak scores of
0–2, to determine if patient selection was a major factor in repro-
ducibility. The AUC with these selection criteria was 0.82, which,
though higher than without these criteria, was still much lower than
those of PD, HD, and COVID-19 (with Braak scores of 3–4, the AUC
was 0.69). Given Braak scores are an imperfect measure of disease
severity (since some individuals without dementia can have high
Braak scores), it is possible that other metrics could decrease patient
heterogeneity and increase DEG reproducibility, but alternatively,
this might point to a general principle that AD might have more
biological heterogeneity than PD, HD, and COVID-19, with potentially
more factors contributing to the final phenotype clinically diagnosed
as AD. Most strikingly, SCZ had a substantially lower reproducibility
than all other diseases (Supplementary Note), which could represent
substantial heterogeneity in the brains of patients with SCZ4 due to
inherent biology or different life experiences (e.g., more hetero-
geneous drug/medication use).

We next examined transcriptional effect size to assess its role in
reproducibility (Supplementary Fig. 16). We found a significant
(p = 0.0001) positive correlation (Pearson’s r = 0.72) between effect
size (abs(log2(fold-change))) and reproducibility (average AUC for
ability to predict case-control status in all datasets) for upregulated
genes, meaning that genes with more differentiation between cases
and controls are discovered more regularly across datasets (though
for unclear reasons we find no significant relation (r = 0.04, p = 0.86)
for downregulated genes). Consistent with this, PD and COVID-19,
the most reproducible diseases, elicited the strongest transcriptional
response, with mean abs(log2(fold-change))s of 0.93 (0.97 for upre-
gulated genes and 0.77 for downregulated genes) and 0.86 (0.92 for
upregulated genes and 0.39 for downregulated genes), respectively.
In contrast, AD genes had a mean abs(log2(fold-change)) of 0.49
(0.55 for upregulated genes and 0.40 for downregulated ones), and
SCZ genes had a mean abs(log2(fold-change)) of 0.25 (0.16 for
upregulated genes and 0.35 for downregulated ones). We examined
the relationship of variance (normalized to effect size by dividing by
log2fc) to reproducibility and found a small inverse correlation
(r = −0.40; p = 0.07) between variance/log2fc and average AUC for
upregulated genes (with downregulated genes r = −0.03, p = 0.89),
providing suggestive evidence that reproducibility potentially
increases with decreased variance.

We then attempted to identify experimental design factors that
increased the performance and reproducibility of DEGs within the
same disease. We down-sampled the individuals in the Fujita,
MathysCell, andHoffmandatasets to see how varying sample numbers
influenced reproducibility measures. We did not discover any clear
saturation point, suggesting that reproducibility might continue to
increase with even more individuals (Supplementary Fig. 17). This is
consistent with our observation that for ADdatasets, there is a positive
correlation of Relative Classification Accuracy with sample size
(r =0.65, p =0.005; Supplementary Table 16). In contrast, when we
down-sampled the Stephenson COVID-19 dataset, reproducibility
began to saturate at 70 individuals, and for the other COVID-19 data-
sets, sample sizes of only 7 cases and controls each had similar
reproducibility as those with larger sample sizes (Supplementary
Table 18). During this analysis we performed multiple random

iterations of the same number of samples and observed that even at
160 samples (80 cases and 80 controls), there was substantial varia-
bility in reproducibility, showing the large impact of biological varia-
bility on reproducibility (Supplementary Fig. 17). We also subsampled
all AD datasets with sufficient sample size to 6 cases and 6 controls
each and show that reproducibility is highly variable even at the same
sample number (Supplementary Table 21).We then down-sampled the
cell numbersof theADdatasets to assess their effecton reproducibility
and found that reproducibility began to saturate ~0.05–0.1 (Supple-
mentary Fig. 18). This suggests that, particularly when doing analyses
involvingpseudo-bulking of broader cell types, single-cell experiments
should generally prioritize sequencing more individuals rather than
more cells per individual.

In addition to sample size, we noted that different studies used
different phenotyping criteria to categorize disease and control indi-
viduals. For example, the Hoffman study26 carefully selected AD indi-
viduals as those fulfilling a combination of neuropathological and
clinical criteria. In contrast, the Fujita and MathysCell studies47,48

intentionally encompassed a broader range of intermediate pheno-
types amongst their cases, likely reducing DEG detection power (when
using simple case-control DE designs) even with increased sample
number. As a result, we found that the Hoffman dataset displayed the
highest AUC of all individual AD datasets, driven not only by a large
number of individuals, but also likely by the pronounced phenotypic
contrasts that separate cases and controls.

We down-sampled AD datasets starting from either the most or
least reproducible and found that adding datasets with even low
reproducibility continues to increase or maintain the same overall
reproducibility of the meta-analysis DEGs, and even down to three
datasets, the reproducibility of themeta-analysis DEGs are higher than
those of the individual datasets (Supplementary Tables 19, 20) and
higher than the reproducibility of the 3 SCZ datasets. Consistent with
this, when we only analyzed the 11 AD datasets with at least 10 cases
each, the meta-analysis DEGs were not more reproducible than when
all 17 datasets were analyzed (Supplementary Table 19). We performed
a linear regression analysis of Braak Score on gene expression (while
regressing out relevant covariates) to determine if reproducibility
would improve with consideration of disease severity. Unfortunately,
this did not improve reproducibility (Supplementary Table 19),
potentially due to Braak scores being an imperfect correlate of disease
severity. We used Gene Set Enrichment Analysis (GSEA)49, a threshold-
free method to look at pathway enrichment that is generally more
robust to power differences, and looked at the overlap of pathways.
We found that therewas a substantial decline in pathwayoverlapwhen
down-sampling datasets (Supplementary Tables 22, 23) or individuals
(Supplementary Fig. 17), demonstrating that power differences only
account for some of the reproducibility differences, while biological
variability (captured by the increased number of datasets and indivi-
duals) also is important. We also looked at gene set consistency at
different thresholds by analyzing the top 25 genes from SumRank on
all datasets and assessed the ranks of these genes after down-sampling
datasets or individuals (Supplementary Fig. 19). We found that these
genes were usually in the top 500 genes, though their average rank
decreased as datasets or individuals decreased, demonstrating how
both power and biological variability impact reproducibility. We also
performed SumRank after mapping AD datasets to an AD-only refer-
ence (prefrontal cortex of AD patients from Mathys et al., Nature
202450) to assess for possible AD-specific cell types/states. We found a
slight decrease in reproducibility when only using the broader cell
types (AUC=0.76) as well as when using the more specific cell types
(AUC=0.65), which could be due to loss of cell type identity in AD51,
leading to worse cell mapping. However, the DEGs weremostly similar
and demonstrate some potential subtype-specific AD DEGs (Supple-
mentary Data File 8).
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DEGs found in meta-analyses reveal disease pathophysiology
We explored the biological pathways associated with the genes iden-
tified in our meta-analyses, initially utilizing gene ontology (GO) via
ClusterProfiler52. In the context of COVID-19, therewas anupregulation
of many interferon genes in CD4 and CD8 T cells, dendritic cells,
monocytes, and natural killer cells (Fig. 4 and Supplementary Fig. 7).
Thiswasmirrored in theGOpathwayswhich highlightedprocesses like
“response to virus”, interferon response, and other related biological
pathways (Supplementary Data File 9). We used gene sets generated
from a new stimulation-based Perturb-seq experiment that provided
more specific pathways than those generated by GOs53 and found that
the interferon-beta pathway in particular was upregulated in COVID-19
cell types more than the interferon-gamma, TNF-alpha, or TGF-beta 1
pathways (Supplementary Data File 10). Natural killer cells displayed
upregulated pathways linked to nuclear division and chromosome
segregation, stemming from the activation of cell cycle genes during
cell proliferation (Supplementary Fig. 7; Supplementary Data File 9). B
cells showcased elevated endoplasmic reticulum, protein folding, and
protein modification pathways, which can be tied to the antibody
production process. Across other cell types, there was a noticeable
downregulation of many ribosomal genes, captured under the “cyto-
plasmic translation” pathway, potentially as a measure to thwart viral
RNA translation (Supplementary Fig. 8).

For PD, the biological pathways upregulated were protein locali-
zation to the nucleus or mitochondria in oligodendrocytes and oli-
godendrocyte precursor cells (OPCs) and chaperone-mediatedprotein
folding in oligodendrocytes, OPCs, endothelial cells, and astrocytes
(Supplementary Data File 9; Supplementary Figs. 5 and 6), particularly
due to upregulation of chaperonin genes, including CCT3 and MAPT,
which also harbor GWAS variants in PD54. This is consistent with a
response to misfolded alpha-synuclein and Lewy bodies, which is the
process leading to the destruction of dopaminergic neurons55. Inter-
estingly, a top-downregulated microglia gene is PAK6 (Fig. 4), a PD
therapeutics target due to its role in phosphorylating LRRK2, a gene
mutated in sporadic and inherited PD that activates substantia nigra
microglia, triggering dopaminergic neuron death56.

For HD, we find upregulation of protein hydroxylation (PLOD1,
PLOD2, PLOD3, P4HA1, and P4HA2 genes) in ciliary ependymal cells,
which is necessary for CSF transport. Interestingly, we find dramatic
downregulation of synapse organization and neuron projection
development genes in FOXP2 neurons (Supplementary Fig. 12E; Sup-
plementary Data File 9; Supplementary Note), pointing to their dys-
function. This is consistent with reports that FOXP2 is degraded in HD
due to its interaction with the mutant huntingtin protein, diminishing
FOXP2 neuron function57. Indeed, FOXP2 overexpression rescues HD
behaviors in mice58, while downregulation of FOXP2 worsens HD
symptoms59, and deficits in FOXP2 lead to speech pathology that is
found in late HD.

For AD microglia, cytokine production and immune response
pathways were upregulated, likely promoting neurodegeneration and
AD progression60. In endothelial cells, negative regulation of growth
was upregulated, and in astrocytes, amino-acid catabolism was
downregulated (Supplementary Data File 9). The pathways, however,
were not consistent and were mixed with many other pathways of
unclear relevance. Given this, we used STRING61 to construct protein-
protein interaction (PPI) networks using AD DEGs, searching for dense
sub-networks that could improve our power to detect relevant biolo-
gical pathways (Supplementary Data Files 3, 4, and 6). This yielded
clearer signals. For example, the most densely connected network of
upregulated microglia genes was enriched for pathways in regulation
of lipid transport, driven by genes such as APOE, TREM2, and SORT1,
which are all AD GWAS genes62–64 (Supplementary Fig. 20). In
GABAergic neurons, chemokine driven cellular response, cell fate
specification, and wide pore channel activity (driven by the connexins
GJA3, GJA4, GJB2, and GJB4) were enriched in the most connected

upregulated network. For the most connected downregulated net-
works, signaling by neurotrophic tyrosine kinase receptors, such as
BDNF,DUSP4,DUSP6, andVGF, was enriched in glutamatergic neurons,
while in astrocytes, glutamate metabolism was enriched, together
showing how AD inhibits glutamatergic excitatory neuron growth and
function. When we applied this approach to PD, oligodendrocytes,
astrocytes, and OPCs show upregulation of networks enriched for
chaperone-mediated protein folding and protein localization to
mitochondria (Supplementary Fig. 21), while PD microglia show
upregulation of lipid transport, revealing a common mechanism with
AD microglia. Similarly, HD mural cells showed clear upregulation of
chaperone folding genes as the most densely connected network,
showing a possible common mechanism with PD glia.

In addition to these pathways, SumRank pointed to many genes
with very clear reproducibility across a large majority of datasets that
had not previously been highlighted by other AD papers in a cell-type-
specific manner. For example, PDE10A was downregulated in excita-
tory and inhibitory neurons (Supplementary Data File 3). PDE inhibi-
tors have long been proposed for AD65, and PDE10A inhibitors have
shown some improvement in AD symptoms66. We also observed
downregulation of HES4 in inhibitory and excitatory neurons, HES5 in
OPCs, VGF in inhibitory and excitatory neurons, and microglia, and
VEGFA in OPCs, all of which are involved in neuron67–69 and endothelial
growth70. Similarly, SPP1, a gene associated with synapse loss71, was
upregulated in endothelial cells and glutamatergic neurons, while
ADAMTS2, a gene that breaks down extracellular matrix in the brain72,
was upregulated in glutamatergic neurons. Together, this suggests
that AD pathophysiologymight involve inhibition of growth pathways,
which could decrease synaptic plasticity and contribute to the cogni-
tive dysfunction in AD; thus, therapeutics aimed at increasing these
factors might be useful55. The importance of G protein-mediated sig-
naling and amino acid and nucleotidemetabolismdysregulation in AD
was demonstrated by the fact that RASGRP3 and DPYD were upregu-
lated in microglia and SLC38A2 was upregulated in oligodendrocytes,
while ARRDC3 was downregulated in astrocytes and BCAT1 was
downregulated in oligodendrocytes. Lastly, we observed that the CAT
gene was downregulated specifically in glutamatergic neurons (in the
SumRank analyses but not in the merge or inverse variance analyses;
Fig. 2E). Catalase activity hadpreviouslybeen shown tobedecreased in
AD due to amyloid-beta73, and a catalase derivative has been proposed
as a possible therapeutic for AD to decrease oxidative stress from free
radicals74. These analyses suggest that CAT is specifically down-
regulated in glutamatergic neurons and not GABAergic inhibitory
neurons or other cell types, consistent with the observation that
excitatory neurons have increased oxidative stress and die at higher
rates in AD.

Our approach of focusing on reproducible genes and predicting
phenotypes in leave-one-out analyses provides some internal valida-
tion for our genes, but we wanted to compare with an independent
system of AD. We thus performed experimental validation of one of
the SumRank DEGs using the 5xFADmouse line, which is a well-known
model of late-onset AD75 that overexpresses a mutant human amyloid-
beta precursor protein, harbors multiple AD-associated mutations in
human presenilin 1, and has been shown to have many phenotypic
similarities to humans with AD, including amyloidosis and behavioral
impairment. We looked to test a gene that was significant in the
SumRank but not in the merge or inverse variance methods, and that
had potential therapeutic relevance, but with no prior known cell type-
specific data. We thus chose the BCAT1 gene, which we found only by
SumRank (not merge or inverse variance), to be downregulated in AD
oligodendrocytes and is a cytosolic amino acid transaminase in both
humans and mice. We performedmultiplexed immunohistochemistry
(IHC) staining on slices of the medial prefrontal cortex for BCAT1 and
measured the degree of staining inCC1 SOX10double-positive,mature
oligodendrocytes. We found that the 5xFAD mice had significantly
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lower BCAT1 expression in oligodendrocytes (Fig. 5), demonstrating
for the first time in both humans and mice that BCAT1 has
oligodendrocyte-specific decreased expression in AD. BCAT1 facil-
itates the transamination of branched-chain amino acids (BCAAs) to
produce glutamate and GABA, which are essential for cognition, while
elevated BCAAs can lead to neurotoxicity76; thus, decreased BCAT1
expression could lead to AD progression through elevated BCAAs or
decreased glutamate. Our findings also point to oligodendrocyte-
specific manipulation of BCAA metabolism as a potential therapeutic
for AD77. Notably, we also find BCAT1 specifically downregulated in
oligodendrocytes in HD.

We compared our meta-analysis DEGs to those exhibiting dif-
ferential snATAC-seq peaks, given that differential expression should
be correlated with differential chromatin accessibility. We used dif-
ferentially accessible peak data from a study performing snATAC-seq
on the prefrontal cortex of 44 AD cases and 48 controls51 and found
the genes whose promoters were nearest to the peaks. We found that
the SumRank DEGs had significant (p < 2.2e-16) enrichment for the
top genes from differential accessibility analysis and even more
enrichment than the DEGs from RNA of the same individuals from
whom the snATAC-seq data were derived (Supplementary Fig. 22),
providing an additional mode of validation. We then assessed the
intersection of the 708 unique AD DEGs at the 3.65 −log10(p value)
cutoff with genes found in the largest AD GWASs62–64 and found nine
unique genes out of the 105 genes in GWAS to be shared (Supple-
mentary Table 24; p = 1.3e-4, Fisher’s exact test). When we looked at
the intersection with AD whole-exome studies78–80, 4 of the 28 genes
were shared (p = 1.1e-4, Fisher’s exact test). Of the 1187 unique PD
DEGs at the 3.35 −log10(p value) cutoff, there were six unique genes
out of the 72 genes in PD GWAS54 shared (p = 2.0e-05). Despite this
indicating a statistically significant enrichment, it still represents a
relatively minor overlap, suggesting that the genetic variants
underlying predisposition to AD are often not the same as the genes
whose expression are altered downstream of individuals with mul-
tiple decades of AD. We also evaluated the overlap of AD, HD, and PD
genes and found 56 shared up-regulated genes amongst all 3 diseases
and many more up- and downregulated genes shared between pairs
of the diseases (Supplementary Data File 9). It is likely that these
shared genes represent a common neurodegenerative biological
pathway, but no significant GO enrichment was found.

Adaptation of SumRank to uncover sex-specific DEGs
The female sex-bias in AD81 motivated us to search for genes with sex-
specific expression. We performed two types of analyses (Fig. 6;
Methods). First, we used DESeq2’s interaction term (SEX:Diagnosis) to
look for genes with significant interaction between Sex and Diagnosis
within eachdataset.We then fed these values into SumRank, adding up
thep value ranks of the genes across eachdataset, consideringonly the
top 65% of datasets (to be consistent with the general analyses), and
using permutations (permuting sex) to calibrate the p values. This
analysiswillfindall geneswith significant differences in case vs. control
gene expression between the sexes, but it could also find genes with
decreased expression in one sex and unchanged expression in the
other sex.

In order to focus on genes that have upregulated expression in
one sex but are unchanged in the other, we devised another method
that works by summing up four different scores to create a composite
score. We performed differential expression and SumRank meta-
analyses in DESeq2 to obtain p values for scores between males and
females in only cases and in only controls, aswell as cases vs controls in
onlymales and in only females. Female-specific scores were calculated
as the sum of the −log10(p values) of the cases vs. controls in females,
with the −log10(p values) of the females vs. males in cases subtracted
by the −log10(p values) of the cases vs. controls in males and the
−log10(p values) of the females vs. males in controls. Male-specific

scores were calculated analogously, and we calibrated all p values
empirically with permutations.

At q value or Benjamini–Hochberg-based FDR cutoffs of 0.05, no
genes were significant with both methods, so we loosened our
thresholds. We looked for genes that had −log10(p values) above 3.65
(the threshold chosen for the general analyses) in the Composite Score
approach and were in the top 15 genes (0.1%) in the Sex Interaction
approach. This led to the discovery of several female-specific genes,
SLITRK5 in OPCs, ZFP36L1 and DUSP1 in astrocytes, DAPK2, APOE, and
OR4N2 in GABA inhibitory neurons, and two male-specific genes,MYC
and IL16 in glutamatergic neurons (Fig. 6, Supplementary Fig. 23,
Supplementary Data File 11). Of these, only ZFP36L1 and SLITRK5 were
significant in the compositemethod at an FDR0.05 cutoff. ZFP36L1 is a
3’UTR binding protein that influences transcriptional regulation and
has been found to be a DEG that is a candidate biomarker for AD82–84.
Interestingly, the APOE risk factor is known to have a stronger asso-
ciation with females relative tomales85. We also applied thismethod to
COVID-19 and found CLU in dendritic cells and monocytes, MT1E in
other_T cells and G0S2 in CD4 T cells as male-specific expressed and
CAMK1 in dendritic cells as female-specific expressed (Supplementary
Data File 11).

The lack of clearly significant genes in any of the SumRank sex-
specific analyses is likely due to insufficient power, because these
analyses require at least twice as many individuals as the case-control
analyses, given the extra consideration of sex. In addition, it is also
probable that the sex-specific effect sizes are much smaller than the
effect sizes differentiating cases vs. controlsmore generally, so overall,
these results underscore the need for more data to better delineate
these effects. We note that when we used the merge method with
DESeq2 sex interaction, we found several genes thatwere significant at
Bonferroni corrected p value thresholds of 0.05, but these genes were
not significant and ranked very low in the SumRank methods due to
only being significant in one or a few datasets (Supplementary Fig. 24),
showing again the importance of reproducibility in these analyses.

Discussion
Here, we assessed the reproducibility of DEGs acrossmanyAD, PD,HD,
SCZ and COVID-19 datasets. We find that DEGs from single AD and SCZ
datasets generally have poor reproducibility and thus cannot predict
case-control status in other AD or SCZ datasets, though predictive
power is improved with increased numbers of individuals in the study.
In contrast, even small individual PD, HD, and COVID-19 studies have
moderate predictive power for case-control status in other datasets.
This study provides strong evidence that for diseases of high hetero-
geneity like AD and SCZ, the DEGs of case-control datasets of relatively
small sample sizes (fewer than 100 total individuals), even when
derived in a statistically rigorous manner, have a low likelihood of
being reproduced in many other datasets and thus are more likely to
be dataset specific artifacts rather than reliable indicators of disease
pathology. In contrast, acute diseases or those with more uniform
responses, such as PD, HD, and COVID-19, produce DEGs with mod-
erate reproducibility across studies.

This presents a paradox in that for diseases with heterogeneous
gene expression and low reproducibility, likely including many neu-
ropsychiatric diseases, it is more important to ensure that genes are
found reproducibly across multiple studies to avoid false positives.
Motivated by this, we provide here a path towards GWAS-level repro-
ducibility through the development of a meta-analysis method (Sum-
Rank) that prioritizes reproducibility across datasets. We show that
SumRank outperforms merging of datasets with batch correction (the
standard scRNA-seq method) and combining effect sizes with inverse
variance weighting (the standard GWAS method). The DEGs found by
SumRank have improved specificity as measured by the ability to
predict case-control status in left-out datasets and demonstrate that
many previously highlighted genes thought to be differentially
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Fig. 5 | Experimental validation of a meta-analysis AD DEG in a mouse model.
A Schematic of an experiment measuring cell type-specific expression in the
medial prefrontal cortex of 5xFAD mice from 8–10 months old. Created in
BioRender. Adler, D. (2025) https://BioRender.com/fl5uw8o. B Expression of
BCAT1 in oligodendrocytes in human postmortem snRNA-seq datasets. Values
above the line (intercept = 0, slope = 1) are upregulated, while values below the
line are downregulated. Points are means, and error bars are standard devia-
tions. C Protein expression of BCAT1 in oligodendrocytes of 5xFAD and WTmice

obtained by quantifying the mean fluorescent intensity (MFI) expressed as fold
change (FC) over WT animals (n = 7 WT, 11 5xFAD mice). Data represented as
mean ± s.e.m. Results are significant at p = 0.0026 (students’ two-tailed unpaired
t test). D Representative multiplexed immunohistochemistry (IHC) staining of
cortical slices from a 5xFAD mouse of BCAT1 and 2 oligodendrocyte-specific
markers (SOX10 and CC1), along with the merged image (Scale bar = 50 µM large
images, 10 µM insets). Source data are provided as a Source Data file.
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expressed in AD do not show differential expression across many
datasets. The inverse variance method, though successfully utilized in
GWAS, performs poorly for meta-analysis of scRNA-seq data due to
dataset-specific artifacts that are carried through, such that some
genes with very low p values in a small number of datasets are con-
sidered significant even though they are not differentially expressed in
most datasets. This effect is much more pronounced in single-cell
studies relative to GWAS due to the lower stability of RNA expression
relative to DNA, leading to a greater propensity for very poorly cali-
brated p values. The merge method generally works much better than
the inverse variance method (likely due to DESeq2’s ability to have a
dataset covariate correction), but still performs more poorly than the
SumRank method for the same carried-over artifact issue. Moreover,
the merge method is much slower than the other methods, as the
merge process can take several hours, particularly for large datasets.

With the SumRank method, we were able to uncover COVID-19
biology, such as the division of NK cells and the downregulation of
ribosomal genes. For PD, we consistently found upregulation of
chaperone-mediated protein folding and protein localization to the
nucleus and mitochondria across multiple cell types, with GWAS
genes driving the signal. For HD, we find a dramatic downregulation
of synaptic function in FOXP2 neurons. We also use PPI networks to
increase biological pathway clarity, demonstrating upregulation of
lipid transport in AD and PD microglia and downregulation of glu-
tamate functioning via astrocytes and glutamatergic neurons, dri-
ven by key GWAS genes and consistent with known dysfunction of
glutamatergic neurons in AD. Users can employ similar tools to
improve biological insight from SumRank DEGs. We validate the
BCAT1 gene as downregulated in oligodendrocytes of humans and
mice with AD.

A particularly interesting finding was that SCZ has the lowest
reproducibility of the studied diseases, which could be due to its
relatively increased biological complexity. SumRank only slightly
increases reproducibility for SCZ (mean AUC=0.55 for individual
datasets and 0.62 for SumRank). We believe highly complex diseases

like SCZ will likely require either sub-phenotyping to find more bio-
logically homogeneous cohorts or much larger sample sizes and/or
more datasets to achieve clear reproducible DEGs, similar to GWAS for
SCZandautism,despite thehighheritability of thesediseases86. ADhas
lower reproducibility than PD, HD, and COVID-19, but still has hun-
dreds ofDEGs.Nevertheless, the biological inferencewas less clear due
to the large number of pathways discovered with less support for each
one. This could indicate true biological heterogeneity (i.e., relatively
more distinct pathways all contributing to this disease), which would
decrease power for pathway inference. Analyzing reproducibility of
networks using approaches such as WGCNA87 or with alternative data
sources such as ATAC-seq, ChIP-Seq, metabolomic, or proteomic88

data could improve inferences. We also note that for our analyses, we
pseudobulk at both broad cluster levels aswell asmore narrowneuron
levels. Our choice of cluster resolution will inevitably obscure het-
erogeneity within the clusters, while there will be cell type-specific
DEGs at other cluster resolutions, some of whichmight be relevant for
the disease. SumRank is a generic method that can be used at any cell
type resolution, so additional studies can be performed to assess
biological pathways that may be found in potentially more rare cell
types or subpopulations.

Single-cell transcriptomic case-control studies have, to date,
involved limited numbers of individuals for studies outside of AD and
COVID-19, and for many neuropsychiatric disorders, it will likely take
many years to reach the same cohort sizes and number of studies as in
AD and COVID-19. It is thus critical to apply the lessons learned here to
diseases with increasing numbers of individuals sequenced. Our
results suggest that when designing scRNA-seq case-control studies, it
is more important to sequence a larger number of individuals rather
than more cells once there are over ~40 cells per cell type of interest
(when pseudo-bulking). Investigators could also consider looking at
extremes of phenotypes to increase power. Most importantly, it is
critical for all studies, particularly small ones (fewer than 50 cases and
controls each, based on observations from this study), to demonstrate
clear reproducibility in the DEGs discovered and show that (ideally for

Fig. 6 | Schematic of the two methods used for assessing sex-specific
expressed genes. The sex interaction method uses the SumRankmeta-analysis on
the p values of the sex:diagnosis term from DESeq2, while the Composite Score
method takes the composite of 4different SumRank scores (shownhere for female-
specific scores; the male-specific score is defined analogously). On the bottom left
is a schematic of an example female-specific expressed gene. The Manhattan plots
highlight the ZFP36L1 gene. P values were obtained by permutation testing (see

Methods for details). The ratios ofmean expression of cases over mean expression
of controls of ZFP36L1 in females (y axis) and males (x axis) are plotted in the
bottom right. Values above the line (intercept = 0, slope = 1) are up-regulated in
females more than males, while values below the line are up-regulated in males
more than females. Points are means, and error bars are standard deviations. Plots
of the expression of ZFP36L1 in individuals within each dataset are in Supplemen-
tary Fig. 23. Source data are provided as a Source Data file.
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each individual gene) this reproducibility exceeds the reproducibility
expected by chance.

We lastly highlight limitations of the SumRankmethod and single-
cell meta-analysis methods in general, which will be important to
overcome in the future to produce GWAS-quality meta-analyses. For
the SumRank method in particular, a substantial limitation is the lack
of weighting, which can cause power limitations. We were not able to
come upwith a reliablemethod for weighting the studies, because, for
example, although there was a general correlation of predictability of
DEGs (AUC) with number of individuals, the relationship was not uni-
form as some larger studies had poorer predictive power for reasons
such as more heterogeneous phenotyping or poorer sequencing
quality (e.g. multi-ome data in the Su COVID-19 dataset), so weighting
by number of individuals, number of cells, or sequencing depth could
lead to substantial biases. SumRank also requires multiple datasets of
the same tissue region at the same context, or the method will usually
lose power and fail to find context-specific signals. One possible way to
find these signals is to first assess for more homogeneous clusters of
individuals or datasets, apply SumRank to these subsets of the data,
and then determine the characteristics of the individuals/datasets
leading to the unique signals. The primary computational burden of
SumRank is performing multiple rounds of differential expression
after permutations. For 4 COVID-19 datasets on one cell type (Mono-
cytes), the SumRank command itself takes only 36.8minutes to run
1000 times on a standard laptop, while additional datasets add less
than linear time (42.2minutes for 8 COVID-19 datasets), while the
merge process takes 44.4 and 119.3minutes for 4 and 8 datasets,
respectively, showing non-linear scaling, and the inverse variance
process takes 111.7 and 149.7minutes. However, running DESeq2 on
1000 differential expression permutations of the same datasets takes
9.3 hours (if not parallelized), which will be required for all methods if
p values are obtained empirically. It is currently unclear how to speed
up thedifferential expressionprocess, but this study used clusterswith
parallelization to ensure a reasonable analysis time. SumRankwas used
in this studywith a discrete cluster-based analysis of cases and controls
with separate analysis of cell types, though in future work, it can be
adapted to analyze cell and phenotype heterogeneity on a continuous
spectrum and with cellular communities rather than discrete cell
types. Lastly, a SumRank-specific limitation is the optimization of the
choice of the number of datasets to use, which can increase compu-
tational time. Other limitations are generic to all single-cell meta-ana-
lysis methods. For example, there is currently no method to account
for possible relatedness amongst the individuals either within or
across datasets, unlike GWAS meta-analyses, which are now able to
condition out relatedness without fully removing related individuals89.
Accounting for relatedness is likely more difficult for RNA and other
modalities relative to DNA, but future meta-analyses could potentially
account for this by either having genotyping of all patients or looking
for increased correlation in expression above the background. Simi-
larly, population structure (e.g., individuals of a certain ethnic back-
ground being enriched in cases) could lead to spurious associations
and must be accounted for in future analyses.

Refinement of GWAS methodologies, including addressing many
of these issues, took over a decade90. Meta-analyses of single cell data
face many challenges beyond those of genetic data, such as a greater
propensity for dataset specific artifacts (due to the relative instability
of RNA and potential for gene expression changes during technical
processes), expression differences across tissues and tissue regions
(increasing the noise when combining datasets), differences in life
environments between cases and controls (e.g., medication use), and
less clear principles for how genetic relatedness affects gene expres-
sion between individuals.On the other hand, the average effect sizes of
RNA are usually much higher than genetic effect sizes, which are
brought down due to natural selection, as evidenced by the mean
effect size of individual DEGs for AD in this study being 1.40 relative to

1.05 for AD GWAS62. This means it is likely that lower sample sizes will
be required for single-cell case-control analyses relative to GWAS.
Overall, this study is intended to take a strong step in bringing single-
cell case-control studies to GWAS levels of reproducibility, which we
hope will clarify the cell-type-specific biological changes involved in
different conditions, ultimately leading to more reliable drug targets
to reverse disease pathophysiology91.

Methods
Ethics
This study complied with ethical regulations as indicated by the stu-
dies of each of the previously published scRNA-seq and snRNA-seq
datasets. Formouse experiments, all procedureswere approvedby the
NYU School ofMedicine Institutional Animal Care and Use Committee
and all ethical regulations provided by NYU were followed under
protocol IA16-01351.

Datasets
Count matrices were downloaded from GEO for GSE129308 (Otero-
Garcia et al.92), GSE147528 (Leng et al.93), GSE140511 (Zhou et al.94),
GSE138852 (Grubman et al.95), GSE174367 (Morabito et al.96),
GSE157827 (Lau et al.97), GSE163577 (Yang et al.98), GSE183068 (Sayed
et al.99), GSE148822 (Gerrits et al.100), GSE160936 (Smith et al.101),
GSE167494 (Sadick et al.102), GSE157783 (Smajic et al.10), GSE184950
(Wang et al.15), GSE193688 (Adams et al.14), GSE243639 (Martirosyan
et al.12), GSE148434 (Lee et al.13), GSE173731 (Garcia et al.103), GSE180928
(Limet al.23), andGSE152058 (Matsushima et al.21). Othermatrices were
downloaded from Synapse (Mathys et al.44, Mathys et al.48, Hoffman
et al.26, Fujita et al.24, Ruzicka et al.4), CellxGene (Gabitto et al.45),
Zenodo (Batiuk et al.5: https://zenodo.org/records/6921620), NEMO
(Ling et al.6 and Handsaker et al.104), the Broad Institute Single Cell
Portal (SCP1768: Kamath et al.11), or from the authors directly (Barker
et al.105). Relevant meta-data were also retrieved from the corre-
sponding publications. COVID-19 datasets were obtained from Tian
et al.106.

Quality control and data processing
Countmatrices were first converted to Seurat objects using the Seurat
V4 pipeline. Mitochondrial percentage, nCount_RNA, and nFeature_-
RNA were assessed for each dataset, and cells with outlier values were
removed from the dataset (Supplementary Data File 1). Subsequently,
SCTransform v2 was performed for normalization and variance stabi-
lization of the data, then PCA was run with 30 PCs maintained, and
UMAP was run on the PCA-reduced dataset with dims 1:30 selected.
Cell types were then determined by mapping to the class and subclass
groupings of the Azimuth motor cortex for AD and SCZ datasets and
the Azimuth PBMC reference for COVID-19 datasets using Find-
TransferAnchors in Seurat with 1:30 PCA dimensions, and refDR
reduction, with all other settings left at default. Mapping to the Azi-
muth reference ensures that even if the mapping is not perfect, there
likelywill benobias since themapping quality shouldbe similar for the
cases and controls within each dataset. For PD and HD datasets the
cellsweremapped to theKamath et al.11. PD andMatsushimaet al.21. HD
datasets, respectively, due to lack of other reliable midbrain and cau-
date references. For the Lim HD dataset, we observed that the FOXP2
cells did not have reliable mapping, so we did not include them in our
analyses (see Supplementary Note).

Differential expression
Each dataset was pseudobulked by obtaining either the aggregate sum
of all counts (for DESeq2 analyses) or the mean value (for all other
analyses) for each cell type at the Azimuth class or subclass level for
each individual in each dataset. Differential expression was done by
comparing cases to controls within each cell type and using multiple
different methods. For our general analyses, DESeq230 was used to
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compare cases to controls with logfc.threshold andmin.pct set to 0 to
ensure that all genes were included (pseudocount.use was set at 1 due
to the need for round count numbers for DESeq2). No normalization is
needed prior to DESeq2 analyses, because DESeq2 performs internal
normalization through its median of ratios method to account for
sequencing depth and RNA composition. Mitochondrial genes were
removed from all results, and the final gene set was chosen as the
intersection of all of the datasets for the particular disease, leading to
15,201 genes for AD, 11,067 genes for COVID-19, 17,823 genes for PD,
14,833 genes for HD, and 17,420 genes for SCZ. To test down-
regulation, differential expression was done between controls relative
to cases with the same downstream process repeated as for the
upregulated genes. Violin plots were made in Seurat using the VlnPlot
command after subsetting to the cell type andgeneof interest. DESeq2
was also used in separate differential expression analyses while
regressing out relevant clinical covariates (any of the following if they
were present in the dataset’s metadata: sex, age, PMI, RIN, education
level, ethnicity, language, age at death, batch, fixation interval,
nCount_RNA, and nFeature_RNA) using design = ~Diagnosis+Clinical-
Covariate. Differential expression was also done using logistic regres-
sion with the “FindMarkers” function in Seurat V4 with test.use = “LR”
and latent.vars set to the clinical covariateswith all other settings set to
default. Linear regression was performed in R, fitting a model of Braak
score on gene expression and clinical covariates using the “lm” func-
tion in base R with all other settings set to default.

To test the ability of each gene to predict case-control status in
each dataset (as a separate analysis from the general differential
expression analyses above), we used logistic regression models of
case-control status with and without each gene as implemented in the
“FindMarkers” function in Seurat V4 with test.use = “LR”, pseudo-
count.use=0.01, logfc.threshold=0, min.pct=0 (with all other settings
at default) and obtained the log2fc and p values for each gene sepa-
rately for each cell type and each dataset. We then took the mean of
each gene’s abs(log2fc) and signed −log10(p values) (negative for
genes with negative log2fc values) in all datasets to obtain each gene’s
average ability to predict case-control status across all datasets
(separately for each cell type).

To test the Ruzicka et al. differential expression pipeline, we
converted the provided ACTIONet RDS object into a single-
cellexperiment object and separated the dataset into theMcLean and
MtSinai cohorts. We then created pseudobulk profiles with the mean
of log-transformed counts within each individual and cell type. We
filtered out the SZ3, SZ15, SZ24, SZ29, and SZ33 individuals and cells
with a capture rate less than 0.05, as done by Ruzicka et al. We then
removed the effect of batch and HTO variables using the remove-
BatchEffect function in limma107 version 3.46.0, while incorporating
age (split in half into older age and younger age), sex, postmortem
interval, and the log transform of average number of UMIs per cell.
We then used muscat version 1.18.0 to perform differential expres-
sion with the limma-trend model using muscat default filtering for
genes and min_cells=10 (see Supplementary Note for more details
and explanation).

SumRank meta-analysis
The genes of all datasets were ranked by their signed −log10(p values),
with genes having negative log2(fold-change)s being set to negative so
that downregulated genes would be at the bottom and up-regulated
genes at the top. The ranks of each gene for each dataset were then
normalized by first subtracting one from them and then dividing by
one less than the total number of genes (so that the highest-ranked
gene was 0 and the lowest-ranked gene was 1). To improve power, by
removing the influence of datasets that might have poor scores for
artifactual reasons, only the ranks of the top datasets were considered
for each gene. The number of datasets chosen for consideration was
based on the ability of its resulting gene set tomost accurately predict

case-control status in left-out datasets (measured by AUC; see below),
with the additional specification that at least half of the datasets be
used. AUC (area under the receiver operating characteristic (ROC)
curve) is the area under the ROC curve, which plots sensitivity against
specificity. We took the sum of the normalized ranks of the top data-
sets for each gene. If the sum was greater than the number of datasets
divided by two, we set the value to the number of datasets divided by
two (to ensure that genes that were consistently not differentially
expressed would not be considered significant).

The AUC represents the probability that the model, if given a
randomly chosen positive and negative example, will rank the positive
higher than the negative, with 1.0 being a perfect score and 0.5 being
the lowest score. This metric allows us to compare the performance of
differentmodels, assuming the datasets are roughly balanced between
cases and controls. The Irwin-Hall distribution is the theoretical null
distribution for the SumRank statistic, because it assumes that the
genes in each study are uniformly distributed and each study is inde-
pendent of the other, and the Irwin-Hall distribution is the sum of
independent, uniformly distributed randomvariables.We thus initially
obtain p values for each gene using an Irwin-Hall distribution (two-
sided) as implemented in the unified version 1.1.6108 package, dirwin.-
hall function, with the number of datasets as the number of uniform
distributions specified. However, it is possible that genes are not uni-
formly distributed, given the complexities of gene expression, and we
also chooseonly a subset of datasets for each gene, so for bothof these
reasons, the distribution will deviate from Irwin-Hall. We thus cali-
brated the p values by permutations (see below).

Merge meta-analysis
After quality control, the Seurat objects for each dataset were first
subsetted to the relevant cell type and then merged using the Seurat
merge function with all settings at default. The count matrices for the
merged objects had 1 added to them (for a pseudocount) and were
then converted to DESeq dataset types with the DESeqDataSet-
FromMatrix command with design = ~Diagnosis+Dataset, to provide
some accounting for dataset-specific batch effects (this design
regresses out dataset-specific artifacts). DESeq2differential expression
was then performed, and results were extracted for the Diagnosis
variable (p values and log2 fold-changes for each gene).

Inverse variance meta-analysis
Differential expression effect sizes (log2 fold-change) and standard
errors for each gene and each dataset were obtained from the DESeq2
output as described in the Differential Expression section above (with
design = ~Diagnosis and no other variables regressed out). These
summary statistics were then put into the metagen function from the
meta version 6.5.0 R package42 to obtain combined effect sizes across
the datasets with sm = “OR” (to specify odds ratio was used), fix-
ed=FALSE, random=TRUE (to specify using a random effects model,
given the expected heterogeneity in the datasets), method.tau =
“REML” (restricted maximum likelihood method to obtain the esti-
mator from inverse variance weighting), hakn=TRUE (Hartung and
Knapp statistic adjustment), control=list(stepadj=0.1,maxiter=10000).
These parameters are recommended to minimize the risk of false
positives42. The effect sizes were obtained from TE.random, and the p
values obtained frompval.random (two-sided). Whenwe attempted to
improve the inverse variance method by only taking a certain per-
centageof topdatasets, we found that thisdidnot increase theAUC, so
we retained all datasets for this analysis.

Permutations for obtaining empirical p values
To calibrate p values for case-control differential expression, permu-
tations of case and control status were performed either 1000 or
10,000 times by sampling without replacement from the diagnosis
labels of each individual (1000 times for the sex analyses and 10,000
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times for the general case-control analyses). We chose 10,000 per-
mutations for the case-control analyses, since this allows us to obtain p
values < 1e-8, which is 1/(10,000*15,000), where 15,000 is the
approximate number of genes tested (1000 permutations allows us to
obtain p values < 1e-7; since no gene reached near that p value for the
sex-specific analyses, we believed that 1000 permutations would be
sufficient). The relevant analysis procedures were then done in the
standard way (as specified above) to obtain negative log p values for
each gene. The null distribution for the real data was then taken to be
the full list of all −log10(p value)s across all permutations and all genes
(i.e., the length of the list was the number of permutations times the
number of genes). P values for the real datawere then calculated as the
proportion of times the–log10(p value)s of the null distribution list
were higher than the value of the gene for the real data.

For the analyses of sex differences, the permutations were done
the same way, except permuting the sexes within the controls and
cases separately (and no permutations of diagnosis status). The sex-
specific analyses (seebelow)were then conducted in the samemanner,
and empirical p values for the real data were obtained with the same
method as for the case-control differential expression.

Leave-one-out analyses
The accuracy of genes obtained fromeach analysiswas assessedby the
ability of the genes to predict case-control or disease severity in left-
out datasets. For each analysis where this approach was conducted,
the analysis was conducted with all datasets except one that was left
out (alternating so that analyses were done with each dataset left out).
The resulting gene sets were then used to create a “transcriptional
score” for each individual specific to each cell type using the AddMo-
duleScore_UCell from the UCell package (v1.3)41 with maxRank set to
16,000 to ensure that all genes were used for the analyses. Scores of 0
were set to NA. UCell scores were normalized such that for each cell
type, the minimum of the scores was subtracted from each score, and
the results were then divided by the range of the scores for that cell
type (maximum score minus minimum). Missing scores were then set
to themean of the scores of that cell type. When the gene set included
multiple genes, a composite transcriptional score was created for each
individual as the sum of the UCell scores across each cell type for up-
regulated genes minus the sum of the UCell scores across each cell
type for downregulated genes (note: endothelial cells in AD datasets
were not used due to incomplete coverage on all datasets for this cell
type and the observation that including it decreased AUC).

A logistic regression model was created from the UCell scores of
each individual and their diagnosis statuses using all datasets except
the left-out dataset. This model was then tested on the UCell scores
and diagnosis statuses of the left-out dataset, with AUC determined
from “auc” function of the pROC R package version 1.18.4109. To
determine the ability of the genes to predict disease severity, a linear
regressionmodel was created from the UCell scores of each individual
and their disease severities (Braak scores for AD, on a scale of 0 to 6,
and a scale from 0 to 3 for COVID-19, with 1 indicating mild, 2 indi-
cating moderate, 3 indicating severe based on clinical status of the
patients). For the disease severity calculations, only disease cases were
used to prevent confounding from the ability to predict general case
vs. control status. For COVID-19 analyses, only datasets that had all cell
types were used. For AD analyses, the Barker dataset was not used for
disease severity calculations, because this dataset specifically focused
on individuals with high Braak scores (some of whom had normal
cognition and some of whom had impaired cognition).

We used the matrix of UCell scores for each individual across all
datasets and all cell types and performed a heatmap using R with the
settings symm=T and all other settings set to default. RCA Gene Lists
were obtained specifically for each cell type by using each individual
gene to create a UCell score for each dataset and then following the
same process as above. We separated the genes into up- and

downregulated sets based on whether the mean expression of the
gene was higher in cases relative to controls or vice versa in all data-
sets. We then ranked each list by its mean AUC in predicting the case-
control status of the individuals in each dataset. These lists were called
“RCAGene List” throughout the paper. RelativeClassificationAccuracy
was defined as the AUCs from the RCA Gene List, normalized by sub-
tracting the minimum value for the particular disease and dividing by
the range of AUCs for that disease.

Hoffman, Fujita, MathysCell, and Stephenson dataset individual
down-samplings were performed by taking a random sample (with
replacement) of cases and controls 20 times for each number of cases
and controls and repeating the standard individual dataset analyses as
described above. Cell number down-sampling was performed by ran-
domly taking different proportions (0.001, 0.005,0.001, 0.05, 0.1, 0.5)
of cells from each dataset and then performing differential expression
and SumRankmeta-analyses asdescribed above. ADdatasetswere also
down-sampled one at a time, either from the most reproducible (as
measured by gene set AUC) or the least reproducible. SumRank meta-
analysis was then performed with these down-sampled sets of data-
sets, with 65% of datasets chosen unless this number was <7, in which
case either 7 datasets were chosen or all datasets were chosen (if this
was <7).

Sex-specific analyses
Two methods were used to determine sex-specific differential
expression. Thefirstmethodwe call the Sex InteractionMethod. In this
method, differential expression was performed for each dataset with
DESeq2 using the counts matrix of the data subsetted to cell type and
using design = ~Sex+Diagnosis+Sex:Diagnosis. This design tests the
effect of each term (Sex, Diagnosis, and Sex:Diagnosis) on gene
expression. We took the effect sizes of the interaction term (Sex-
F.DiagnosisAD) and obtained their p values for each dataset. The
signed−log10(p values) for eachdatasetwere then combinedusing the
SumRank meta-analysis method described above, with p values cali-
brated empirically using permutations as described above.

The second method is called the Composite Score Method. In
this method, four different scores were combined to create a com-
posite score. Standard differential expression was performed in
DESeq2 betweenmales and females in only cases (Score 1) and in only
controls (Score 2), as well as cases vs controls in only males (Score 3)
and in only females (Score 4). SumRank meta-analyses were then
performed for each of these individual analysis types to obtain
−log10(p values). For female specificity, the composite score was
calculated as the sum of the −log10(p values) of the females vs. males
in cases, with the −log10(p values) of the cases vs. controls in females
subtracted by the −log10(p values) of the females vs. males in con-
trols and the −log10(p values) of the cases vs. controls in males
(Score 1 + Score4 - Score3 - Score 2). For male specificity, the com-
posite score was calculated as the sum of the −log10(p values) of the
males vs. females in cases, with the −log10(p values) of the cases vs.
controls in males subtracted by the −log10(p values) of the males vs.
females in controls and the −log10(p values) of the cases vs. controls
in females. These p values were then calibrated empirically with
permutations as described above. We looked for genes that had
−log10(p values)>3.65 in one of the analyses and were in the top 15
(0.1%) of genes in the other analysis.

For several of the COVID-19 datasets, some of the sex statuses of
the individuals were not listed, so these were obtained by creating a
composite RNA score of Y chromosome genes (NLGN4Y, LINC00278,
TTTY14, TMSB4Y, EIF1AY, USP9Y, KDM5D, ZFY, UTY, DDX3Y, and
RPS4Y1), whichwere able todifferentiate sexes in the datasetwell (total
expression of these genes >10 was defined as genetic male).

The ratio of mean expression of cases over mean expression of
controls for females and males was calculated for plotting. The stan-
dard deviations for these were calculated by the error propagation
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formula as Ratio*p sdðAÞ
MeanðAÞ

� �2
+ sdðBÞ

MeanðBÞ

� �2
� �

, where Ratio is mean(A)/

mean(B), and A is the expression in cases, while B is the expression in
controls. Standarddeviations were calculated separately formales and
females, and both were plotted.

Human genetic comparisons
Significant genes from GWAS of AD62–64 and PD54 were inferred as the
genes most proximal to the genome-wide significant genetic variants
from the studies or those prioritized through various metrics by the
study authors. Significant genes from AD whole-exome association
studies78–80 were inferred as the genes with exons harboring the
significant genetic variant. We assessed the statistical significance of
overlap of the meta-analysis genes with human genetic genes by
Fisher’s exact test (two-sided) as implemented in R (fisher.test
function).

GO analyses
Cluster Profiler 4.052 was used to find biological pathways with statis-
tically significant enrichment from the meta-analysis gene sets. The
organism was set to human (org.Hs.eg.db), ont (subontology) was set
to BP (biological process), and pvaluecutoff was set to 0.05. The up-
and downregulated gene sets were analyzed with these settings, with
the rest of the settings at default.

COVID-19 pathways were also analyzed by comparing the overlap
of the up-regulated genes in each cell type to the gene sets derived
from a database generated by Perturb-Seq experiments in which six
cell lines were stimulated with different perturbations (interferon-
beta, interferon-gamma, transforming growth factor beta 1, and tumor
necrosis factor-alpha) and then had expression of individual genes
knocked downwith CRISPR guides to assess the effect of each gene on
the perturbation response. This provided more specific gene sets for
these pathways than could be obtained by standard GO53. The specific
pathways were coded as IFNG_REMOVE_IFNB; IFNB_REMOVE_IFNG;
IFNG_REMOVE_TNFA; TNFA_REMOVE_IFNG; IFNB_REMOVE_TNFA;
TNFA_REMOVE_IFNB; TNFA_REMOVE_TGFB1; TGFB1_REMOVE_TNFA,
where each gene set was the genes involved in the specific perturba-
tion pathway that were not involved in other pathways. The overlap of
the meta-analysis up-regulated genes with the top 100 genes from
each pathway was examined to determine more specifically the path-
ways involved in COVID-19 in each cell type, where the dominant
pathwaywas determined as the pathwaywith the highest overlap after
removing the genes from other pathways with high overlap.

Overlap calculations
GSEA was used as implemented in the Cluster Profiler 4.052 and
MSigDB v7.5.149 packages. GO gene sets were obtained with the
msigdbr command with species “Homo sapiens”, category “C5”,
subcategory “GO:BP”. GSEA was then performed on the ranked,
signed −log10(p values) of differential expression obtained from
pseudo-bulked DESeq2 analyses (as in the Differential Expression
section above) using the GSEA command with pvalueCutoff = 1.1 and
all other settings at default. The pvalueCutoff was set to 1.1 to ensure
all pathways were present in the final output. Overlap of GSEA
pathways was also performed after down-sampling datasets or indi-
viduals. In the first analysis, the top 20 upregulated GSEA pathways
(ranked by p value) were obtained from the upregulated genes after
SumRank was performed with all AD datasets performing GSEA as
above. This was then compared with the top 100 upregulated path-
ways after performing SumRank with different numbers of datasets
removed. These analyses were done with all broad cluster types
(oligodendrocytes, astrocytes, OPCs, glutamatergic neurons, endo-
thelial cells, GABA-ergic inhibitory neurons, and microglia) and for
both up- and downregulated genes and the average proportion of

overlap was calculated. In the second analysis, the top 20 upregu-
lated GSEA pathways were obtained from the upregulated genes of a
random subset with 340 individuals (170 cases and 170 controls) of
the MathysCell dataset. This was then compared with the top 100
upregulated pathways based on differential expressionwith different
down-samplings of individuals from the MathysCell dataset, and
proportion overlap was calculated in the same way. The same ana-
lyses were then done with downregulated genes.

Gene set consistencywas analyzed by obtaining the top 25-ranked
genes after SumRankwas performedwith all AD datasets. The ranks of
these genes were then obtained in the signed −log10(p value) ordered
SumRank genes after down-sampling datasets. These analyses were
done with all broad cluster types and for both up- and downregulated
genes, and each individual rank was plotted. The top 25 genes were
obtained from the signed −log10(p value) ordered genes of a random
subset with 340 individuals (170 cases and 170 controls) of the
MathysCell dataset. The ranks of these genes were then assessed in the
signed −log10(p value) ordered SumRank genes after down-sampling
individuals. For each down-sampling, the mean rank across all broad
cluster types and up- and downregulated genes was plotted.

Mapping to Mathys et al. Nature, 2024 AD atlas
AD datasets were mapped to an atlas composed of the AD individuals
from Mathys Nature 202450 using the same FindTransfersAnchors
approach as described above for major_cell_type and cell_type_-
high_resolution of the Mathys dataset. The data were then pseudo-
bulked at the individual level within each cell type, and reproducibility
was assessed as described above.

snATAC-Seq analyses
Differentially accessible peaks from pseudo-bulked broad cell types
were obtained from the Supplementary file of Xiong et al.51, who per-
formed snATAC-seq on AD and control individuals and assessed for
differential chromatin accessibility after pseudo-bulking to broad cell
types (assigning cell types after integrating ATAC and RNA data). The
genes corresponding to these peaks were found by overlapping the
peak locations with the nearest gene promoter using the dis-
tancetoNearest function in the GenomicRanges R package version
3.2.0110 using hg38 annotations obtained through the AnnotationHub
version 3.2.0 R package111. The genes corresponding to differentially
accessible peaks were then ranked by p value after subsetting to up- or
downregulated, and then overlapped for each cell type with meta-
analysis DEGs after taking different percentages of the top ATAC-seq
genes. Overlap enrichment was calculated by Fisher’s exact test. To
find the DEGs from the Xiong RNA, we performed DESeq2 differential
expression on the snRNA-seq of only the individuals that also had
snATAC-seq performed on them. snATAC-seq peaks were visualized in
UCSC Genome Browser hg38112.

Memento analyses
Memento version 0.1243 was used for differential expression analyses
of PD data to compare with DESeq2 and logistic regression of pseu-
dobulk data. Non-pseudobulked single-cell PD data were analyzed
using the “fixed effects binary testing with multiple samples” method
according to the Memento documentation tutorial with capture_rate
of 0.07 and min_perc_group of 0.9, with all other settings left as
default. Genes that were filtered out were set to effect size of 0 with p
value of 1. The de_coef value and de_pval were used for effect sizes and
p values, respectively, and SumRank was performed on the resulting
Memento differential expression results as described above.

PPI network mapping
DEGs (BH corrected p value < 0.05) were input into STRING version
12.061, which created PPI networks of the DEGs, connecting each DEG
to another DEG if a PPI was known to exist between them. These
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networks were input into Cytoscape version 3.10.3113 and the “Analyze
Network” function was used to find network characteristics for each
gene (e.g., betweenness centrality). The ClueGO app of Cytoscape was
used to analyze enriched GO pathways of the genes in the most den-
sely connected networks.

Mice
Mice were bred in-house or obtained from the Jackson Laboratory
(JAX). Animals were housed at New York University (NYU) Medical
Center Animal Facility under specific pathogen-free conditions. Mice
were housed in a 12-h light–dark cycle in a temperature-controlled and
humidity-controlled environment with water and food provided ad
libitum. Bothmales and females were used in this study. The following
mouse strain was used: B6.Cg-Tg(APPSwFlLon,PSEN1*M146L*L286V)
6799Vas/Mmjax (5xFAD; JAX 034848). For analysis of BCAT1 staining
in oligodendrocytes, 8–10-month-old mice were used. For euthanasia,
mice were deeply anaesthetized with an intraperitoneal injection of
ketamine (100μg g−1) and xylazine (10μg g−1) and perfused with 20ml
ice-cold 1× PBS followed by 20ml 4%PFA.

Tissue collection and processing
Mice were perfused with cold 1× PBS followed by 4%PFA. Brains were
removed, post-fixed overnight, cryopreserved in 30% sucrose, and
cryo-embedded in OCT. 40 µM coronal cryosections were generated
between bregma 1.335-.745. For staining at least two sections con-
taining mPFC were used for multiplexed IHC.

IHC, imaging, and quantification
Coronal brain slices were rinsed 3× in PBS for 10min each prior to
antigen retrieval. For antigen retrieval, slides were immersed in. 1M
citrate buffer, microwaved until boiling, and incubated for 15minutes at
99 °C in a water bath. Afterwards, slides were returned to room tem-
perature, rinsed 2 × 10min in PBS and blocked in 10% normal donkey
serum (Jackson ImmunoResearch AB_2337258), 1% BSA,. 25%tritonX100,
with Mouse on Mouse IG blocking reagent (Vector Labs BMK-2202) in
1× PBS for 2hrs at room temperature. Sections were then stained with
the following primary antibodies; Mouse anti CC1 (1:200, Sigma OP80),
Goat anti SOX10 (1:200, R&D Systems AF2864-SP), and Rabbit anti
BCAT1 (1:200, Proteintech 13640-1-AP) overnight in blocking solution
with Mouse on Mouse protein concentrate instead of IG blocking
reagent (Vector Labs BMK-2202) at 4 °C. The next day sections were
then washed 3× with PBST and incubated for 2hrs at RT with the fol-
lowing secondary antibodies all at 1:500; Alexa488 Donkey anti goat
(Jackson ImmunoResearch 705-545-003), Alexa568 Donkey anti Mouse
(Invitrogen A-31571), Alexa647 Donkey anti Rabbit (Jackson ImmunoR-
esearch 711-605-152) in blocking solution withMouse onMouse protein
concentrate (Vector Labs BMK-2202). Sections were then washed 3×
with PBST and mounted with Fluoromount-G Mounting Medium, with
DAPI (Invitrogen 00-4959-52). Z-stack tiled images of the mPFC were
acquired using an LSM 800Confocal microscope (Zeiss) using a ×40 oil
immersion objective (Na 1.3). Quantitative analysis was conducted on at
least 2 slices per animal using the Fiji package for ImageJ software by a
researcher blind to the experimental groups. After applying a median
filter (two pixel radius) to the BCAT1 channel, SOX10+CC1+ double-
positive oligodendrocyte cytoplasms were drawn by hand with the
polygon tool. BCAT1mean fluorescent intensity was quantified per cell,
normalized over BCAT1 background staining, and averaged per animal.
Data was expressed as FC over WT samples, normalized for each batch
of staining.

Statistics and reproducibility
No statistical method was used to predetermine sample size. Sample
sizes were chosen based on the available number of mice and human
data. No data were excluded from the analyses (all individual cases and
controls were used from each study) except for the Ruzicka et al.

dataset, where exclusion of individuals was done in the same way as in
the Ruzicka et al. study. The experiments were not randomized.
Quantitative analysis of the microscopy images was done by a
researcher blind to the experimental groups.

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

Data availability
All data are publicly available online (see Supplementary Data File 1 for
details). Count matrices are available from GEO at GSE129308 (Otero-
Garcia et al.92), GSE147528 (Leng et al.93), GSE140511 (Zhou et al.94),
GSE138852 (Grubman et al.95), GSE174367 (Morabito et al.96),
GSE157827 (Lau et al.97), GSE163577 (Yang et al.98), GSE183068 (Sayed
et al.99), GSE148822 (Gerrits et al.100), GSE160936 (Smith et al.101),
GSE167494 (Sadick et al.102), GSE157783 (Smajic et al.10), GSE184950
(Wang et al.15), GSE193688 (Adams et al.14), GSE243639 (Martirosyan
et al.12), GSE148434 (Lee et al.13), GSE173731 (Garcia et al.103), GSE180928
(Lim et al.23), and GSE152058 (Matsushima et al.21). Other matrices are
available on Synapse (Mathys et al.44, Mathys et al.48, Hoffman et al.26,
Fujita et al.24, Ruzicka et al.4), CellxGene (Gabitto et al.45), Zenodo
(Batiuk et al.5: https://zenodo.org/records/6921620), NEMO (Ling
et al.6 and Handsaker et al.104), the Broad Institute Single Cell Portal
(SCP1768: Kamath et al.11), or from the authors directly (Barker et al.105).
COVID-19 datasets are available at: https://atlas.fredhutch.org/
fredhutch/covid/. Source data are provided with this paper.

Code availability
Code for all new analyses in this paper, including runnable software for
the SumRank method, are available in a Github repository: https://
github.com/nathan-nakatsuka/scRNA_Reproducibility. A permanent
Zenodo repository for this study is https://doi.org/10.5281/zenodo.
15809261.
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