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Abstract 

Combining allele-specific expression (ASE) analysis with single-cell RNA-seq can eluci‑
date how genomic variation affects RNA expression at the single-cell level. We explore 
how experimental and computational choices impact the power of ASE-based meth‑
ods and develop a suite of single-cell ASE computational tools. With single-nucleus 
RNA-Seq, we extract more ASE information from reads in intronic than exonic regions. 
We show how read length can increase power and that hybrid selection improves 
power to detect ASE in targeted genes. We apply our methods to a Parkinson’s disease 
cohort and show that ASE analysis has more power than eQTL analysis.

Keywords:  Single-cell, RNA-seq, Allele-specific expression, Variant to function, 
Parkinson’s disease

Background
With the advent of single-cell genomics and the rise of large-scale single-cell RNA-seq 
(scRNA-seq) studies of hundreds of individuals [1, 2], there has been growing interest 
in studying how genetic variation impacts gene expression at the single-cell level [2–4]. 
Such studies could provide new insight into the results of Genome-Wide Association 
Studies (GWAS), improving fine mapping and helping map key steps from genotype 
to physiological phenotype, including the identification of cells and cell-specific path-
ways through which disease genes act. While most studies have focused on expression 
Quantitative Trait Loci (eQTL) approaches [5], another promising avenue is based on 
mapping allele-specific expression (ASE) and allelic imbalance. Allelic imbalance analy-
sis is performed by comparing the expression of the maternal and paternal alleles of a 
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given gene within one individual, giving insight into which genes are differentially regu-
lated by Single Nucleotide Polymorphisms (SNPs) on the two alleles. This technique was 
pioneered for bulk RNA-Seq data and provides an alternative source of information to 
eQTL analysis [6–10]. Moreover, comparing expression within an individual instead of 
between individuals should avoid many sources of variability and confounding, poten-
tially increasing power [11, 12].

Compared to bulk ASE, single-cell ASE provides the advantage of understanding 
heterogeneity across cell types. This approach has been applied successfully to study 
transcriptional kinetics [13] and dynamic genetic effects on transcription [14]. Statisti-
cal methods specifically designed for scASE, such as scDALI [15] and airpart [16], have 
been developed [17], but have limitations including the inability to account for sample-
to-sample variability. A more recent method, DAESC [18], takes into account sample-
to-sample variability, though it is specific to the case of allelic imbalance that differs 
between conditions or along a gradient, rather than testing for allelic imbalance that is 
consistent in all cells of one type. Moreover, most of these studies have relied on plate-
based methods for full-length scRNA-seq, such as Smart-seq2, rather than the more 
widely used, and far more scalable, 3’ or 5’ end directed droplet-based profiling, though 
there are exceptions [19, 20]. One main reason has been the assumption that sufficiently 
long reads and coverage of the entire gene body (from full length scRNA-seq) are needed 
to recover genetic variants.

There are several advantages of droplet-based snRNA-seq for ASE studies. First, 
droplet-based methods have the throughput needed for large-scale studies [21]. Sec-
ond, snRNA-seq has a higher fraction of intronic reads than scRNA-seq [22], which is 
a potential advantage because there is more genetic variation in introns, thus increasing 
the ability to identify the allele for a given RNA-seq read. Third, snRNA-seq is compat-
ible with frozen tissues [22], which is crucial in large scale tissue studies from humans – 
both for collection and for pooling [23, 24]. Finally, snRNA-seq enables a better recovery 
of diverse cell types [25, 26].

Here, we systematically investigated experimental and computational design choices 
for their effects on allelic imbalance analysis in droplet-based snRNA-seq data from 
human samples. We show that many factors, including read length, sequencing technol-
ogy, and genotyping strategy, can greatly affect the power to detect allelic imbalance. We 
also developed and explored the use of hybrid selection to target informative regions 
within genes of interest – a method that greatly improves the power to detect ASE for 
a given amount of sequencing. We built and tested a suite of computational tools that 
should enable others to perform ASE analysis on their own sn/scRNA-seq data. Finally, 
we applied these methods to characterize ASE in human Parkinson’s disease brain 
samples.

Results
ASE analysis pipeline

To measure allelic imbalance, we first built a Nextflow pipeline [27, 28] (see “Methods”) 
to extract ASE information from scRNA-seq data (Fig. 1a). Although such pipelines now 
exist for scRNA-seq data, most are built for Smart-seq2 data [29, 30], or do not take 
advantage of phasing information, instead focusing on each SNP separately [19, 20, 31] 
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(see below for more details). Our pipeline takes in two main inputs for each individ-
ual: (1) FASTQ files from a transcriptomic assay (compatible with 3’ and 5’ sc/snRNA-
seq data, as well as spatial data, and can be easily modified to work with other types of 
single-cell data) and (2) A phased Variant Call Format (VCF) file containing genotype 
information. These inputs are supplied to STARsolo [32] run with the WASP method 
[33, 34], which helps avoid biases in ASE, particularly reference bias as discussed below. 
The output is gene-level expression information and a BAM file annotated with both 
information from the assay (cell barcode (CBC), Unique Molecular Identifier (UMI), 
etc.), as well as information about which SNPs each read overlaps. This BAM file is then 
processed with a tool developed in house to generate ASE information, both at the SNP 
level and at the gene level (discussed further below).

Testing with short‑read data

We first analyzed cortical samples from two donors from the Genotype-Tissue Expres-
sion (GTEx) project (Fig.  1b). We constructed snRNA-seq libraries from each sample 
followed by Illumina sequencing (see “Methods”). We accessed a phased genotype VCF 
file for each individual, previously generated by the GTEx consortium [35]. We pro-
cessed the snRNA-seq data through our pipeline, resulting in gene expression profiles, 
ASE information, and sample-level quality control metrics (Additional file 1: Table S1). 
The single-nucleus expression profiles were clustered and annotated with cell type labels 
(Fig. 2a).

The genomic region of the read (e.g., intronic vs. exonic) affected our ability to extract 
ASE information. It is only possible to extract ASE information from reads that overlap 
a heterozygous SNP because such overlap is required for assigning the allele of origin to 
a read. As such, for each sample we looked at the percentage of reads from each region 
that overlapped a heterozygous SNP (Fig. 2b). The vast majority of reads did not overlap 
such SNPs, so that they were not usable for ASE. Their proportion, however, differed 
from region to region, with exonic reads having the smallest fraction overlapping het-
erozygous SNPs, while intronic, antisense, and intergenic SNPs all had a higher fraction, 
supporting our hypothesis. Given the higher level of intronic reads in single-nucleus vs. 
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Fig. 1  Study overview. a Outline of the computational processing pipeline starting from short-read data 
to generate allele specific expression information (implemented in Nextflow). b Sample information and 
processing for data in Figs. 2, 3, 4
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single-cell RNA-seq data [22], there may be more power for allelic imbalance in snRNA-
seq data, at least on a per-read basis, though a more direct comparison would be needed 
to confirm this. Indeed, this is consistent with a recent study that showed more SNPs 
can be detected from intronic than exonic regions in scRNA-seq data [36].

As another control, we compared our gene-level ASE results to previously published 
bulk RNA-seq for these two samples – obtaining the data from the GTEx portal [35]. 
As expected, there is high agreement (Spearman correlation = 0.68, Pearson corre-
lation = 0.80; Fig.  2c) – providing confidence in the output of our single-nucleus ASE 
pipeline.

Next, we calculated droplet-level QC metrics for each cell barcode in a library, includ-
ing percentage intronic reads, percentage antisense reads, etc. For ASE analysis, we 
focused on “phased UMIs,” which are those UMIs that we can assign to an allele and 
use to calculate ASE. We calculated the correlation of the droplet-level metrics with the 
number and fraction of phased UMIs for each cell (Fig. 2d). As expected, the total num-
ber of reads is highly correlated with the total number of phased UMIs, and the per-
centage intronic reads is highly correlated to the percentage of UMIs that are phased. 
Similarly, there is a higher proportion of phased UMIs when we include intronic reads in 
our analysis (Additional file 2: Fig. S1a). For each gene with significant ASE, comparing 
the allelic imbalance effect size between the two approaches with introns and without 
introns, however, there was very high agreement overall (Additional file 2: Fig. S1b).

We next explored the role of read length in generating ASE information. Intuitively, 
the longer a read is, the more likely it is to overlap a heterozygous SNP, so that a larger 
fraction of longer reads than shorter reads should be usable for ASE analysis. To assess 
this, we trimmed read 2 (the cDNA read) from the 3’ end to different lengths, ranging 

(See figure on next page.)
Fig. 2  Short-read ASE. a UMAP plots showing cell types present in two human cortex samples, using 130 
base read 2 (see Fig. 2e). b Comparison of percentage of uniquely mapped reads that overlap a heterozygous 
SNP among genomic regions. c For each sample and each gene with significant allelic imbalance in that 
sample, generally good agreement is observed between the estimated effect size from our snRNA-seq 
data (x-axis) and the estimated effect size from GTEx bulk data (y-axis). d Heatmap showing the Spearman 
correlation between droplet-level QC metrics. QC metrics were calculated in each cell and were aggregated 
across all cells. % UTR: percent of reads in a 5’ or 3’ untranslated region (UTR); % exonic: percent of reads 
that were exonic; % intronic: percent of reads that were intronic; % spliced: percent of reads that spanned 
a splice junction, determined with the CIGAR string from the BAM file; % multimapper: percent of reads 
that mapped to more than one location in the genome; # phased UMIs: the total number of phased UMIs; 
# reads: the total number of reads; % intergenic: percent of reads that were intergenic; % antisense: percent 
of reads that were antisense; % phased UMIs: percent of UMIs that could be phased. High correlation 
between two metrics indicates that they are related. e Effect of trimming read 2 to different lengths on the 
proportion of phased UMIs (left) and the number of genes with significant allelic imbalance (right). f Effect of 
sequencing depth (x-axis) on the number of phased UMIs (left) and genes with significant allelic imbalance 
(right); analysis of all nuclei irrespective of cell type. g Effect of nuclei number (x-axis) on the number of 
genes with significant allelic imbalance (y-axis). h Violin plots showing for each SNP the percentage of UMIs 
that map to the reference allele (y-axis) for each sample (x-axis). i Violin plots for each gene with at least 
one phased UMI showing the maximum number of phased UMIs over all SNPs in that gene (y-axis), with 
phased VCF, unphased VCF, or no VCF (genotypes estimated from the snRNA-seq data). More phased UMIs 
are better. Without phasing information, it was not possible to combine reads overlapping different SNPs 
in the same gene into one gene-level measure because the genotype of each SNP is on each allele was 
unknown. Instead, the maximum number of phased UMIs over all SNPs in that gene is reported, which can 
be considered as a measure of the maximum power to detect allelic imbalance in that gene. On the y-axis, 
we report Phased UMIs + 1 due to the log scaling to avoid taking the log of 0
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from 55 to 180 bases, processed the resulting data with our pipeline, and calculated the 
percentage of phased UMIs. The higher this percentage, the more power we will have 
per UMI. As expected, longer reads yielded a higher proportion of phased UMIs (Fig. 2e) 
and allowed us to detect more allelically imbalanced genes in aggregated data from all 
cells (Fig. 2e) or from most cell types individually (Additional file 2: Fig. S2). This must 
be balanced with the higher cost per read for longer Illumina reads (so one is likely to 
be able to afford more reads with shorter reads, something that also affects the power, 
see below), with the choice depending on many experiment-specific details. Here, we 
focused on the case with 130 base read 2, which corresponds to 150 cycles of sequencing 
if a single index was used (and for double indexed samples, it would be 120 bases).

Building on the above, we considered how the number of reads sequenced affected 
the number of phased UMIs. As expected, deeper sequencing coverage leads to the 
identification of more phased UMIs and more allelic-imbalanced genes (Fig.  2f ). 

Fig. 2  (See legend on previous page.)
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Though the rate of increase slowed down as the number of reads sequenced increased, 
it did not plateau for either metric. Similarly, as the number of cells increased, the 
power to detect allelically imbalanced genes increased (Fig. 2g), and it did not plateau 
with ~ 10,000 nuclei per sample.

One common issue with ASE is reference bias [33, 37]: since reads containing the 
reference allele can align at a higher rate to the reference genome than those with 
the alternative allele, this can lead to biases in read mapping and false positive allelic 
imbalance results. Although our pipeline mitigates this problem, by using the WASP 
[33] implementation in STAR [34], we explored the effects of reference bias in our 
data. We looked at the number of phased UMIs for each SNP, calculated the percent-
age mapping to the alternative allele, and plotted their distribution for all SNPs with 
high enough expression (Fig. 2h). For both individuals, these distributions were cen-
tered at 50%, consistent with at most small levels of reference bias.

Alternative approaches without phasing information

While the above analysis uses phased genotype data to share information between 
SNPs on the same haplotype (covered by different reads), an alternative approach is to 
use only the reads directly overlapping a given SNP. For bulk RNA-seq data, the use of 
phasing information has been shown to improve power [6] and to enable allelic imbal-
ance to be derived for SNPs that might not be covered by any reads, such as inter-
genic SNPs. However, using phased genotypes can lead to incorrect ASE estimates if 
there are errors in the phasing, and can be problematic for genes with differential ASE 
in different RNA isoforms. Fortunately, current population-based phasing approaches 
work well at the genomic distances (gene length) required for cis-eQTL analysis [38, 
39]. In the case of scRNA-seq data, however, we often lack a phased VCF and might 
not even have genotype information at all. As such, some scRNA-seq ASE pipelines 
do not use phasing information, and (by default) use the scRNA-seq to estimate a 
genotype for each sample [20]. Such an approach expands ASE analysis to many more 
datasets, but limits the SNPs that can be explored. Moreover, a large allelic imbalance 
at a given SNP could, at least in theory, lead to issues with genotyping because the 
less expressed allele might be hard to identify.

To explore approaches that do not use phasing information, we generated ASE anal-
yses with three different methods: (1) using the phased VCF, (2) only counting reads 
directly overlapping a given SNP in our VCF (no phasing information), and (3) call-
ing SNPs directly from the snRNA-seq data and only counting reads directly over-
lapping a SNP identified by the snRNA-seq (no genotype information). In theory, it 
might be possible to phase genotype data derived from snRNA-seq [40], but to our 
knowledge this has not been demonstrated for droplet-based snRNA-seq, though one 
recent study has explored such methods for droplet-based scRNA-seq in the context 
of cancer cells [36]. For the last approach we only considered known SNPs in the pop-
ulation – thus excluding de novo variants, given the risk of sequencing errors [41, 
42]. Using the phased information yielded the most phased UMIs per gene, with the 
worst performance being the analysis with no VCF (Fig.  2i) – noting that the exact 
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performance of this last method will depend on the method used to call genotypes 
from snRNA-seq.

Transcript‑level analysis

Our analysis methods to this point have explored the effects of a given SNP on the 
expression of a given gene, but a given SNP might differentially affect each of the tran-
scripts of a given gene and our standard approach cannot distinguish such effects. More-
over, recent studies have shown that taking into account isoform-level information can 
improve power for eQTL analysis in bulk RNA-seq data [43]. Although the 3’-biased, 
short-read nature of our droplet-based snRNA-seq can make it difficult to extract iso-
form-level information, there are published methods that attempt to explore isoform-
level changes with 3’-biased scRNA-seq, particularly changes in the 3’ UTR including 
alternative polyadenylation sites [44, 45]. We explored one such method known as 
Sierra, which identifies peaks of expression within genes, i.e., regions of the gene with a 
high density of reads [46]. If cDNA priming occurred only at the poly(A) tail of mRNAs, 
these peaks would correspond to different 3’ ends of transcripts, but due to “internal 
priming” from other parts of the transcript, the peaks cover more than just the 3’ end of 
the transcripts. Peaks from internal priming, however, provide information about splic-
ing because a peak in a given exon or intron indicates that exon or intron is transcribed 
from the gene. As such, we modified our pipeline to report ASE information at the level 
of the peaks returned by Sierra (see “Methods”).

Of the peaks identified by Sierra (Additional file 2: Fig. S3a), 79.5% were in introns and 
28.9% were in exons – with some overlap between the different classes, thus adding up 
to > 100% (see “Methods”). Only 5.9% of peaks crossed a splice junction.

To test our peak-level ASE pipeline, we analyzed snRNA-seq data from both GTEx 
samples with Sierra, producing sample-specific sets of peaks. We then used Sierra to 
combine these peaks between the samples, resulting in a merged set of peaks, which 
include putative 3’ UTR regions, for downstream analysis and for use with our pipeline. 
This resulted in ASE UMI counts for each peak in each cell. We next performed ASE 
analysis at the peak level – using the same analysis as for the gene level, except with 
the peak-level ASE information. Compared to the gene-level approach, the peak-level 
analysis resulted in slightly fewer genes with ASE, with a fair amount of overlap between 
the genes identified at the peak level and at the gene level (Additional file 2: Fig. S3b), 
such that 32.3% of genes with significant imbalance had at least one significant peak 
and 38.6% of peaks with significant imbalance were in a gene with significant imbalance 
(Additional file 3: Table S2).

Long‑read sequencing

Because longer Illumina reads produced more phased UMIs (Fig. 2e), we explored long-
read sequencing technologies as an alternative approach. In particular, we started from 
the unfragmented RT-PCR cDNA products from the 10× Chromium libraries for the 
two GTEx samples (see above), generated libraries appropriate for each of the long-
read technologies, and sequenced them with the Sequel II (Pacific Biosciences, PacBio), 
GridION (Oxford Nanopore Technologies (ONT)), or PromethION (ONT) platforms 
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(Additional file  4: Table  S3). In addition, we tested MAS-ISO-seq (MAS-Seq), which 
combines cDNA concatenation with PacBio sequencing (either with the Sequel IIe or 
Revio), resulting in sequencing many more cDNAs than with a standard PacBio run [47], 
using both the Sequel II and the newer Revio instruments. To overcome higher sequenc-
ing error rates for ONT-based sequencing, we applied the R2C2 method [48] to con-
struct libraries as it enables multiple passes of sequencing of the same original DNA. 
PacBio and MAS-Seq sequence the same DNA with multiple passes, so that an approach 
such as R2C2 is not necessary. These data were processed with existing pipelines [41, 
47] (see “Methods”) to collapse together multiple sequencing passes to create a consen-
sus sequence, split concatenated reads into their corresponding cDNAs in the case of 
MAS-Seq, align these reads to the genome, and annotate the resulting BAM files with 
10× Chromium-specific information, most notably CBC and UMI. We then annotated 
each read with a list of any genes that read overlapped and extracted ASE information 
from these BAM files (see “Methods”) [49, 50]. The subsequent analysis described here 
used only these long reads processed as described above.

We first investigated the length of these reads. In particular, since each read includes 
information about the UMI, CBC, poly(A) region, and adapter sequences, we looked at 
the length of the region mapping to the genome. Although there are slight differences 
among the technologies, most had a median length of 800–1000 bases comparable to a 
previous study [51], though MAS-Seq was slightly shorter (Fig. 3a). This is much longer 
than with Illumina sequencing, though still not long enough to span the entire length of 
most mRNA and pre-mRNA molecules.

Fig. 3  Long-read ASE. a Violin plots of the length of reads uniquely mapped to the genome (y-axis) for 
each method (x-axis), with median shown (black lines). Dotted line shows Illumina 130 base reads. b 
Downsampling analysis of phased UMIs (y-axis) vs. sequencing depth (x-axis) for each sequencing method 
enabling direct comparisons at the same sequencing depth. c UMAP showing cell types present in the 
MAS-Seq data. d Comparison of the estimated allelic imbalance effect size in Illumina (x-axis) and MAS-seq 
(y-axis) for genes that are significantly allelically imbalanced in at least one of the two datasets (Pearson 
correlation 0.91)
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One of the main concerns historically with long-read technologies for genotyping-
based applications has been their high error rates. To investigate this, we looked at the 
frequency of mismatches, insertions, and deletions in each technology relative to the ref-
erence genome, scaled by the number of aligned bases (Additional file  2: Fig. S4). We 
note that some of these mismatches were due to polymorphisms in the genome, so the 
numbers reported here are an upper bound on the actual error rate. Illumina had very 
few insertions and deletions (0.00015—0.00021 per matching base), while ONT-based 
technologies had many more (0.011—0.016 per matching base), and PacBio and MAS-
Seq had intermediate numbers (0.0009—0.0036 per matching base). For single base mis-
matches, Illumina and ONT had similar frequencies (0.011—0.012 per matching base 
pair for Illumina, 0.007—0.010 per matching base for ONT), while PacBio and MAS-Seq 
had substantially fewer (< 0.0026 per matching base). Consistent with previous reports 
[42, 47, 52], PacBio and MAS-seq had a fairly low error rate, with more indels but fewer 
mismatches than Illumina, and ONT-based methods had a higher error rate.

As expected, for a given number of reads, the long-read technologies recovered many 
more phased UMIs than Illumina with a 130 base read 2 (Fig. 3b). Due to the greater 
number of reads recovered with Illumina, however, we still obtained more phased UMIs 
overall with Illumina than with the long-read technologies except for MAS-seq with 
Revio, which had a comparable number. This indicates that MAS-seq and Illumina are 
both powerful methods for performing gene-level ASE analysis of snRNA-seq data. 
Our estimates suggest for every MAS-seq segmented read (S-read) one would need 
to sequence ~ 5.5 Illumina reads (with 130 bases in read 2) to get the same number of 
phased UMIs though the exact number depends on the level of saturation, so that MAS-
seq would be more cost effective than Illumina if the cost of one S-read in MAS-seq is 
less than ~5.5 times the cost of an Illumina read.

Interestingly, PacBio has much fewer phased UMIs per read than the other long-read 
methods (Fig. 3b). This issue is due to most (73.4%) of the reads from PacBio not being 
useable as the polyA region, UMI, or CBC are not recovered. Instead, these reads have 
the TSO sequence on both ends as has been noted previously [53]. By contrast, with 
ONT and R2C2, these cDNAs are not sequenced because the splint ligation requires 
adapters on both ends of the cDNA to be present [41]. MAS-Seq resolves this issue with 
a streptavidin/biotin selection of molecules containing the oligo-dT adapter from the 
input cDNA library [47].

We also compared the per gene allelic imbalance effect estimates in Illumina and 
MAS-seq (Revio), which was the most efficient long-read technology (Fig. 3b). We iden-
tified the expected cell types with MAS-seq (Fig.  3c). In an analysis limited to genes 
that are significant in at least one of the two technologies (with Bonferroni corrected 
p-value < 0.05), we see high agreement in terms of effect size (Pearson correlation 0.91, 
p-value < 2.2e-16; Fig. 3d).

Isoform analysis of long‑read sequencing

One advantage of long-read sequencing is the improved ability to assign reads to par-
ticular isoforms. As such, we constructed a pipeline to extract isoform-level ASE infor-
mation from long-read data mapped to the genome (see “Methods”). We assigned each 
read either to a spliced isoform from an existing reference or to an unspliced isoform, 
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which would likely be derived from pre-mRNA, based on the overlap between each 
read and each isoform (see “Methods”). Reads that could not be assigned to a specific 
isoform in this way were discarded from downstream analysis and could derive from 
either mRNA or pre-mRNA. Using the MAS-Seq data (Revio), we were able to assign 
65.2% of gene-level phased UMIs to either a spliced or an unspliced isoform. This, how-
ever, was largely driven by unspliced isoforms, with only 4.3% of the isoform-level UMIs 
assigned to spliced isoforms. For phased UMIs, only 3% were assigned to spliced iso-
forms. Consistent with our intron vs. exon analysis in short reads (Fig. 2b, Additional 
file  2: Fig. S1a), a higher percentage of UMIs were phased in unspliced isoforms than 
spliced isoforms (25.0% vs. 17.4%). The vast majority of phased UMIs were assigned to 
isoforms from pre-mRNA for most genes (Additional file 2: Fig. S3c). On a per-nucleus 
basis (Additional file 2: Fig. S3d), there were relatively few (11 on average) phased UMIs 
assigned to spliced isoforms, with many more phased UMIs (450 on average) assigned 
to unspliced isoforms. Still, there are many spliced isoforms with moderate expression – 
2,124 spliced isoforms with > 10 phased UMIs in at least one of the two samples and 492 
spliced isoforms with > 10 phased UMIs in both samples. It may be possible to improve 
the alignment of reads to transcripts with an extended transcriptome reference, which 
is common in long-read RNA-seq analysis and particularly important in 3’ scRNA-seq 
[54, 55].

We extended this analysis using the above genome-based pipeline with slight modifi-
cations (see “Methods”) to the GTEx snRNA-seq short-read data. With varying lengths 
for read 2, there were very few phased UMIs for spliced transcripts (1–2 per cell), but 
hundreds for the unspliced transcripts (Additional file 2: Fig. S3e). This was much fewer 
spliced transcripts per cell than for the MAS-Seq data (Additional file 2: Fig. S3d) – sug-
gesting MAS-Seq has a major advantage over short-read data for isoform-level ASE 
analysis.

Targeted sequencing

In many research studies, it may be optimal to generate ASE information for a specific 
subset of genes rather than the entire transcriptome. For example, in a study focused on 
GWAS loci for a particular disease, it could be best to target genes near those GWAS 
loci. Similarly, we would prefer to focus our sequencing near heterozygous SNPs, since 
those are the only reads that can be used to estimate ASE. Enriching for reads in those 
regions should provide more power to detect ASE in those genes, without expending 
resources sequencing genes that are not relevant to the study, as well as reducing both 
the computational resources required and the level of multiple hypothesis correction.

To test this, we used hybrid selection [56] to select within our two GTEx snRNA-seq 
Illumina libraries for cDNAs containing regions of interest. We selected a list of 100 
genes of interest to have a variety of properties—from long to short, highly expressed 
to lowly expressed, cell type-specific and more widely expressed, and known eQTLs 
vs. not (see “Methods”). We further identified regions to target by extracting regions in 
these genes that had coverage in our snRNA-seq Illumina data and were near a heterozy-
gous SNP in one of our two samples. We then designed baits to target these regions, 
performed a hybrid selection experiment with the baits and the snRNA-seq libraries, 
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sequenced with Illumina (202 bases for read 2) to just under 50,000 reads per cell as 
reported by Cell Ranger, and processed the data with our ASE pipeline (see “Methods”). 
We also resequenced the non-selected library in the same sequencing run to avoid con-
founding due to batch variability, read length, and sequencer used.

To assess the extent of the enrichment, we analyzed the phased UMIs in the tar-
geted genes. Data from the hybrid-selected libraries have a much higher proportion 
of phased UMIs aligned to the selected genes, though that proportion decreased as 
sequence coverage increased (Fig.  4a). To explain this decrease, we looked at each 
UMI in the hybrid-selected data and asked how many reads supported that UMI. For 
UMIs in targeted genes, there was a median of 22 reads per UMI and a mean of 84.6 
reads per UMI, while the non-targeted genes had a median of 1 read per UMI and a 

Fig. 4  Hybrid selection. a Proportion of phased UMIs in one of the targeted genes (y-axis) with or without 
selection at different sequencing depths (x-axis). b Violin plots of the number of reads in selection data 
supporting each UMI in targeted (left) and non-targeted genes (right), showing higher values in the targeted 
genes, as expected. c Phased UMIs per cell recovered in the 100 targeted genes (y-axis) at varying sequence 
depths (x-axis) with and without selection, enabling direct comparisons at the same sequencing depth. d 
Number of genes with significant ASE among the 100 targeted genes (y-axis) at varying sequence depths 
(x-axis) with and without selection. Dotted line in (a, c) and (d) indicates 20,000 reads per cell, vendor 
recommended sequencing depth. e Violin plots of the percentage of UMIs overlapping each SNP mapping 
to the allele in the reference genome in the selected data. f Comparison of the estimated allelic imbalance of 
the selected genes in the selected (x-axis) and non-selected data (y-axis) using all reads (Pearson correlation 
0.71). g Comparison of the number of phased UMIs in targeted genes in the non-selected data (x-axis) vs. 
selected data (y-axis). h Comparison of the percentage of UMIs phased in each targeted gene in selected 
(y-axis) vs. non-selected (x-axis) data. Dotted line in (g) and (h) represents the line x = y
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mean of 1.65 reads per UMI (Fig. 4b), suggesting that we sequenced more deeply than 
needed for the targeted genes in the hybrid-selected data.

In addition to looking at the proportion of phased UMIs from targeted genes, we 
examined the total number of phased UMIs from the targeted genes (Fig. 4c). Even at 
fairly low levels of sequencing (< 3,700 reads per cell), the hybrid-selected data had many 
(> 76) phased UMIs per cell in the targeted genes, though this started to plateau with 
additional sequencing coverage. By contrast, for the non-hybrid-selected data, much 
more sequencing was required to reach the same level of phased UMIs in the targeted 
genes (< 76 phased UMIs per cell even with > 74,000 reads per cell, more than 20 × as 
many reads). Similarly, even at the lowest sequencing depth tested (3646 reads per 
nucleus), we were able to detect at least 19 allelically imbalanced genes among the 100 
targeted genes in the hybrid-selected data, but much more sequencing was required for 
the same power in the non-hybrid-selected data, which required 20 times more coverage 
to outperform the selected data for one sample, and could not outperform the selected 
data for the other sample (Fig. 4d). As might be expected, many more of the genes with 
known eQTLs are found to be allelically imbalanced than those without known eQTLs 
in both hybrid-selected and non-hybrid-selected data (Additional file 2: Fig. S5a). Analy-
sis at a finer level revealed that with selection reads were much closer to the baits (Addi-
tional file 2: Fig. S5b), with ~ 80% of uniquely mapping reads overlapping a bait in the 
selected data, but > 90% of uniquely mapping reads being > 10,000 bp away from the clos-
est bait without selection.

We checked whether our hybrid selection approach biases the data to the reference 
allele, leading to false positives in a similar way to reference bias. Although at least one 
previous study [57] has suggested such biases are minimal in the case of DNA sequenc-
ing, we decided to check this in our own data, by several lines of evidence. First, there 
was a distribution centered around 50% of phased UMIs deriving from the reference 
allele for each sample (Fig. 4e), indicating that there is no evidence of reference bias in 
the per SNP ASE estimates in our data. Second, the estimates of allelic imbalance for 
each gene between the hybrid-selected and non-hybrid-selected data (using all reads in 
both cases) are highly concordant between the two assays (Pearson correlation of 0.75, 
p-value < 2.2*10–16; Fig.  4f ), consistent with minimal bias in the selected data. Third, 
only six of 18,770 SNPs in the 100 targeted genes (0.03%) had significantly different 
(FWER < 0.05, Fisher’s exact test) ASE levels between selected and non-selected data for 
either sample, whereas for SNPs not in the selected genes it was six of 182,854 (0.003%). 
Thus, a SNP in one of the 100 targeted genes was about 10 times as likely to show sig-
nificant difference between the selected and non-selected data than other SNPs, though 
this was confounded by the SNPs in the targeted genes having much higher coverage 
in the selected data than those in genes that were not targeted. Importantly, there does 
not seem to be a bias towards the reference allele, with 54.5% of the 100 SNPs with the 
smallest p-values having increased expression of the alternate allele vs. reference in the 
data with selection relative to the data without selection.

Notably, the six SNPs with significant differences between selected and non-selected 
had a higher percentage of ambiguous UMIs. An ambiguous UMI is a UMI/CBC pair 
with different reads that assign the same SNP or gene to different alleles. Our pipe-
line counts such UMIs, but instead of assigning them to an allele they are assigned as 
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“ambiguous” and not used in downstream analysis. This modest increase in ambiguous 
UMIs might result from higher rates of PCR recombination [58] due to additional PCR 
cycles needed for hybrid selection. Such reads accounted for only 0.32% of phased UMIs 
in the data without selection, while accounting for 1.58% of phased UMIs in the data 
with selection. In addition, with selection there were more ambiguous UMIs in the SNPs 
in targeted than non-targeted genes (3.8% vs. 0.13%). Moreover, the level of ambiguous 
UMIs was much higher (18.1%) for those SNPs in targeted genes with ASE differences 
between selected and non-selected data —raising the possibility that the removal of the 
ambiguous reads led to higher variability than expected by the Fisher’s exact test, which 
might have led to significant results in the above analysis, though this remains uncertain. 
In light of these findings, it might be worthwhile to implement alternative filters [58] to 
help reduce the effect of ambiguous UMIs in addition to or instead of the filter in our 
pipeline.

We further looked at how well the method performs at the gene level. As expected 
[56], the number of phased UMIs for each gene with and without hybrid selection were 
very highly correlated (Fig. 4g, Spearman correlation = 0.97), suggesting that expression 
before selection is a strong predictor of the expression after, with more uncertainty for 
the lowly expressed genes. Furthermore, most genes had more phased UMIs with hybrid 
selection than without (Fig. 4g). For each gene, we also compared the enrichment (total 
number of phased UMIs with selection divided by the total number of phased UMIs 
without selection) to QC metrics from the data without selection (Additional file 2: Fig. 
S5c). There is no evidence of a strong correlation between enrichment and any of these 
QC metrics. Genes with lower expression, as measured by percentage expressing cells, 
total UMIs, etc., show less consistent enrichment than those expressed at higher levels. 
Similarly, there was not a strong association between the reason genes were chosen and 
the enrichment score (Additional file 2: Fig. S5d).

Within the targeted genes, we used hybrid selection to target regions near heterozy-
gous SNPs to increase the percentage of UMIs that are phased. In our experiments, the 
percentage of UMIs that are phased in the hybrid-selected data is greater than that in the 
non-hybrid-selected data for almost all targeted genes (Fig. 4h).

The above analysis suggests that hybrid selection should increase power for ASE analy-
sis in regions and genes of interest while requiring much less sequencing resources.

Parkinson’s disease SNP‑level analysis

We next sought to extend our findings to a larger number of individuals. Allelic imbal-
ance is often studied in data from many individuals [6, 18] because determining which 
SNPs are driving allelic imbalance, requires data from many individuals to tease apart 
the effects of a given SNP since many SNPs are on each haplotype, any one of which 
could be driving allelic imbalance.

To this end, we used data from a Parkinson’s disease (PD) study consisting of snRNA-
seq from the mid-temporal gyrus (cortex) of 94 individuals (Lin et  al., manuscript in 
preparation) with clustering and cell type annotations reported elsewhere [59] (Fig. 5a; 
see “Methods”). The donors consist of about equal numbers of healthy controls, indi-
viduals with PD, and individuals with incidental Lewy body disease (ILBD; pathology 
without obvious clinical symptoms).
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Previous studies on allelic imbalance in single-cell and single-nucleus RNA-seq data 
have mostly analyzed individual samples [15, 16]. DAESC, a recent method for studies 
with multiple samples [60] relies on differential allelic imbalance, comparing ASE levels 
between conditions. In our study, however, we focus on allelic imbalance in a particular 
group of cells regardless of condition. To test this we implemented two methods, both 
based on the beta-binomial distribution (see “Methods”). One is a pseudobulk method, 

Fig. 5  Parkinson’s disease ASE. a UMAP showing cell types present in PD mid-temporal gyrus snRNA-seq 
data. b Box plot of false positive rate (FPR) analysis. Results of random permutation (100 times, glutamatergic 
neurons data) of the alternate vs. reference allele for each individual to generate a dataset with no true allelic 
imbalance. Shown for each permutation is the percentage of comparisons with p-value < 0.05 – closer to 
5% indicates that the method better controls the FPR. Boxplots denote the medians and the interquartile 
ranges (IQRs). The whiskers of each boxplot are the lowest datum still within 1.5 IQR of the lower quartile 
and the highest datum still within 1.5 IQR of the upper quartile. c Evaluation of methods to detect allelic 
imbalance (y-axis) for known cis-ieQTLs with downsampling of individuals (x-axis). Detecting more genes 
with significant allelic imbalance at a given number of individuals indicates a method had higher power. d 
Comparison of the estimated allelic imbalance effect size in the snRNA-seq data for excitatory neurons with 
our ASE methods (y-axis) to the excitatory neuron interacting eQTL effect size from published bulk RNA-seq 
data (x-axis). We see high agreement, helping validate the allelic imbalance results in an independent assay. 
e Bar plot comparing the number of significant allelic imbalanced SNP/gene pairs for targeted SNPs (x-axis) 
in each cell type (y-axis), showing that the selected data outperformed the non-selected data. f Comparison 
of significant SNP/gene pairs (y-axis) detected by eQTL or allelic imbalance analysis with different number of 
individuals sampled (x-axis). Significant hits had a Benjamini–Hochberg-corrected p-value < 0.05
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where the reads from cells of the same type from the same individual are aggregated and 
tested with a standard beta-binomial regression model from the aod package, and the 
other is a mixed model method using the glmmTMB package [61], where cells are aggre-
gated, but instead there is an extra random effect term in the analysis to account for 
individual to individual variability, the same underlying model tested in DAESC. Simi-
lar methods are used for differential expression between conditions in single-cell data 
except with different underlying noise models [62, 63].

To assess how well these methods control the false positive rate, we randomly per-
muted the reference and alternative allele for each individual and gene in excitatory 
neurons (see “Methods”) to create a dataset that should have no significant allelic 
imbalance. We then used both pseudobulk and mixed model methods to test for allelic 
imbalance. We repeated this 100 times and looked at, for each permutation, the pro-
portion of tested SNPs with p-value < 0.05. We would expect this to be ~ 5% in a well-
calibrated method. In these analyses, the pseudobulk-based method has a median value 
just above 5%, indicating it did relatively well in controlling the false positive rate, while 
the mixed model more frequently has SNPs with p-value < 0.05 indicating it generated a 
higher than desired false positive rate (Fig. 5b). For stronger false positive control than 
the pseudobulk method, we implemented a permutation-based method (see “Methods”) 
that by definition would control the false positive rate in Fig. 5b, discussed more in the 
section “Allelic imbalance versus eQTL analysis”. Although we focus on beta-binomial 
based methods, there are other possible choices for the distribution. In particular, we 
showed the use of a pseudobulk method using the quasi-binomial regression method 
in aod does slightly better controlling false positive rates than the beta-binomial based 
method (Additional file 2: Fig. S6a).

In addition, we examined the power of each method. Estimating power can be chal-
lenging due to the lack of true positives and, as such, sometimes simulated data are 
used. Instead, we used actual data and counted how many significant allelic imbalance 
events were detected among SNP/gene pairs that were likely to be true positives based 
on previous evidence. In particular, we took a set of SNP/gene pairs that were identified 
in a previous study [64] as excitatory neuron cis-interacting eQTLs (cis-ieQTLs), which 
are bulk eQTLs whose effect scales with the estimated proportion of excitatory neu-
rons. These ieQTLs were identified by applying deconvolution-based methods to bulk 
cortical tissue to calculate the proportion of cells in that sample that are excitatory neu-
rons and using those estimates to find eQTLs where the eQTL effect size differs with 
the proportion of excitatory neurons. These SNPs have been proposed to have stronger 
effects on the expression of the gene of interest in samples with more excitatory neu-
rons, so that they are strong candidates to be cis-eQTLs in excitatory neurons, with 
caveats such as differences in cellular contents (RNA from the whole cells vs. nuclei) 
and RNA-seq library construction methods. We sampled different numbers of individ-
uals from the entire dataset and tested for allelic imbalance with both pseudobulk and 
mixed model methods. As expected, with increasing numbers of individuals, more sig-
nificant allelic imbalance events were detected (Fig. 5c). Both methods detected many 
allelic imbalance events, though the mixed model methods did tend to detect slightly 
more at a given FDR cutoff.
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Notably, there was very high agreement between the expected effect size from the 
snRNA-seq data, using both the mixed model and pseudobulk approach, and that in the 
bulk RNA-seq data (Fig. 5d), particularly among the significant results. This shows that 
allelic imbalance analysis of snRNA-seq can recover known biological signals. Although 
there are a sizeable number of SNP/gene pairs that are significant in the bulk but not in 
the single-nucleus data, this is not surprising given the differences between single nuclei 
and bulk, that not all ieQTLs are necessarily eQTLs in excitatory neurons, and that the 
bulk results are from thousands of individuals whereas the snRNA-seq data are from 
fewer than 100.

Parkinson’s disease gene targeting

To extend our findings with ASE analysis of PD data, we applied hybrid selection, as 
with the two GTEx samples, to target 101 SNP/gene pairs identified as eQTLs in PD 
GWAS loci (see “Methods”). We generated sequence data targeting relevant regions of 
these genes for 91 individuals in our PD dataset [59]. In general, the selected libraries 
were sequenced less deeply than the non-selected libraries, as measured by reads per cell 
for each individual, (Additional file 2: Fig. S6b), with a median of 42% of the sequencing 
depth in the selected data compared to the non-selected data and with 86 of 91 samples 
having more sequencing in the non-selected data than the selected data. Despite this, 
the selected data have much higher saturation than the non-selected data (saturation of 
50.4% vs. 15.7% as reported by STARsolo).

For each cell type, we performed our pseudobulk-based allelic imbalance analysis of 
both the selected and non-selected data and compared the number of SNP/gene pairs 
with significant allelic imbalance in each cell type (Fig. 5e, Additional file 5: Table S4). 
Despite having fewer reads per cell in almost all samples, the selected data have many 
more significant hits than the non-selected data (1.4x (excitatory neurons) to 4x 
(endothelial cells)), with 75 SNP/gene pairs that were significant in the selected data but 
not in the non-selected data, but only seven SNP/gene pairs that were significant in the 
non-selected data but not in the selected data. We note that 31 of the 75 SNP/gene pairs 
were not tested in the non-selected data due to low sequence coverage of those genes. To 
investigate in a more systematic way, we determined the number of significant SNP/gene 
pairs in each cell type after downsampling the selected data to a depth of 5,000 reads 
per cell (see “Methods”, Additional file  2: Fig. S6c, d). There were very similar results 
to those without downsampling, consistent with the plateau we observed with increas-
ing sequence coverage for gene-level allelic imbalance in the GTEx data with selection 
(Fig. 4c, d, Additional file 5: Table S4). Our results suggest the selected data have more 
power than the non-selected data to detect allelic imbalance at the SNP level, even with 
much less sequencing coverage.

There is very high agreement in the estimated effect size between the selected (with-
out downsampling) and non-selected data (Additional file 2: Fig. S6e) (Pearson correla-
tion = 0.86, p-value < 2.2*10–16). This suggests both experiments detected the same signal 
and we had more power to detect it in the selected data.

To validate the PD-related SNP/gene pairs identified with allelic imbalance methods 
(Fig. 5), we studied them in other datasets. From a single-cell eQTL database, scQTLbase 
[4], we downloaded their single-cell eQTLs from excitatory neurons, astrocytes, and 
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oligodendrocytes. Of the 84 FDR significant SNP/gene pairs in our data with selection 
and down sampling, 41 (48%) were also significant in the scQTLbase dataset. Moreover, 
37 of those 41 (90%) agreed in the direction of effect (Additional file 2: Fig. S6f ), show-
ing validation of our results. For the ones that disagreed, possible explanations include 
differences in brain regions, PD and non-PD samples, and other factors such as age or 
ancestry. We also took the hits that were significant in the selected data but not in the 
non-selected data and checked whether they were significant in scQTLbase. We found 
42% were significant, of which all but one agreed in the direction of effect in the selected 
data with scQTLbase. To follow up these results further, assays such as CRISPRi, CRIS-
PRa [65], or MPRA [66] could be performed to learn more about the functional impact 
of these variants.

To investigate possible biases in ASE from selection, we extracted SNP level ASE from 
all SNPs in the targeted genes, using ASE calculated with only the reads overlapping 
a SNP (and not using phasing information). After filtering out lowly expressed SNPs 
(keeping those with > 10 phased UMIs present in > 5 samples) and pseudobulking the 
data by individual, we used a beta-binomial model to test for changes in ASE between 
selected and non-selected data for each SNP. Of the 14,893 tested SNPs, only 21 had 
a significant difference (Bonferonni corrected p-value < 0.05) in allelic ratio between 
selected and non-selected data (0.14% of SNPs). This suggests at most weak allele-spe-
cific bias in the data from selection.

Isoform‑level analysis

In addition to using ASE to find SNPs that affect gene expression, we were also inter-
ested in the effects of specific SNPs on levels of different RNA isoforms of a gene. To do 
this we built on the Sierra-based methods [46] discussed above. We used Sierra to call 
merged peaks from the PD non-selected dataset and processed these results with our 
pipeline to generate peak-level ASE information.

First, we tested how many peaks had significant ASE in excitatory neurons (Additional 
file 2: Fig. S7a). As expected, as the number of individuals increases, we observe many 
more significant peaks. We also checked for peaks in which the ASE ratio in that peak 
differs from the ASE ratio of the rest of the gene (see “Methods”), which is similar to 
differential transcript usage (DTU), and observed similar results (Additional file 2: Fig. 
S7b vs. Additional file 2: Fig. S7a). Such peaks could identify SNPs that affect splicing, 
so-called splicing QTLs, or other RNA processing steps.

For each peak, we compared the estimate of allelic imbalance for that putative iso-
form (peak) to the estimate in the associated gene containing that peak. Although these 
could be highly correlated, they might not be for biological reasons, such as differential 
transcription usage, or technical reasons, such as some peaks being noisier than others, 
leading to loss of power at the gene level, etc. To explore this, we compared each isoform 
peak’s estimated allelic imbalance levels to that for the associated gene and observed 
very high concordance, with many being significant in both (92.5% of genes with at least 
one significant peak were significant at the gene level; among genes with at least one 
tested peak, 71.4% of those significant at the gene level had at least one significant peak 
in that gene), and with only 7.4% being significant at the peak level but not the gene 
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level (Additional file 2: Fig. S7c). The KANSL1 gene stands out visually because it has 37 
peaks, 28 of them tested for allelic imbalance, (once for each of two SNPs), with points 
for each of the two SNPs forming a vertical line (Additional file 2: Fig. S7d).

The strong agreement between peak- and gene-level analysis provides evidence that 
the population-based phasing used to produce the phased VCF used by our pipeline 
produced reasonable results. If the phasing was low quality, we would expect there to 
be many peaks within the same gene with opposite directions of effect due to flips in the 
phasing between those peaks.

Allelic imbalance versus eQTL analysis

Whether allelic imbalance provides more power than standard eQTL analysis has not, 
to our knowledge, been explored in the context of single-cell or single-nucleus RNA-
seq data. As such, we performed a downsampling analysis of our non-selected PD data, 
running both eQTL analysis with pseudobulk followed by Matrix eQTL [67] (see “Meth-
ods”) and allelic imbalance analysis with our beta-binomial pseudobulk method. We 
limited our analysis to the SNP/gene pairs identified previously in excitatory neurons 
from bulk data (Fig. 5d). In particular, we randomly downsampled to different numbers 
of individuals and counted the significant hits with eQTL analysis and allelic imbalance 
analysis (Fig. 5f ). At all levels of downsampling, allelic imbalance analysis outperforms 
eQTL analysis with more significant hits, suggesting that allelic imbalance has more 
power. We acknowledge that it is unclear how much this result depends on the choice 
of statistic and normalization used for the eQTL analysis. We used Matrix eQTL due 
to its popularity, but it is possible that these results may change if we use an alternative 
statistical model, e.g., negative binomial instead of normal distribution, mixed model 
instead of pseudobulk, different covariates, etc., or apply an alternative normalization, 
e.g., quantile normalization instead of counts per million followed by ComBat. We also 
compared eQTL analysis to ASE results with the quasi-binomial model and a permuta-
tion-based p-value approach (Additional file 2: Fig. S8) and found similar results.

Differential allelic imbalance

Our work so far has focused on identifying SNPs and genes for which the percentage 
of reads assigned to one allele is significantly different from 50%. To extend such anal-
yses, we explored methods to evaluate for each SNP whether the proportion of reads 
assigned to each allele of a gene is significantly different between different groups, e.g., 
glia vs. neurons, cases vs. controls, etc. We compared our pseudobulk and mixed model 
approaches along with the published DASESC_bb method [18] for their ability to iden-
tify allelic imbalance between the PD and healthy control samples with the PD SNP/
gene pairs (see “Methods”). Note we did not test the DAESC_mix method because it 
is not relevant to our study as it is used for gene-level analysis rather than SNP-level 
analysis. We also did not correct for any other confounders, although we recognize that 
unlike standard allelic imbalance analysis, differential allelic imbalance analysis can be 
confounded by individual-level covariates, such as age and sex, and correcting for con-
founders can be especially important when comparing between conditions. In terms of 
runtime, unsurprisingly the pseudobulk approach is by far the fastest (median of 2.25 s 
over all cell types), followed by our mixed model approach (median of 82.0 s over all cell 
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types), followed by DAESC (median of 1772 s over all cell types) (Additional file 2: Fig. 
S9a). In terms of performance, the effect sizes (Additional file 2: Fig. S9b) and p-values 
(Additional file 2: Fig. S9c) estimated by all three methods showed very high agreement, 
particularly between the DAESC and glmmTMB mixed models, as expected. In terms of 
the number of SNP/gene pairs with significant imbalance, DAESC identified one, glm-
mTMB identified two, and pseudobulk identified five, although it is unclear whether 
these differences are meaningful. These results were obtained using default settings for 
each method, so that it is possible the results could be improved with optimization. For 
example, with DAESC_bb many of the genes did not reach the method’s convergence 
cutoffs (though were still reported), so that it might be possible to run the method for 
more iterations, though this would entail an even longer runtime for this method that is 
the slowest of the three.

Taken together, these analyses suggest that DAESC and the glmmTMB mixed model 
are, perhaps unsurprisingly, very comparable, as is pseudobulk to a slightly lesser extent, 
though glmmTMB is faster than DAESC, and pseudobulk is even quicker.

Discussion
Allele-specific expression, and allelic imbalance more specifically, offers a powerful tool 
for understanding how genomic variation affects transcriptomic expression. Here we 
showed how choices in experimental design and computational analysis affect down-
stream results and can provide more power to detect allelic imbalance.

Our study shows that read length is an important consideration. Although long reads 
generated with ONT and PacBio sequencing detect more phased UMIs per read than 
short reads with Illumina sequencing (Fig. 3b), we favor the latter due to the lower cost 
per read leading to more power to detect ASE for the same cost. We acknowledge that 
this may change as sequencing technologies advance. Additionally in the future, long-
read sequencing could be used to better understand isoform-level ASE — we showed 
that long reads could be used to quantify isoform-level ASE by assigning long reads to 
their isoform of origin and examining transcriptional regulation at a finer level of detail 
(Additional file 2: Fig. S3). By contrast, short-read analysis had to use Sierra peaks (Addi-
tional file 2: Figs. S3b, S7a-d) or similar methods, a less easily interpretable and less pow-
erful measure of isoform-level ASE.

We also showed that hybrid selection of snRNA-seq libraries improved our power 
to detect allelic imbalance with no evidence of reference bias in the resulting libraries 
(Fig. 4). Moreover, the sequencing resources required are reduced when focused on the 
relevant regions of the transcriptome (Fig. 4c, d). This approach has exciting potential 
for following up GWAS loci to further elucidate the causal SNPs and affected genes – 
assigning function to variation.

In addition to these experimental advances, we provide tools for computational anal-
ysis to extend ASE in new directions. In particular, we show there is high agreement 
between mixed model and pseudobulk methods for detection of allelic imbalance, with 
slightly better false positive rate control in the pseudobulk approach (Fig. 5b, c). We also 
developed a novel approach that shows that allelic imbalance can be extended beyond 
the gene level (Additional file  2: Fig. S7a-d), opening the possibility of isoform-level 
analysis even in droplet-based single-cell and single-nucleus transcriptomic data. All 



Page 20 of 39Simmons et al. Genome Biology          (2026) 27:167 

the computational methods developed for this study are open source, allowing others 
to build on them both in terms of extending the methodology and for analysis of new or 
existing datasets.

There are many possible extensions to the work we present here. Recent work [68] has 
suggested that it is possible to use single-cell ASE data to explore trans-eQTLs. Further, 
we did not consider fine mapping [9] or combining eQTL analysis with ASE informa-
tion [33], both directions with great promise. On the biological side, we focused on the 
use of ASE to help understand inherited SNPs and small indels, but with slightly differ-
ent methodologies one could also consider using it to explore de novo mutations, copy 
number variants (CNVs) and larger structural variations, somatic mutations in other-
wise healthy cells, such as with clonal hematopoiesis of indeterminate potential (CHIP) 
[69, 70], or even somatic mutations in cancer [71]. We foresee the use of our ASE meth-
ods with spatial data [72], as our pipeline has built-in support for this already. Taken 
together, there are many possible ways for single-cell and single-nucleus ASE can be 
exploited to provide interesting biological insights in the future.

Conclusions
The emergence of single-cell and single-nucleus RNA-seq technologies for human 
genomics has opened the possibility of a better understanding of human disease at the 
cell type and state level. The ASE methods developed in our study enable the extraction 
of greater insights into eQTLs and the effects of genome variation on cellular function. 
We demonstrate optimized experimental design and computational methods that enable 
more powerful future studies in this area.

Methods
Samples

We obtained three aliquots of ~ 33 mg of Frontal Cortex (BA9) fresh-frozen tissue from 
each of the two GTEx samples. Fresh-frozen tissue samples from human middle tempo-
ral gyrus of controls, individuals with ILBD, and PD patients from the ASAP Parkinson 
Cell Atlas in 5D (PD5D) were obtained from the Arizona Study of Aging and Neurode-
generative Disorders/Brain and Body Donation Program at Banner Sun Health Research 
Institute [73] and will be detailed in Lin et al. (manuscript in preparation) [59, 74].

Nuclei isolation

We isolated nuclei from two frozen post-mortem human brain cortex tissues as previ-
ously described [75] with the following modifications. 1) We added 20 µl Recombinant 
RNase Inhibitor (Takara, 2313 A) into 4 ml EZ prep lysis buffer (Sigma, NUC101) in the 
first incubation step and another 4 µl Recombinant RNase Inhibitor in the second incu-
bation step. 2) We passed the lysate through a 40 µm cell strainer (VWR, 21,008–949) 
after the tissue grinding. 3) We did the optional wash with Phosphate Buffered Saline 
(PBS; Invitrogen, AM9625) containing 0.01% BSA (Sigma, B6917) and 0.04 U/µl Recom-
binant RNase Inhibitor. 4) We filtered the nuclei through a 20 µm strainer (Sysmex, 
04–004–2325) before the final counting using a Cellometer K2 Image Cytometer (Nex-
celom Bioscience, CMT-K2-MX-150).
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For the PD samples, we cryosectioned frozen temporal cortex tissue vertically. We 
transferred ten pieces of 50  µm thick sections to 2 pre-cooled pellet microtubes (five 
pieces each) in the cryostat. We used a pestle to homogenize the sample in each tube ten 
times with 1.0 ml Lysis buffer (prepared from 8 ml Nuclei Pure Prep (Sigma, NUC201-
1KT), 8 µl 1 M DTT (Sigma, 43,816), 80 µl 10% Triton X-100 (Sigma, T8787)) on ice. 
For each tube, we transferred 1.0  ml of homogenate to a 2.0  ml microcentrifuge tube 
and incubated on ice for 5  min, mixing once during the incubation. We then filtered 
the homogenate with a 70 µm strainer (Thermo Fisher Scientific, 2,236,548), centrifuged 
500 × g at 4 °C for 5 min, removed the supernatant, and incubated the pellet on ice for 
5 min with 500 µl Nuclei wash and resuspension buffer (NWRB; prepared from 14.8 ml 
Dulbecco’s Phosphate-Buffered Saline (DPBS; Gibco, 14,190–144), 150 µl BSA (Thermo 
Fisher Scientific, AM2616), 75  µl Recombinant RNase Inhibitor (40 U/ml; Takara, 
2313B)) without resuspension. We then added an additional 1.0 ml NWRB to each tube 
and resuspended the pellet followed by centrifuging 500 × g at 4 °C for 5 min. We resus-
pended the pellet with 2 ml of NWRB with DAPI (prepared with 5.5 ml NWRB, 11 µl 
DAPI (Thermo Fisher Scientific, 62,247; 5 mg/ml in water)) and filtered with a 40 µm 
flowmi cell strainer (Bel-art, H13680-0040). We sorted nuclei with a FACSAria III cell 
sorter (BD Biosciences). We isolated nuclei by fluorescence activated cell sorting based 
on DAPI and size, FSC and SSC (FSC at 5  V Filter ND1, SSC at 180  V Filter 488/10, 
DAPI by 405 Laser at 277 V Filter 450/50) using a 100 µM nozzle and a Flow Cytometry 
Size Calibration Kit (Invitrogen, F13838).

Illumina single‑nucleus RNA‑seq and hybrid selection

We loaded nuclei of each GTEx sample onto three channels, with each pair named 
as channel 1, 2, or 3 (Additional file 2: Fig. S10) of a Chromium Single Cell 3’ Chip B 
(10 × Genomics, 1,000,073) aiming to recover 10,000 cells per channel. We prepared 
the snRNA-seq libraries with the Chromium Single Cell 3’ Library & Gel Bead Kit v3 
(10 × Genomics, 1,000,075) following the manufacturer’s protocol. We pooled all six 
libraries based on molar concentrations and sequenced on a NextSeq 500 instrument 
(Illumina, SY-415–1001) using High-Output v2.5 Kit (75 cycles) flow cells (Illumina, 
20,024,906) with 28 bases for read 1, 55 bases for read 2, and 8 bases for Index read 1.

We also performed hybrid selection with 750 ng of the remaining libraries from chan-
nel 2 of each sample, using the SureSelectXT reagent kit, HSQ (Agilent, G9611A) and 
a set of custom baits (see Hybrid selection bait design section) following the vendor’s 
protocol (SureSelectXT Target Enrichment System for Illumina Paired-End Multiplexed 
Sequencing Library Protocol, version C3) with the following modifications. 1) We added 
1 µl of each universal blocking oligo, TS-p5 and TS-p7 (IDT, 1,016,184, 1,016,188), to 
each sample library in the denaturing step. 2) We amplified the captured libraries by 
mixing 50 µl of Amp Mix (10 × Genomics, 220,119), 2 µl each of 10 µM P5 (5’-AAT​GAT​
ACG​GCG​ACC​ACC​GA-3’) and P7 (5’-CAA​GCA​GAA​GAC​GGC​ATA​CGA-3’) primers, 
and 30 µl of library captured beads in a 100 µl reaction volume with the following ther-
mocycling conditions, 45 s at 98 °C, 9 cycles of 15 s at 98 °C and 30 s at 60 °C and 30 s at 
72 °C, then 1 min at 72 °C before hold at 4°C. 3). We purified the amplified PCR product 
with 1.8 × volumes of AMPureXP SPRI beads (Beckman Coulter, A63881). We pooled 
libraries based on molar concentrations and sequenced on a NextSeq 500 instrument 
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(Illumina, SY-415–1001) using High-Output v2.5 Kit (75 cycles) flow cells (Illumina, 
20,024,906) with 28 bases for read 1, 55 bases for read 2, and 8 bases for Index read 1.

We then pooled the original and targeted libraries at a 2:1 molar concentration and 
sequenced them together on a NovaSeq 6000 (Illumina, 20,012,850) with a S1 Reagent 
Kit v1.5 (200 cycles) flow cell (Illumina, 20,028,318) with 28 bases for read 1, 202 bases 
for read 2, and 8 bases for Index read 1.

For each PD sample, we used about 30,000—40,000 events (~ 15,000 nuclei) per chan-
nel for 10 × Chromium GEM generation and barcoding following the manufacturer’s 
protocol (Chromium Single Cell 3ʹ GEM, Library & Gel Bead Kit v3, 10 × Genomics, 
1,000,075). We quantified the libraries using the KAPA Library Quantification Kit Illu-
mina Platforms (Kapa BioSystems, KK4873) and sequenced them on a NextSeq 550 
instrument (Illumina, SY-415–1002) using High-Output v2.5 Kit (150 cycles) flow cells 
(Illumina, 20,024,907) with 28 bases for read 1, 120 bases for read 2, 10 bases for Index 
read 1, and 10 bases for Index read 2.

We performed hybrid selection for PD snRNA-seq libraries with the same methods 
as for the GTEx samples with the following exceptions. 1) To obtain sufficient mate-
rial for hybrid selection, we amplified each individual library with the Targeted Gene 
Expression Assay (10 × Genomics, CG000293 Rev C) using the Library Amplification 
Kit (10 × Genomics, 1,000,249) and started with 25 ng of each library for six cycles of 
PCR amplification. We purified the PCR products with 1.0 × volumes of AMPureXP 
SPRI beads (Beckman Coulter, A63881) and freshly prepared 80% ethanol. We grouped 
the 85 libraries into 11 pools for hybrid selection. For sequencing, we further pooled the 
hybrid selection into 3 "super pools.” 2) The hybrid selected libraries were sequenced on 
a NovaSeq 6000 (Illumina, 20,012,850) with a S1 Reagent Kit v1.5 (200 cycles) flow cells 
(Illumina, 20,028,318) with 28 bases for read 1, 150 bases for read 2, 10 bases for Index 
read 1, and 10 bases for index read 2.

PacBio RNA‑seq

We constructed standard PacBio libraries with ~ 230ng of the remaining cDNAs gener-
ated from channel 1 of each sample above using the SMRTbell Express Template Prep 
Kit 2.0 (Pacific Biosciences, 100–938-900) following the manufacturer’s protocol. We 
sequenced the libraries on the Sequel II platform (Pacific Biosciences, 101–447-000) 
with 2 SMRT cells for each library.

MAS‑seq

We prepared the first two MAS-seq libraries with 1 µl (~ 7.5 ng) of cDNA from channel 
1 of each sample for sequencing each library on one SMRT cell on the Sequel IIe plat-
form (Pacific Biosciences, 101–986-400) according to the published protocol [47].

For the Revio sequencing, we processed the same two 10 × Chromium 3’ snRNA-seq 
cDNA products using the MAS-Seq for 10 × Single Cell 3’ Kit (Pacific Biosciences, 102–
659-600, protocol Version 1.03) with the following modifications. To account for the 
limited input cDNA of 7 ng, we added an extra cycle to the TSO-PCR step. To increase 
library yield, we increased the MAS-PCR volume to 50 µl, the input purified cDNA to 
80 ng, and decreased the PCR cycle number to 7. Following MAS PCR, the SMRTbell 
cleanup bead ratio was altered from 1.5 × Bead-Addition-Volume-to-Reaction-Volume 
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to 1.35x. Finally, the following steps: Post Array Ligation, Post DNA Damage Repair, and 
Final Cleanup were purified with a 1.55 × SMRTbead cleanup. Following MAS library 
construction, libraries were quantified with a Qubit dsDNA High Sensitivity Assay kit 
(Thermo Fisher Scientific, Q32854) and a Femto-Pulse Genomic DNA 165 kb Kit (Agi-
lent, FP-1002–0275). We sequenced each of the libraries on one SMRT cell on the Revio 
platform (Pacific Biosciences, 102–090–600).

Oxford Nanopore Technologies RNA‑seq with R2C2

We prepared Oxford Nanopore Technologies (ONT) libraries with the Rolling Circle 
Amplification to Concatemeric Consensus (R2C2) method [76] with the following modi-
fications. First we re-amplified cDNA by combining 20 ng of the remaining cDNA from 
channel 2 of each sample together with 50 µl of NEBNext High-Fidelity 2 × PCR Master 
Mix (New England Biolabs, M0541S), 2 µl of 12 µM PCR Primer1 (5’-CTA​CAC​GAC​
GCT​CTT​CCG​ATCT-3’), 2 µl of 12 µM PCR Primer2 (5’-AAG​CAG​TGG​TAT​CAA​CGC​
AGAGT-3’) in a 100 µl PCR reaction under the following conditions: 45 s at 98 °C, 10 
cycles of 10 s at 98 °C and 15 s at 62 °C and 3 min at 72 °C, then 4 min at 72°C. We then 
purified the PCR products with 95 µl ProNex Size-Selective Purification System beads 
(Promega, NG2001) following the vendor’s protocol. We used 200 ng each of this ream-
plified cDNA in the circularization reaction. We made ONT libraries with 1000 ng each 
of the elongated cDNA with the Ligation Sequencing Kit (Oxford Nanopore Technolo-
gies, SQK-LSK109) following the vendor’s protocol and loaded each library on both a 
GridION X5 (Oxford Nanopore Technologies, GRD-X5B002) with a R9.4.1 flowcell 
(Oxford Nanopore Technologies, FLO-MIN106D) and a PromethION P48 (Oxford 
Nanopore Technologies, PRO-SEQ048) with a R9.4.1 flow cell (Oxford Nanopore Tech-
nologies, FLO-PRO002).

PacBio sequence processing

We performed error correction for reads generated in CCS mode after transferring them 
from the Sequel II or on-board the Sequel IIe and Revio with the vendor’s ccs software 
(v5.0.0 for Sequel II, v.6.0.0 for Sequel IIe, v7.0.0 for Revio, https://​github.​com/​Pacif​icBio​
scien​ces/​pbccs, RRID:SCR_021174) [77] and default settings (–all –suppress-reports 
–num-threads 232 –all-kinetics –subread-fallback). With these settings, reads failing 
error correction were automatically discarded and only passing reads were presented 
in a single BAM [78] file for downstream analysis. Each read was affixed with an auxil-
iary BAM tag rq indicating overall read quality ranging from 0.0 ≤ rq < 0.99 for corrected 
reads with predicted accuracy < Q20, and rq ≥ 0.99 for corrected reads with predicted 
accuracy ≥ Q20.

PacBio IsoSeq data was processed according to the vendor’s recommended workflow 
(https://​isoseq.​how/, v3.4.0, RRID:SCR_025481). Briefly, we removed IsoSeq adapt-
ers using PacBio’s lima tool (v2.6.0, RRID:SCR_025520) with options –guess 75 and –
guess_min_count 1. We subsequently refined transcript reads to properly orient cDNA 
sequences, remove poly(A) tails, and retain only full-length non-chimeric (FLNC) tran-
scripts using the isoseq3 refine command and default settings. Next, in preparation to 
error-correct transcripts, we clustered sequences using the isoseq3 cluster command 

https://github.com/PacificBiosciences/pbccs
https://github.com/PacificBiosciences/pbccs
https://isoseq.how/
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and default settings. Finally, we collapsed sequences into a consensus sequence using the 
isoseq3 collapse command and default settings.

We processed the MAS-Seq sequencing HiFi reads into individual S-reads rep-
resenting the original cDNA sequences using Skera (v1.2.0, https://​skera.​how/, 
RRID:SCR_025482) from the standard PacBio Toolkit. We processed this BAM file 
with the lima (v2.9.0) command, followed by the isoseq (v 4.0.0) tag command with –
design T-12U-16B. This was followed by isoseq refine with the –require-polya tag, and 
then by isoseq correct with the associated barcode whitelist from Cell Ranger. This was 
transformed into a FASTA file with samtools fasta -T CB,XM for mapping downstream. 
Unlike the standard PacBio processing, duplicate sequences were not removed, as that 
was performed during the quantification step.

ONT sequence processing

We performed basecalling for reads generated on Oxford Nanopore instruments (Grid-
ION and PromethION) on-board the respective instruments with the vendor’s Guppy 
software (v4.0.14; https://​commu​nity.​nanop​orete​ch.​com/​downl​oads/​guppy/​relea​se_​
notes, RRID:SCR_023196) and default settings. With these settings, reads failing base-
calling were automatically discarded and only passing reads were presented in FASTQ 
files for downstream analysis.

R2C2 concatemer segmentation, QC, and annotation

We applied C3Poa (git commit hash 0dab17c69930976c209c9a8f1df8ac037e570455, 
RRID:SCR_025484) [41] to split concatemers at provided splint sequences, error-cor-
rect resulting subreads using a partial order alignment approach, and discard reads that 
could not be properly processed (C3POA.py -r < fastq > -s < splint.fasta > -c/c3poa.config.
txt -l 100 -d 500 -n 32 -g 1000 -o out).

To error-correct cell barcodes, we applied Starcode (v1.4, RRID:SCR_025483) [79] 
with default parameters to cluster all putative cell barcode sequences with entries from 
the 10 × Genomics 3′ 3  M-february-2018.txt CBC whitelist, subsequently replacing 
observed barcodes with cluster centroids.

Long‑read alignment and metrics calculation

We aligned reads to the GCA_000001405.15_GRCh38_no_alt_analysis_set.fna.
gz (Which human reference genome to use? (lh3.github.io)) (herein referred to 
as "grch38_noalt") reference sequence using appropriate platform-specific tools 
(Nanopore: minimap2 (v2.17-r941, RRID:SCR_018550) [80] -ayYL –MD –eqx -x 
splice -R < read group > -t < number of CPUs > < grch38_noalt reference > < reads.
fastq >; PacBio: pbmm2 (v1.4.0, https://​github.​com/​Pacif​icBio​scien​ces/​pbmm2, 
RRID:SCR_025549) align < input.bam > < ref.fa > < output.bam > –preset ISOSEQ –
sample < sample_name > –strip –sort –unmapped; MAS-Seq: minimap2 (v2.28-r1209) 
–secondary = no -ayY –MD –eqx -x splice:hq –cs = long). The MD tag encoding mis-
matched and deleted reference bases was computed post-alignment using the SAM-
tools calmd command (v1.19.2, RRID:SCR_002105) [81]. We computed genome-wide 
and per-chromosome coverage metrics using MosDepth (v0.3.1, RRID:SCR_018929) 
[82], and read length/sequence identity metrics using NanoPlot (git commit hash 

https://skera.how/
https://community.nanoporetech.com/downloads/guppy/release_notes
https://community.nanoporetech.com/downloads/guppy/release_notes
https://github.com/PacificBiosciences/pbmm2
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e0028d85ec9e61f8c96bea240ffca65b713e3385, RRID:SCR_024128) [83] and custom 
scripts.

Illumina snRNA‑seq analysis (75 base read 2)

We loaded the Cell Ranger (v3.0.2, RRID:SCR_017344) output for the Illumina (75 base 
read 2) sequencing of the six 10 × channels into Seurat (v3.1.1, RRID:SCR_016341) [84]. 
We removed cells with < 500 genes detected. We normalized the data using the Normal-
izeData command, with a size factor of 1,000,000 and normalization.method = ”LogNor-
malize” and identified variable genes with FindVariableFeatures with default arguments. 
We then scaled the data with the ScaleData command (with vars.to.regress = ”nFeature_
RNA”) followed by calculating principal component analysis (PCA) with the RunPCA 
command, generated a UMAP with Run UMAP (using dims = 1:17), and performed 
clustering with the FindNeighbors command (with dims = 1:17) followed by the Find-
Clusters command (with resolution = 2). To identify doublets, we used scrublet (v0.1, 
RRID:SCR_018098) [85]. We then labelled cells by cell type using known marker genes 
(GAD1 for inhibitory neurons, SLC17A7 for excitatory neurons, SNAP25 for neurons 
in general, PLP1 for oligodendrocytes, PDGFRA for oligodendrocyte precursor cells, 
SLC1A3 for astrocytes, CSF1R for microglia, and FLT1 for endothelial cells). These data 
were used for hybrid selection bait design.

Illumina snRNA‑seq (130 base read 2)

For clustering and cell type annotation of the GTEx Illumina data, we loaded expres-
sion information from the STARsolo output from both samples with the ReadIn-
STARSolo function from our scAlleleExpression package. We created a Seurat (v.4.0.0, 
RRID:SCR_016341) [86] object, filtering out cells with < 250 genes, and normalized the 
data with the NormalizeData function (normalization.method = ”LogNormalize” and 
scale.factor = 10,000). We identified variable genes using FindVariableFeatures with 
default parameters, ran scGBM (v0.1.0, RRID:SCR_025518) [87] on the count data 
with 20 dims and the batch corresponding to sample of origin, and added the result as 
a dimensionality reduction object to the Seurat object. We performed clustering and 
UMAP projection on this with the FindNeighbors, FindClusters, and RunUMAP func-
tions in Seurat with standard parameters, except with 20 dimensions as input and with 
the scGBM reduction instead of PCA. We added pointers to the output gene-level ASE 
counts and SNP information into the metadata using the LoadPipeline function in scAl-
leleExpression. We used scds(v1.6.0, RRID:SCR_021541) [88] on each sample separately 
to assign each cell a doublet score, remove clusters with high doublet scores, and then 
used known marker genes (see Illumina snRNA-seq analysis (75 base read 2 section)) 
to help identify cell types for each of the remaining clusters. We also removed cells with 
scds score > 1 as possible doublets.

For MAS-Seq data, we took the same approach, except the input count data was from 
UMI-tools (as described above) instead of STARsolo.

Illumina snRNA‑seq (PD‑related samples)

We started from BCL files and processed them through the Cell Ranger (v5.0.1, 
RRID:SCR_017344) [89] suite of tools and cellranger mkfastq, cellranger counts 
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(–include-introns) to demultiplex and map the data to the human genome using the 
human transcriptome reference obtained from Cell Ranger website’s download page 
(reference 2020-A (July 7, 2020), GRCh38, Ensembl 98) [90]. We subjected each sam-
ple to quality control prior to data aggregation. Cells with less than 200 unique genes 
or unique genes greater than three median average deviations above the median unique 
genes across all samples were discarded as low coverage or putative doublets, respec-
tively. We also removed cells with greater than 5% of their reads mapping to the mito-
chondrial genome. In each sample, we only retained genes with a minimum count of 
one in at least three cells. We then processed the resulting aggregated matrix using a 
Seurat (v4.3.0, RRID:SCR_016341) workflow in R [86, 91]. We normalized the count 
data to give counts per ten thousand and these values + 1 were then natural log trans-
formed. (NormalizeData, params: normalization.method = "LogNormalize", scale.
factor = 10,000). We identified the 2000 most variable genes (FindVariableFeatures, par-
ams: selection.method = "vst") and scaled the data (ScaleData) across all genes. We then 
used the 2000 most variable features for dimensionality reduction using glmPCA (0.2.0, 
https://​github.​com/​willt​ownes/​glmpca, RRID:SCR_025517) (RunGLMPCA) [92]. We 
processed the data with Harmony (v1.2.0, RRID:SCR_022206) [93] to account for covari-
ates, correcting the glmPCA for the snRNA-seq batch, sample, age bracket (binned 
into 10-year intervals), RIN bracket, PMI bracket, and sex, with theta being set at 0.4 
for each covariate. We used an elbow plot to help determine the ideal number of har-
mony dimensions (60) to pass to the FindNeighbors function, which was followed by 
cluster identification using the Leiden algorithm, in which a range of resolutions was 
tested (0.5–1.6) to identify a suitable value (FindClusters, params: resolution = 1.5, algo-
rithm = 4, method = “igraph”) [94]. We then ran UMAP (RunUMAP) to visualize the 
resulting clusters [95]. We removed clusters with less than 200 cells or representing less 
than 20 samples as part of cluster quality control. We identified doublet cells using the 
scDblFinder package (v1.12.0, https://​plger.​github.​io/​scDbl​Finder/, RRID:SCR_022700), 
by running the function scDblFinder on a per sample basis. All doublet cells were 
removed as well as any clusters that consisted of 30% or more doublet cells. We subse-
quently re-ran the UMAP to clean up the visualization.

Hybrid selection bait design

To select 100 genes to target in the GTEx snRNA-seq data, we used all six channels 
from the 75 base read 2 data and collected QC metrics (Additional file 6: Table S5) for 
all genes in the reference (original (pre-2020) GRCh38 reference from 10 × Genomics). 
These metrics included the percentage of nuclei expressing these genes in each cell type 
and overall, their average expression (average logTPM) in each cell type and overall, the 
length of the gene (extracted from the GTF file in the Cell Ranger reference), the log fold 
change in each cell type relative to others, percentage and number of UMIs phased in 
each GTEx sample. We then performed these filtering steps:

1)	 Basic filtering: We required genes to be expressed in > 1% of cells (overall), with > 1% 
phased UMIs in both GTEx samples.

2)	 Cell Type Specific: We focused on three cell types, microglia, astrocytes, and excita-
tory neurons. For each cell type, we examined all the genes that were upregulated 

https://github.com/willtownes/glmpca
https://plger.github.io/scDblFinder/
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(FDR adjusted p-value < 0.05, logFC > 0) in that cell type relative to others based on 
MAST (v1.16.0, RRID:SCR_016340) [96] and selected 10 of the genes with a mix of 
genes with high and low expression in the associated cell type. To do this, we ordered 
the genes by the percentage cells of that cell type expressing that gene and picked the 
genes at equal intervals, ensuring we got some expressed in a high percentage and 
some in a low percentage. Similarly, we also picked another 10 genes among these 
cell type specific genes to have a mix of lengths. We ordered the genes by length and 
picked the genes at equal intervals. This gave us 60 selected genes.

3)	 eQTL specific: We also looked at known eQTLs from bulk RNA-seq of cortex from 
GTEx [35] with (a) SNPs that were heterozygous in one of our two samples, (b) genes 
that were expressed in > 10% of cells in the dataset, and (c) SNPs located in either an 
intron or exon. We ordered the genes by the effect size of their biggest eQTL, and as 
above picked genes at equal intervals, picking 20 of them. This gave us a mix of genes 
whose eQTLs have stronger and weaker effect sizes. This gave us 20 more selected 
genes.

4)	 Percentage UMI Phased: Starting from genes that were expressed in > 10% of cells in 
the dataset, we ordered the genes by the percentage of UMIs that were phased for 
that gene and picked 10 genes at equal intervals, giving us a mix of genes with higher 
and lower percentage of phased UMIs. This gave us 10 more selected genes.

5)	 Overall Expression: Finally, we ordered the genes by their average expression and 
picked genes at equal intervals, giving us genes of mixed expression levels. This gave 
us 10 more genes, for a total of 100 selected genes (Additional file 6: Table S5).

For these 100 genes, we identified all the SNPs that were present in at least one of those 
genes using bedtools (v2.29, RRID:SCR_006646) intersect [97] and that were heterozy-
gous in at least one of our samples. We further limited the number of SNPs by choosing 
those that had > 1 read overlapping them in sample 1 and > 1 read in sample 2. We then 
produced the final targeted regions by choosing a region with 130 bp on either side of 
each SNP and merging overlapping regions. Finally, we used these regions as input to the 
Agilent SureSelect design tool with overnight digestion, 2 × coverage, with boosting, and 
stringent repeat masking. The bait regions are listed in Additional file 7: Table S6.

For the 101 genes we targeted in our PD dataset, listed in Additional file 6: Table S5, we 
used an initial version of SNP/gene pairs chosen based on eQTL analysis of PD GWAS 
loci using snRNA-seq data from the human MTG samples (Parker, Scherzer et al., man-
uscript in preparation).

For these genes, we used a similar approach to select regions to target as above. We 
processed each non-selected sample from the PD dataset one by one using a Nextflow 
(DSL 1.0, RRID:SCR_024135) [98] pipeline. First, we processed each sample with the 
same version of the pipeline used for GTEx samples with the same reference. Next, we 
used sinto (v0.7.2.2, https://​github.​com/​timoa​st/​sinto, RRID:SCR_025498) to extract all 
reads overlapping the genes of interest from the output BAM file. We transformed the 
resulting BAM file into a BED file with the bedtools bamtobed command (with the -split 
flag) and extracted entries overlapping heterozygous SNPs in that sample with bedtools 
intersect. We used an awk command (awk ’{if($6 = = " + "){print $1"\t"$2"\t"($3 + 200)}
if($6 = = "-"){print $1"\t"($2–200)"\t"$3}}’) to extend these BED files by 200 bp in the 3’ 

https://github.com/timoast/sinto
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direction. With bedtools sort, we sorted the BED file and combined overlapping entries 
in the extended BED file with bedtools merge. We combined the resulting BED files 
from all samples with the cat command and sorted them with bedtools sort. We pro-
cessed this BED file with a Python script that read each line in one by one and extracted 
regions covered by at least 10 entries in the BED file, saving them to a BED file of tar-
geted regions. Finally, we ran it through the Agilent SureSelect design tool with over-
night digestion, 2 × coverage, with boosting, and stringent repeat masking. The bait 
regions are listed in Additional file 7: Table S6.

Read processing pipeline

To extract ASE information from 10 × Chromium RNA-seq data, we built the single-
cell allele-specific expression processing pipeline, which is a Nextflow pipeline (DSL 1.0) 
[98] (v1) [28]. The pipeline takes in FASTQ files, a barcode whitelist (built in whitelists 
exist for Visium, 10 × Chromium v2, and 10 × Chromium v3), a VCF with phased geno-
type data, and reference files (including a STAR reference and a GTF). These files were 
preprocessed, then passed to STARsolo (v2.7.8, RRID:SCR_021542) with arguments 
described in https://​github.​com/​seank​en/​ASE_​pipel​ine/​blob/​main/​Quant​Pipel​ine.​no.​
conda.​nf line 103. (using default parameters for the Nextflow pipeline for all analyses 
unless otherwise stated). We used a STAR reference built using the GTF and FASTA 
from the original (pre-2020) GRCh38 reference from 10 × Genomics. In particular, we 
used the WASP [33, 34] capability built into STAR (v2.7.8) to help mitigate the effects of 
reference bias. For the analysis without intronic reads, we used the same pipeline except 
with Gene as the argument for –soloFeatures instead of GeneFull (used in all other 
analyses). The pipeline then used a htsjdk (v2.21.1, RRID:SCR_024036) [78] based Java 
application to calculate cell-level ASE from the STARSolo BAM file. For each read in 
the file, the application extracted information about the read from that the SAM tags. 
Multimapping reads and reads that did not pass the WASP filter were excluded. For 
each heterozygous SNP overlapping the read, the allele (alternative vs. reference) was 
extracted from the vA tag and the read’s allele was assigned based on this information. If 
SNPs within the same read disagreed on the allele to be assigned, the read was assigned 
to the more common allele if it accounted for > 95% of SNPs in the read, else the read 
was excluded. The UMI, CBC, and gene for the remaining reads were extracted from 
the associated tags, and information about the UMI/CBC/gene/allele were added to a 
HashMap. This HashMap was then used to assign UMI/CBC/gene triplets to allele (ref-
erence, alternative, or ambiguous, where ambiguous corresponds to UMI/CBC/Gene 
triplets that are assigned to different alleles by different reads) and the results were saved 
to an output file. Although we used this pipeline for extracting ASE information from 
our GTEx sample datasets and for generating regions to target for the PD data, a newer 
version of the pipeline [28], which was updated to use Nextflow DSL (v2.0), STARsolo 
(v2.7.10) and allow BAM files as input, but otherwise identical functionality was used for 
the PD datasets in all figures, with a different reference GTF but the same FASTA (GTF 
downloaded from https://​ftp.​ensem​bl.​org/​pub/​relea​se-​98/​gtf/​homo_​sapie​ns/​Homo_​
sapie​ns.​GRCh38.​98.​gtf.​gz). See Additional file 2: Fig. S11 for a flowchart.

For long-read data, we wrote a Java application [50] that takes in a BAM file annotated 
with cell barcodes, UMIs, and genes of origin, as well as a phased VCF. We annotated 

https://github.com/seanken/ASE_pipeline/blob/main/QuantPipeline.no.conda.nf%20line%20103
https://github.com/seanken/ASE_pipeline/blob/main/QuantPipeline.no.conda.nf%20line%20103
https://ftp.ensembl.org/pub/release-98/gtf/homo_sapiens/Homo_sapiens.GRCh38.98.gtf.gz
https://ftp.ensembl.org/pub/release-98/gtf/homo_sapiens/Homo_sapiens.GRCh38.98.gtf.gz
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the gene of origin with featureCounts (v2.0.1, RRID:SCR_012919) [99] (with tags -L -t 
gene -g gene_name -o gene_assigned -s 2 -R CORE) and extracted expression infor-
mation with UMI-tools (v1.1.2, RRID:SCR_017048) [100]. The computational process-
ing approach for this tool is the same as that for the short-read data, except instead of 
extracting SNP information from tags in the BAM file for each read, we loaded the geno-
type information into a HashMap and used that to identify which locations in each read 
overlapped a heterozygous SNP. We used the same GTF file used for the other GTEx 
samples.

For downsampling analysis of Illumina data, we downsampled BAM files from 
our pipeline using Picard Tools (v2.27.5, http://​broad​insti​tute.​github.​io/​picard, 
RRID:SCR_006525) DownsampleSam before processing them with our jar file for count-
ing ASE. Similarly, for the read length analysis, we trimmed reads to different lengths 
with the command “awk -v cutlen = $cutlen ’{if(NR%2 = = 0){print substr($0,0,cutlen)}
else{print $0}}’” (where cutlen is a variable containing the length to trim to) before feed-
ing them into the Illumina pipeline. For downsampling the long-read data, we used 
Picard Tools DownsampleSam to downsample the BAM files before running the above 
long-read pipeline.

In addition to the ASE pipeline, we also ran Cell Ranger [89] count (v3.0.2, 
RRID:SCR_017344) on each Illumina sample, with default parameters, except for the 
expected number of cells which were determined by the number of cells loaded in each 
10 × Chromium channel. This was performed on the Cell Ranger GRCh38 reference 
with introns added.

Downstream analysis package

We built an R package, scAlleleExpression (v1) [101, 102], for downstream analysis. The 
package had two purposes. First, it was built to load data from our read processing pipe-
line into R, a functionality which was used to load data for all ASE-based analysis in this 
manuscript. In particular, the package was built around a central data frame with one 
row per cell, with each column corresponding to either metadata, or serving as a pointer 
to a particular pipeline output. This metadata table was used to load ASE information at 
the SNP-level and gene-level expression information (as calculated by STARsolo). This 
was achieved by loading the gene-level ASE for each sample and the phased genotype at 
the SNPs of interest. Samples with non-heterozygous genotypes were excluded, and the 
ASE of the remaining samples in the gene of interest were aligned so that the allele with 
the reference value of the SNP was set as the reference allele of that gene. This enabled 
the use of reads both directly overlapping a SNP and those not directly overlapping it 
and was used by default for SNP-level analysis in our manuscript. Alternatively, it was 
possible to directly load the SNP-level ASE values, which are based only on the reads 
directly overlapping the given SNP. We used this last functionality to load data for all 
analyses involving genotype data without phasing information, as well as for analyses 
looking at reference bias. All analysis in the paper was performed with scAlleleExpres-
sion v1. Unless otherwise stated, all multiple hypothesis correction was performed with 
Benjamini–Hochberg using the p.adjust function in R.

Second, the package also had statistical tools built in to enable allelic imbalance analy-
sis. In particular, once one loaded ASE information (as described above), there were two 

http://broadinstitute.github.io/picard
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main approaches to testing for allelic imbalance in the presence of multiple individuals. 
These statistical tests were used for that statistical analysis of the PD data. In the first 
approach using pseudobulk data, it was possible to fit a beta-binomial regression model 
with the aod package (v1.3.2, https://​cran.r-​proje​ct.​org/​packa​ge=​aod, https://​doi.​org/​
10.​32614/​CRAN.​packa​ge.​aod, RRID:SCR_025516) and extract the p-values and effect 
sizes for the coefficient of interest (more often than not the intercept term). The package 
included an alternative approach of the quasi-binomial regression model in aod. We also 
implemented a permutation-based p-value calculation. This was achieved by randomly 
permuting the reference and alternative allele in each individual and running the beta-
binomial regression described above. This permutation was repeated many times (1000 
by default) and the associated p-value was computed using this randomly permuted data 
as the null distribution. Alternatively, for single-cell level data, the package can fit a beta-
binomial mixed model (with a random effect corresponding to sample of origin) with 
the glmmTMB package (v1.1.5, RRID:SCR_025512) [61] and extract the p-values and 
effect sizes for the coefficient of interest (most often the intercept term). For gene-level 
allelic imbalance within a given sample, which we used for the statistical analysis of the 
GTEx data in this manuscript, the package can be used to fit a beta-binomial regression 
model with the aod package on cell-level ASE data and extract the p-values and effect 
sizes for the coefficient of interest (most often the intercept term). See Additional file 2: 
Fig. S11 for a flowchart.

We also built a Python package, scASE_py (v1) [103, 104], to load the output of the 
pipeline into Python as a pandas (v1.0.5, RRID:SCR_018214) [105] data frame. This 
package also provides an interface to the scDali package. This package was not directly 
used for the data analysis in this manuscript.

Unless stated otherwise all plotting was performed in R with ggplot2 [106]; the actual 
code is also available [107, 108].

Differential allelic imbalance analysis

To test for differential allelic imbalance with the glmmTMB and pseudobulk methods, 
we used the same approach as for standard differential analysis (see above), except with 
the formula ~ Condition, where Condition corresponded to case vs. control status.

For DAESC (v0.1.0) [18, 109], we filtered the SNP/gene pairs as for the pseudobulk 
and mixed model approaches. For each SNP/gene pair, we used the cell-level ASE infor-
mation as input for DAESC_bb with the settings niter = 200, niter_laplace = 2, num.
nodes = 3, optim.method = "BFGS", and converge_tol = 1e-8, and a model matrix built 
model.matrix(~ Conditon,data = meta), where meta was the cell-level meta data. We 
then collected the results and reported them back.

Calling SNPs from snRNA‑seq data

To call SNPs from snRNA-seq data, we ran cellsnp-lite (v1.2.3, RRID:SCR_025515) [110] 
to call the genotype of the SNPs from the GTEx VCF (using the -R flag), using the BAM 
file and filtered cell list from STARsolo, and the flags -p 8 –minMAF 0.05 –minCOUNT 
10 –gzip –genotype. We took the output cellSNP.base.vcf.gz VCF file and used Python 
to create a VCF with those that were likely heterozygous SNPs (those with DP > 10 and 
the AD/DP ratio between 0.1 and 0.9). We then added a column of genotype information 

https://cran.r-project.org/package=aod
https://doi.org/10.32614/CRAN.package.aod
https://doi.org/10.32614/CRAN.package.aod
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to the resulting VCF (all 0|1 genotypes since we chose the heterozygous sites) and used 
the resulting VCF for downstream analysis.

Extracting read information for long‑read data

To extract read length information from our long-read data, we used pysam (v0.15.3, 
https://​github.​com/​pysam-​devel​opers/​pysam, RRID:SCR_021017) to load each read one 
by one. We loaded the CIGAR information with cigartuples and counted the number of 
mapped bp.

To extract information about the number of indels and SNVs in the long- and short-
read data, we used pysam to load each read one by one. The CIGAR string was extracted 
as above. The CIGAR string was then processed to count the number of matched bp, 
substitutions, insertions, and deletions.

Sierra analysis

We used Sierra (v0.99.24, RRID:SCR_025510) [46] to better understand allelic imbalance 
at a level closer to that of isoforms. For each sample, we processed the BAM files and 
filtered cell lists produced by STARsolo through a Nextflow (DSL 1.0) pipeline built to 
extract Sierra peaks. This pipeline indexed the BAM file, made junction files with the 
RegTools (v0.5.2) [111, 112] junction command with the -s 1 flag, then called peaks with 
the FindPeaks command in Sierra. These peaks were then merged with the MergePeak-
Coordinates command and annotated with AnnotatePeaksFromGTF, using BSgenome.
Hsapiens.UCSC.hg38::Bsgenome.Hsapiens.UCSC.hg38 as the genome reference. We 
modified this annotation by (1) not reporting the polyA and polyT categories and (2) 
including 5’ UTR and 3’ UTR as exon.

To count the phased UMIs in each peak, we used a Nextflow pipeline (DSL 1.0) that 
started by transforming the merged peaks into a BED file. Each entry in the BED file cor-
responded to a contiguous region in a Sierra peak, where BED entries coming from the 
same peak were given the same name. We annotated the STARsolo BAM file with these 
peaks using the command bedtools tag -names -s -tag PK -I $input -files $peaksBed 
where input was the BAM file from STARsolo and peaksBed was the BED file produced 
from the merged peaks. This added a new tag, PK, to each read in the BAM file with 
information about any Sierra peaks the read overlapped. Finally, we used the same jar file 
used for extracting gene-level ASE to extract Sierra-level ASE, except using the PK tag, 
which contained peak-level information, instead of the GN tag from the BAM file. The 
list of Sierra peaks for both datasets is in Additional file 8: Table S7.

Isoform‑level expression and ASE from long‑read data

To extract isoform-level information from long-read data, we modified the gene-
level long-read ASE pipeline – creating the genome mapping based isoform ASE 
pipeline. In particular, instead of using featureCounts for annotating reads with 
genes of origin, we built a custom Python script as part of our long-read processing 
pipeline (v1) [50] that annotated each read with the isoforms it overlaps. To do this, 
the script first loaded the GTF file into Python, creating two dictionaries. The first 
dictionary had one interval tree, which was built with intervaltree (v3.1.0, https://​
github.​com/​chaim​leib/​inter​valtr​ee, RRID:SCR_025514RRID), per chromosome, 

https://github.com/pysam-developers/pysam
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where the interval tree contains one interval per isoform from that chromosome 
(the interval consisting of the region covered by the isoform), including one such 
interval per unspliced gene. The second dictionary mapped from isoform names (the 
transcript id appended to the gene id) to a list of the regions in the genome cov-
ered by each exon. Once these dictionaries were constructed, each alignment was 
loaded in one at a time with pysam. A dictionary was created mapping each read to 
the maximum alignment score over all alignments. The alignments were then read 
through a second time. Those alignments that did not have the maximum alignment 
score for the associated read were excluded, as were reads with multiple alignments 
with the same maximum score. A list of all isoforms overlapping that alignment was 
extracted from the interval trees built from the GTF file using the overlap command. 
The regions covered by the exons of each isoform were extracted from the second 
dictionary and trimmed to the region covered by the read of interest. Each read was 
then transformed into a list of regions covered by that read with the get_blocks com-
mand, merging blocks that were within 10 bp of each other. Each of the isoform-level 
lists of exons were compared to the list from the read. We excluded isoforms where 
the overlap was < 95% of the length of the region covered by that isoform and < 95% 
of the region covered by the read. We then found the remaining isoform with the 
largest overlap. If there were other isoforms whose overlap was < 10 bp shorter than 
this largest overlapping isoform, the read was discarded; otherwise, the read was 
assigned to the isoform with the largest overlap. The script generated a new BAM 
file containing the reads that were assigned to an isoform, with the isoform name 
being included in the XT tag.

For short-read data, we generated a modified version of the standard short-read 
pipeline by adding two additional steps. In the first step the genome-aligned BAM 
file from STARsolo (produced in the single cell pipeline) was annotated by isoform 
using the same script as for the long-read data, adding the results as a new tag (XT). 
The second step used the ASE quantification script from the short-read pipeline to 
quantify ASE at the gene level to instead quantify ASE at the isoform level, feeding 
in the isoform annotated BAM and using the XT tag instead of the standard gene 
tag, but otherwise the using the same settings as for gene-level analysis.

Extracting cell‑level read mapping information

For Illumina data, we calculated cell-level QCs with the CellLevel_QC tool [113, 114]. In 
particular, we annotated reads from STARsolo BAM files as exon, intron, or intergenic 
with bedtools tag -s -tag RE -i $bam -files $genes $exons $anti -labels N E A, where 
$genes, $exons, and $anti were GTF files produced by extracting the gene-level, exon-
level, and antisense (gene-level with strand flipped) entries from the input GTF file, 
with the information stored in the RE tag. We used the resulting BAM file as input for 
the CellLevel_QC jar file to extract cell-level mapping information. In addition, we also 
annotated the BAM file from our pipeline with bedtools tag -i $bam -s -f 1 -files $bed1 
$bed2 $bed3 $bed4 $bed5 -labels UTR3 UTR5 Exon Gene Anti -tag GR, where $bed1, 
$bed2, $bed3, $bed4, and $bed5 were GTF files produced by extracting the 3’ UTR, 5’ 
UTR, exon, gene, and antisense (gene with strand flipped) entries from the input GTF 
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file, with the information stored in the GR tag. We processed this BAM file with a 
Python script to extract this information. We loaded reads into Python one by one with 
pysam and excluded multimappers (NH tag not equal to 1). We extracted the GR tag 
and used it to assign reads to different categories (see Fig. 2b). The script then counted, 
for each category, the percentage of reads that had a vW tag, which was the percentage 
overlapping a heterozygous SNP.

eQTL analysis

For each sample in the PD dataset, we calculated the pseudobulk count data with a 
modified version of the LoadExpression function in our scAlleleExpression package, 
modified to perform pseudobulking while loading each sample using the rowSums com-
mand. We normalized the data to counts per million (CPM) and removed genes with 
low expression (those with less than 1 CPM expression in at least 75% of samples). We 
further normalized the data with ComBat (RRID:SCR_010974) [115] in the sva pack-
age (v3.38.0, RRID:SCR_012836) [116] using the batch information. We extracted the 
expression of the genes being tested and saved this information as a tsv file.

We calculated the genotype principal components (PCs) as follows. We converted 
the VCF to a GDS file with the snpgdsVCF2GDS command in the SNPRelate package 
(v1.24.0, RRID:SCR_022719) [117]. We used the same package for LD pruning using 
the command snpgdsLDpruning with autosome.only = TRUE, maf = 0.05, missing.
rate = 0.05, method = "corr", slide.max.bp = 10e6, and ld.threshold = sqrt(0.1), and calcu-
lated PCA with snpgdsPCA. We then combined the top 5 PCs with the metadata from the 
pseudobulk step (namely age and sex) and saved them as a tsv file. We used the genotype-
ToSnpMatrix command in the VariantAnnotation package (v1.36.0, RRID:SCR_000074) 
[118] to convert the VCF into a genotype matrix, loading 100,000 SNPs at a time, exclud-
ing those with minor allele frequency < 0.05 in our dataset. We downsampled this file to 
the SNPs we wanted to test and saved the results as a SNP data file.

Finally, we ran Matrix_eQTL_engine from the MatrixEQTL package (v2.3, 
RRID:SCR_025513) [67] on the files we produced above, using useModel = modelLINEAR, 
pvOutputThreshold = 1, errorCovariance = numeric(), min.pv.by.genesnp = FALSE, and 
noFDRsaveMemory = FALSE. We extracted the eQTL results, filtered out those from SNP/
gene pairs we were not testing, calculated the FDR, and saved the results.

For the downsampling analysis, we loaded the relevant matrices (expression, SNP, and 
meta data) into R with the read.table command, downsampled to the appropriate num-
ber of individuals, and then converted to a SlicedData object to be used with Matrix_
eQTL_engine as above. In addition to saving the eQTL output, we saved the names of 
samples selected in each downsampling step to allow us to run allelic imbalance analysis 
on the exact same set of samples.
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