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Abstract

Single-cell RNA sequencing (scRNA-seq) technology is poised to replace bulk cell RNA sequencing for
most biological and medical applications as it allows users to measure gene expression levels in a cell-
type-specific manner. However, data produced by scRNA-seq often exhibit batch effects that can be specific
to a cell-type, to a sample, or to an experiment, which prevent integration or comparisons across multiple
experiments. Here, we present Dmatch, a method that leverages an external expression atlas of human
primary cells and kernel density matching to align multiple sScRNA-seq experiments for downstream bi-
ological analysis. Dmatch facilitates alignment of scRNA-seq datasets with cell-types that may overlap
only partially, and thus allows integration of multiple distinct scRNA-seq experiments to extract biological
insights. In simulation, Dmatch compares favorably to other alignment methods, both in terms of reducing
sample-specific clustering, and in terms of avoiding over-correction. When applied to scRNA-seq data
collected from clinical samples in a healthy individual and five autoimmune disease patients, Dmatch en-
abled cell-type-specific differential gene expression comparisons across biopsy sites and disease conditions,
and uncovered a shared population of pro-inflammatory monocytes across biopsy sites in RA patients.
We further show that Dmatch increases the number of eQTLs mapped from population scRNA-seq data.
Dmatch is fast, scalable, and improves the utility of scRNA-seq for several important applications. Dmatch
is freely available online (https: // qzhan321. github. 10/ dmatch/|).
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Introduction

Single cell RNA-seq technology is transforming the study of cellular heterogeneity*, differentiation™,

607 Gene expression levels in tens of thousands of single

and cellular response to stress and stimulation
cells are now routinely measured in a single scRNA-seq experiment® and more scRNA-seq datasets are
becoming available each day. However, there remain considerable challenges in scRNA-seq data pre-
processing as gene expression measurements from scRNA-seq are much noisier than compared to bulk
RNA sequencing®!, This makes integration and comparisons across multiple scRNA-seq experiments
particularly difficult because each experiment can vary in capture efficiency, PCR efficiency, and dropout
rates, and these technical effects can be cell-type- or experiment-specific™ 2,

Without the ability to integrate multiple scRNA-seq experiments, scRNA-seq studies are limited to
two general applications: (1) to characterize cell-type heterogeneity in a population of cells from one
experiment 28 or (2) to infer cellular trajectory during development or response to stimuli from one
sample. While we have learned tremendously about cellular heterogeneity and cellular state transitions
from these studies, there are important applications in both basic and clinical science that require

L2 Tmportant applications that

integration and comparisons across multiple scRNA-seq experiments
use scRNA-seq data include the identification of differentially expressed genes between two biological
conditions, and the mapping of expression quantitative trait loci (eQTLs).

Here, we describe Dmatch, a method that enables integration and comparisons across multiple scRNA-
seq experiments. Dmatch uses an external panel of primary cells’ to identify shared pseudo cell-types
across scRNA-seq samples, and then finds a set of common alignment parameters that minimize gene
expression level differences between cells that are determined to be the same pseudo cell-types (Fig. 1a).
Finally, Dmatch applies an affine transformation in dimensionality reduced space to all gene expression
measurements to remove batch or nonbiological effects (Fig. 1a). The affine transformation used by
Dmatch preserves cell-to-cell relationships and overall structure among cells, and, importantly, retains
the cell densities of the original datasets. Thus, aligned data produced by Dmatch is well suited for
downstream analyses and prevents reduction of cellular variation, which can lead to inflated differential
gene expression tests, false positives, and false negatives.

We showcase Dmatch on two major applications including differential gene expression analysis of
cell clusters from biopsies from healthy and disease individuals, and cell-type-specific eQTL mapping.
Dmatch compares similarly or favorably to existing methods on evaluation metrics. Most notably, Dmatch
is designed to integrate scRNA-seq data without removing biological variation and we show that Dmatch

is less prone to overcorrection compared to existing methods.

Results

Identification of shared cell-types across scRNA-seq experiments as anchors.

To identify shared cell-types across a pair of scRNA-seq datasets, Dmatch computes the Pearson correla-
tion between gene expression levels of all cells and gene expression quantifications of primary cells from
the Primary Cell Atlas®®. More specifically, the Primary Cell Atlas is a meta-analysis of publicly avail-

1314 51 d

able microarray datasets compiled from 95 human primary cells from over 100 separate studies
was previously used in Reference Component analysis’®. Using gene expression measurements from the
Cell Atlas, Dmatch computes, for each cell in the scRNA-seq experiments to be aligned, a 95-dimensional

vector of Pearson correlations — one correlation per primary cell. Because cells with similar Pearson
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correlation vectors are more likely to correspond to the same biological cell-types, we reasoned that cells
from different scRNA-seq experiments with similar correlation vectors likely belong to the same biological
clusters. Dmatch thus clusters cells based on their Pearson correlation vector, and uses these clusters as
anchors to determine alignment parameters.

To improve the consistency of the cell clustering, we implemented various strategies to reduce noise in
cell-type assignment and to detect outlier cells in scRNA-seq datasets. For example, based on empirical
tests, we found that the consistency of cell-type assignment was generally increased when all Pearson
correlations of the 95-dimensional vectors were set to zero except for those between the cell and the top five
reference atlas cell-types with the highest Pearson correlation coefficient (the results were qualitatively
similar when the top five to ten reference cell-types were used). To minimize the chance that a rare cell-
type from the reference panel is chosen as a reference cell-type, we required that all reference cell-types
considered must be ranked as a top five highest correlated cell-type with more than 20 cells from the
scRNA-seq datasets. Altogether, this procedure results in a sparse Pearson correlation matrix, which
is then biclustered (e.g. Fig. 1b, Methods). We found that inducing sparsity in this matrix reduced
the noise in clustering, which became immediately visible (see Supplementary Figure 1 for comparison).
Dmatch also uses two criteria to rank cell clusters and select two or more clusters as anchors. First, Dmatch
favors clusters with at least 100 cells in each scRNA-seq sample. Second, Dmatch performs a Shapiro-
Wilk test to rank cell clusters in terms of their likelihood to be drawn from a normal distribution in PC
space, an assumption that is required in our optimization (described below). The normality assumption
also helps detect cell clusters that visibly consist of two or more distinct cell sub-clusters or clusters with
a large proportion of outlier cells. Clusters that fail the Shapiro-Wilk test are removed from the pool of

possible anchors.

Alignment of scRNA-seq data using anchor cell-types.

Dmatch uses two or more shared cell-types as anchors to estimate alignment parameters to reduce cell-
type-specific batch effects. Specifically, Dmatch first estimates the probability density distribution of
anchor cells in each sample separately using Gaussian distributions to model each probability density.
Then, Dmatch uses gradient descent to find the best linear transformation (translation d and rotation A)
to minimize the Kullback-Leibler Divergence (KL divergence) between cells from anchor cell-types in one
“source” scRNA-seq dataset and the matched cells from another “target” dataset (Fig. la, Methods).
Once the parameters that minimize the KL divergence are obtained, the linear transformation is applied
to all cells, including non-anchor cell-types, from the “source” scRNA-seq dataset. The transformed
values from the “source” dataset, combined with the original values from the “target” dataset, form
a pairwise alignment between the two scRNA-seq samples. This alignment process can be repeated
iteratively to align additional scRNA-seq samples to the “target” dataset.

Although our approach is applicable when only a single anchor cell-type is shared across two scRNA-
seq experiments, we recommend using at least two anchors to reduce the potential for over-correction
and introducing cell-type-specific batch effects. Indeed, batch effects have been observed to depend
on mRNA expression level, length, and nucleotide composition*®, Thus, batch effects can also be
cell-type-specific because the expression levels of genes and the amount of total mRNA molecules vary
across cell-types. By estimating alignment parameters using two or more anchors drastically reduces
over-correcting cell-type-specific batch effects, which prevents artificial signals to be introduced in the
aligned data. To evaluate the consistency of our alignment when different cell clusters are selected as

anchors, we computed the mean squared error (MSE) between datasets produced using different anchors
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Figure 1: (a) Data processing pipeline. First, the uncorrected data is projected onto principal components
(PC). Next, an external gene expression panel is used to identify anchor cells to estimate linear batch effects in
the form of a rotation and a translation in PC space. Last, the data are corrected by rotating and translating the
data points in PC space. The PC loadings are used to recover the aligned data to allow downstream analyses.
(b) Dmatch uses a large reference transcriptomes from the Primary Cell Atlas to identify subpopulations from
the observed cells based on the projection. These subpopulations are used as anchors to guide the alignment.
We show an example applied on real data, which demonstrates the identification of cell clusters corresponding to
monocytes, B cells, and two different subclass of T cells. (c) Scatter plot of the first two PCs of unaligned and
aligned simulated data using multiple alignment methods. We observed that Dmatch was the only method that is
was able to accurately align samples with drastic differences in cell-type composition. (d) Scatter plot showing
two alignment performance metrics, the ARI and the Silhouette coefficient, for unaligned simulated data and
simulated data corrected using multiple alignment methods. Simulations were based on the framework proposed
previously. We performed two sets of simulations. In the first set, four cell-types were simulated, all of which
were shared across the samples to be aligned. In the second set, only two cell-types out of four were shared across
the samples.

(Methods). We found that the MSE between datasets aligned using different anchors were significantly
smaller (average 0.59) than compared to the MSE between unaligned data and aligned data (average

9.74), suggesting that choosing different anchors result in similar alignments.

Evaluation of alignment methods on simulated data.

We evaluated the performance of Dmatch and four recently proposed alignment methods, including
Seurat V312 MNN (scran 1.9.39), scMerge®(0.1.9.1), and Harmony™ (0.0.0.9000). We first applied all
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methods on simulated scRNA-seq data. Our simulated samples were assumed to follow a four-component
Gaussian mixture model in two dimensions to represent gene expression profiles of four cell-types in a
low dimensional biological subspace (Methods). Two samples each with 1,000 cells were drawn with
mixing coefficient (0.25, 0.25, 0.25, 0.25) as the first and second batch, respectively. Furthermore, two
scenarios with different levels of difficulties were considered. In the simple case, all four cell-types are
shared. In the difficult case, batches are partially overlapping with only two cell-types shared. We used
data generating models from the MNN software to generate simulated datasets. Specifically, artificial
batch effects were added to one dataset by adding a Gaussian random vector to the expression profiles
of all cells in that dataset. This dataset was then projected onto a 100 dimensional-space using a matrix
of values that corresponds to a subset of the principal component loadings obtained from real data. The
resulting vectors simulate high-dimensional gene expression data.

In the simple case, we observed that all methods performed similarly well (Supplementary Figure
2). However, only Dmatch correctly merged cell-types that were shared across batches in the difficult
case (Fig. 1c), while the other methods tended to either over-correct or under-correct batch effects. Our
simulation thus shows that Dmatch can robustly correct batch effects that induce systematic linear effects
on gene expression levels for partially overlapping samples, even when the batch effects are generated
according to the MNN model.

We also evaluated the performance of all methods measured using two popular metrics: the silhouette
coefficient®” and Adjusted Rand Index (ARI)“Y (Methods). The Silhouette coefficient aims to evaluate
how well mixed the cells which belong to the same cell-type across batches versus how well separated
the cells which belong to different cell-types. ARI evaluates the consistency between the true cell labels
versus the assigned cell labels after batch effects correction. In the easy case (Fig. 1d, 4/4 cell-types
shared), we found that Dmatch achieved an average SC of 0.85. Seurat V3 and Harmony achieved an
average SC of 0.85 and 0.77, respectively, while MNN and scMerge performed the worst. In terms of
ARI, Dmatch assigned labels that matched the true labels in all simulations and reached a score of 1. By
contrast, the other methods obtained an average ARI between 0.7 and 0.9. In the difficult case (Fig. 1d,
2/4 cell-types shared), Dmatch achieved an average SC of 0.77, whereas the other methods scored below

0.5. Similarly, Dmatch achieved a ARI score of 1, whereas other methods scored below 0.5.

Alignment of clinical scRNA-seq data from patient biopsies.

To evaluate the five alignment methods on real data, we chose to focus on immune cells as they have
been characterized extensively, and many cell-types have well-documented markers. To obtain a realistic
dataset that uses the same scRNA-seq technology to measure gene expression levels at different biopsy
sites in multiple individuals, we collected scRNA-seq data using 10X genomics (Methods) from PBMC
(average 4,444 cells) and bone marrow (average 1,013 cells) from six individuals (12 total samples),
including three rheumatoid arthritis (RA) patients, one ankylosing spondylitis (AS) patient, one systemic
lupus erythematosus (SLE) patient, and one healthy individual (HC) (Supplementary Table 1). In two
of the three RA patients, we further collected scRNA-seq data from synovial fluid (2,961 and 2,254 cells)
at the active site of inflammation. Although these samples were collected and processed on the same
day, they were processed on different experimental runs and were not multiplexed nor pooled together.
Thus, our data collection reflects a realistic collection procedure for clinical samples that we predict will
be widespread.

We first aligned the six PBMC samples we collected to survey the general landscape of immune cells

in healthy and disease peripheral blood. Using UMAP to visualize the unaligned data, we observed
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subtle, but clear, separation between clusters of cells from different individual samples, indicative of
the presence of batch effects (Figure ) As expected, all alignment methods produced a noticeable
reduction in the separation of cells from different samples. The mixing of sample cells after alignment
using Harmony and in particular scMerge was particularly homogeneous (Figure )

To characterize more systematically the accuracy of the alignment, we sought to determine whether
the same cell-types from different samples were aligned together while distinct cell-types remained sep-
arated. To this end, we applied a standard pipeline to identify cell clusters using Seurat on each sample
separately (Method). This resulted in 8-15 clusters for the 6 samples, wherein each cluster expressed
informative markers that allowed us to assign a likely immune cell-type (e.g. CDj/+ T cell, or CD14+
monocyte, see Methods). Visualizing these markers on the UMAP revealed that, indeed, the alignment
procedures were able to align cells expressing the same markers together (Figure [2p and Supplementary
Figure 3). However, in addition to aligning similar cell-types together, scMerge also aligned distinct
cell-types together, resulting in three major homogeneous cell clusters representing B cells, monocytes,
and a large cluster of T cells (Supplementary Figure 3).

When the samples were analyzed separately using the standard Seurat pipeline (Methods), we ob-
served that CD14+ monocytes from RA1, RA3, and AS (but not RA2, SLE, or HC) expressed the pro-
inflammatory marker IL1B, indicating that monocytes in these individuals exhibit a pro-inflammatory
state. IL1B positive CD14+ monocytes have been observed in RA patients22, but the expression of IL1B
in monocytes from the ankylosing spondylitis patient support reports that ILI1B may be involved in the
pathogenesis of a wide number of autoimmune diseases2324,

We also observed a cluster in SLE PBMC consisting of cells that expressed high levels of kidney-
expressed genes (e.g. ECHS1, MIOX, FXYD2, and ALDOB). The presence of this “kidney” cell cluster is
consistent with circulating kidney cells in the peripheral blood of the SLE patient as the patient exhibits
kidney inflammation in the form of lupus nephritis.

Because both pro-inflammatory monocyte clusters and the “kidney” cell cluster were identified in the
patient samples when analyzed individually, we reasoned that their presence could not be explained by
technical effects. However, investigating data aligned using Seurat v3, Harmony, and scMerge revealed
that the clusters representing pro-inflammatory monocytes disappeared subsequent to alignment (Figure
2b) and the cluster corresponding to SLE-specific circulating kidney cells disappeared after Seurat V3,
Harmony, and to some extent, scMerge alignment (Supplementary Figure 4). By contrast, both clusters
are visibly separated in the UMAP representation of data aligned using Dmatch and, to some extent,

MNN (Figure 2b and Supplementary Figure 4).
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Figure 2: Application of alignment tools on PBMC clinical samples. (a) UMAP dimensionality reduction
of PBMC scRNA-seq data from 6 clinical samples before and after alignment comparing Dmatch, MNN,
Harmony, scMerge, and Seurat V3. UMAP plots suggest possible over-correction from scMerge. (b) We
observed that CD1/ monocytes express IL1B in a subset of individuals with autoimmune disease (RA1,
RA3, AS). This signal was preserved after alignment using Dmatch and to some extent MNN, while it
disappeared using Harmony, Seurat V3, and scMerge. Shades of purple represent marker expression in
each cell relative to other cells in the same UMAP.
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Over-correction of batch effect masks biological signal

To better understand the extent to which data aligned using different methods vary, we performed a series
of differential gene expression analyses between cell-type clusters that were determined using Seurat on
each sample separately, henceforth referred to as Seurat clusters (see Methods). We thus set to identify
differences in the list of genes identified as differentially expressed across Seurat clusters when different
methods were used to align the data. We reasoned that if the lists of differentially expressed genes
(DEG) across Seurat clusters are the same for all methods, then the alignments must be very similar
across methods. However, if the lists of DEG differ dramatically, then the alignments must be highly
variable.

We began by evaluating the differences between unaligned data and data aligned using Dmatch. For
each pair of Seurat clusters, we counted the number of DEG that were identified using limma-trend®” (see
Methods) using unaligned data as input but not using data aligned from Dmatch as input, and vice versa.
We first identified DEGs across pairs of Seurat clusters from different samples but that were determined to
represent the same cell-type from our manual annotation (Methods). In the ideal scenario, the number
of DEG between clusters representing the same cell-type should be reduced when using aligned data
compared to unaligned data, because DEG identified when comparing the same cell-type across different
samples are generally expected to be due to batch effects. Indeed, when we compared DEG obtained
from unaligned and Dmatch-aligned data, we found that the number of DEG between same cell-types in
different samples were drastically reduced (generally 5-25 DEGs from unaligned data versus 0-3 DEGs
from Dmatch-aligned data) (Figure 3a, X’s). The reduction in the number of DEGs therefore suggests
that Dmatch was able to efficiently remove the effects of batch.

We also considered comparisons across pairs of Seurat clusters determined to be different cell-types,
but from the same sample (Figure 3a and 3b, red points). Ideally in this case, DEGs identified across two
clusters from the same sample after alignment should be largely the same as those identified before align-
ment because much of the confounding effects are shared among measurements in a single experiment.
In fact, within-sample DEGs identified from unaligned data that are not identified from aligned data
suggest overcorrection and a reduction of true biological variation. Reassuringly, we found that DEGs
from within sample comparisons were identical between unaligned data and data aligned using Dmatch.
Altogether, these results suggest that Dmatch is able to preserve within sample biological variation while
correcting across-sample batch effects.

We next compared DEGs identified from unaligned data to DEGs identified from Harmony, MNN,
scMerge, and Seurat V3. We found that while all methods showed reduction of DEGs identified across
Seurat clusters determined to the same cell-types, there were also significant differences in the DEGs
found between Seurat clusters within a sample (Supplementary Figure 5). These observations raise the
possibility that existing alignment methods are prone to overcorrection.

We next compared DEG results between Dmatch and other methods. We found drastic differences be-
tween the DEGs inferred from aligned data (e.g. between Dmatch and Harmony, Figure 3b, for other com-
parisons see Supplementary Figure 6). For example, many comparisons shared no DEGs while hundreds
of genes were identified as differentially expressed in either Dmatch-aligned data only or Harmony-aligned
data only. Although the number of DEGs in comparisons between the same cell-types was smaller using
Harmony and some of the other methods, the large number of method-specific DEGs when comparing
clusters within samples suggests overcorrection.

To further investigate possible overcorrection, we focused on identifying cell clusters that show

biologically-relevant or known differences. We found that samples from RA1 and RA3 both harbored
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Figure 3: Over-correction in alignment tools. (a) Scatter plot showing the number of differentially expressed
genes (DEG) that are identified using unaligned data (positive y-axis) or using data aligned using Dmatch (neg-
ative y-axis), versus the number of DEG that are identified in both datasets (x-axis). Each point represents a
comparison between cell-type clusters from the same or different cell-type, or from the same or different sample.
Successful removal of batch effect is supported by smaller numbers of DEGs resulting from Dmatch-aligned data in
same cell-type comparisons, compared to unaligned data. As expected, DEG inferred from within-sample cluster
comparisons are identical between unaligned and Dmatch-aligned data. (b) Scatter plot similar to (a) shows
a large difference between Dmatch and Harmony-aligned data. (c) Heatmaps of estimated DEG fold changes
between naive CD4 T cells versus activated CD4 T cells within the same sample (RA3, left heatmap), and across
two samples (RA1 vs RA3, right heatmap). Dmatch and MNN estimates of DEG fold changes within samples
are consistent with unaligned data, as we should expect. However, the estimates from scMerge and Harmony
are shrunken and inconsistent, respectively, suggesting over-correction. Across-sample comparison between the
two cell-types show increase in JUN, FOS, and CD69 expression in activated CD4+ T cells, consistent with
within-sample comparisons for Dmatch and MNN. The signal is reduced or reverse for scMerge and Harmony,
respectively. (d) Scatter plot of DEG log fold change comparison between CD14 monocytes from healthy indi-
vidual HC and RA patient (RA1). Fold change estimates are reduced or zero for inflammatory markers (IL1B,
CCL3, CCL4) using data obtained from MNN, Harmony, and scMerge. (e) Heatmaps of estimated DEG fold
change comparison between RA1-HC1 and RA3-HC1 are consistent, and support the presence of over-correction
in data aligned using Harmony, scMerge, and MNN, masking real biological signal.

two clusters of cells that expressed classical markers of CD4+ T cells (e.g. CD3D, IL7R, IL32), with
one cluster showing high expression levels of activation markers including FOS and JUN (Supplemen-
tary Figure 7). Because both clusters were found in RA1 and RA3 patients, they likely represent real
biological variation between naive and activated CD4+ T cells circulating in patient blood. To verify
this, we identified DEG between the naive and activated CD4+ T cell clusters. As expected, within the
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top 15 most significantly DEG, we observed over-expression of activation makers such as CD69, JUN,
FOS, DUSP1 in activated T cells when using unaligned data, Dmatch-aligned, and MNN-aligned data
(Figure 3c). However, we found that the estimated fold changes were reduced or even opposite when
using Seurat V3, scMerge or Harmony aligned data (Figure 3c). We also observed that comparing naive
CD4 T cells from RA1 to activated CD4 T cells from RA3 resulted in a highly consistent list of DEG to
within sample comparison, further suggesting that cross-sample comparison is likely accurate for MNN
and Dmatch, and inaccurate for Seurat V3, scMerge and Harmony.

We also found that the list of DEG between the CD14+ monocytes Seurat cluster from RA1 and
the CD14+ monocytes Seurat cluster from HC were different between Dmatch-aligned data and data
aligned using other methods. As described earlier, we found that the pro-inflammatory marker IL1B
was over-expressed in RA1 CD144 monocytes compared to monocytes from the healthy individual
(HC). We also observed over-expression of additional consistent markers such as CCL3, CCL4, NFKBIA
(Figure 3d,e). By contrast, starting from data aligned using MNN, scMerge, Seurat V3, and Harmony,
the differences in gene expression levels between RA1 and HC monocytes were drastically reduced in
effect sizes (MNN) or disappeared completely (Harmony, Seurat V3, and scMerge) (Figure 3d,e). IL1B
and cytokines (e.g. CCL3 and CCLJ) have long been recognized to be over-expressed in samples from
rheumatoid arthritis patients?%23, Thus, our observations suggest that heterogeneity between the two
monocyte clusters are not a result of uncorrected batch effects. Instead, the lack of DEG detected across
the two monocyte clusters using Harmony, scMerge, SeuratV3 — and to some extent MNN — indicates
that the two biologically variable clusters are aligned together erroneously.

Altogether, these results suggest that Dmatch allows correction of batch effects from scRNA-seq data,
while avoiding over-correction. In contrast, while Harmony, scMerge, Seurat V3, and MNN are all able
to correct batch effects by homogenizing scRNA-seq data from different experiments, they do so at the

cost of removing real biological signals.

Variation in gene expression levels in peripheral and tissue-resident immune

cells.

We next evaluated scRNA-seq alignment across biopsy sites. To this end, we used all methods to align
scRNA-seq data from PBMC and bone marrow (BMMC) from all individuals (12 total samples) and again
evaluated the number of DEGs across Seurat clusters. We then conducted a hierarchical clustering on all
samples based on the number of DEG as the distance metric. We found that compared to the clustering
from unaligned data, the clustering using aligned data from all methods resulted in more clearly defined
clusters (Figure 4a, Supplementary Figure 8). As expected, the samples clustered according to inferred
cell-type, rather than sample provenance, and samples within the same cell-type clusters showed fewer
DEG within cluster than compared to unaligned data, suggesting a reduction of batch and technical
effects.

The study of differences between peripheral immune cells and resident immune cells in the pathological
sites requires integration of peripheral samples and samples from the pathological sites. Because cell-
type composition can differ across these sites, we predicted that Dmatch would outperform other methods
as, based on our simulations, existing methods struggled to align samples in the presence of cell-types
that were not shared or high variability in cell-type proportions. To test our prediction, we aligned
our scRNA-seq data from synovial fluid (SF) (from RA1 and RA2) to scRNA-seq data from PBMC (all
individuals). PC analysis on uncorrected data suggests that SF and PBMC scRNA-seq showed clustering
within biopsy site, indicative of the presence of batch effects (Figure 4b). Alignment of the data using
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Figure 4: Cross-tissue alignments (a) Heatmaps showing the number of DEGs identified (Methods) across
Seurat clusters in PBMC and BMMC samples using unaligned data, Dmatch-aligned data, and Harmony aligned
data (others in Supplementary Figure 8). Improvement of clustering by cell-type using aligned data indicates
removal of batch effects from unaligned data. ND: Not Determined. (b) PCA of scRNA-seq samples from
PBMC and SF before alignment, and after alignment using Dmatch, and Harmony. While unaligned data show
likely batch effects specific to biopsy site, this effect is reduced after alignment. (c) Scatter plots of estimated
gene expression log fold changes between CD1/+ monocytes from RA2 PBMC and RA2 synovial fluid (SF). We
found that only Dmatch- and MNN- aligned data led to the discovery that several pro-inflammatory genes were
over-expressed in RA2 SF monocytes.

Dmatch showed clear improvement in mixing of cells from SF and PBMC samples (Figure 4b). Perhaps
unexpectedly, we observed that alignment using other tools such as Harmony also showed improved
mixing and a clear reduction of batch effects (Figure 4b, Supplementary Figure 9).

To better understand the differences in alignments produced by the five methods, we again compared
the list of DEGs across Seurat clusters in PBMC and synovial fluid scRNA-seq dataset without alignment
and after alignment using the five methods. We found that using unaligned data generally led to a larger
number of DEGs across samples from different biopsy sites (Supplementary Figure 10), as expected from
the large batch effects observed from the PCA (Figure 4b).

However, we found that many pairs of cell clusters had DEG that were only identified in Dmatch

and MNN, but not Harmony, scMerge or SeuratV3. Among the pairs of clusters with DEGs specific to
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Dmatch and MNN are two clusters of monocytes from RA2 PBMC and RA2 SF. Upon examination, we
found that while monocytes from RA2 PBMC did not express IL1B or other pro-inflammatory markers,
IL1B and other pro-inflammatory markers were highly over-expressed in RA2 SF monocytes. This is
by contrast to RA1 samples, in which pro-inflammatory monocytes were found in both PBMC and SF.
Interestingly, Dmatch-aligned data revealed that monocytes in RA1 SF expressed higher levels of CCL3
compared to RA1 PBMC monocytes, suggesting a stronger or more robust activation of monocytes in
SF than in PBMC. Our finding suggests that presence of IL1B+CCL3+CCL4+ monocytes may be a
potent biomarker of rheumatoid arthritis, even though not always detectable in patient PBMC.

Importantly, we were able to identify IL1B over-expression on monocytes only using data aligned
by Dmatch and MNN — and the extent of the over-expression estimated using MNN alignments was
reduced compared to that estimated by Dmatch. ILIB over-expression and thus this entire population of
pro-inflammatory monocytes could not be detected in scRNA-seq data aligned using Harmony, scMerge,
and SeuratV3.

Thus, we conclude that while all methods were able to integrate scRNA-seq samples from multiple
biopsy sites with modest differences in cell-type compositions, nearly all existing methods also removed

true biological variation between cells from the different biopsy sites.

Alignment improve power of eQTL mapping from population-level single-cell
RNA-seq data

PCA is often used to estimate and correct batch effects to increase mapping power in eQTL studies from
bulk RNA-seq data??. However, because PCA-based methods often fail to correct batch effects across
scRNA-seq samples, we hypothesized that Dmatch and other alignment methods can increase eQTL
mapping power beyond standard PCA-based batch correction methods. To test this, we re-analyzed
population scRNA-seq data from peripheral blood mononuclear cell collected in a previous study<S.
UMAP of the unaligned data show minimal batch effects (Figure 5a), as has been generally observed
from high quality droplet-based scRNA-seq from peripheral blood.

We mapped eQTLs in 8 cell-types using the same labels identified by the original authors?®, To this
end, we computed the mean count of all cells in each cell-type separately. We then performed eQTL
mapping as we have done extensively in the past?®29 by appropriate normalization and standardization
of the data, and false discovery test correction (Methods). We found that alignment generally improved
the number of eQTL detected, but only slightly (2-10%, Figure 5b).

Owing to the pooled design employed by the authors, the scRNA-seq data showed little to no batch
effects which can explain the subtle improvement of eQTL detection power after alignment. To test this
possibility, we next added batch effects (Methods) to each of the batches to simulate a more practical
data collection pipeline, wherein clinical samples are collected continuously and immediately processed
for scRNA-seq. UMAP of the unaligned data clearly shows the introduced batch effect (Figure 5¢), which
is consistent with scRNA-seq data from clinical samples that were immediately processed after collection
(Figure 2a). When using unaligned data with simulated batch effects to identify eQTLs, the number of
eQTLs identified in each cell-type was reduced by an average of 40-60%. These observations demonstrate
the necessity to account for potential batch effects in eQTL mapping studies that use scRNA-seq data.
Thus, we next identified eQTLs starting from data aligned using different methods. We found that eQTL
mapping starting with data aligned using Dmatch resulted in the most eQTLs identified (1.3-1.5 fold as
many as starting with unaligned data) compared to data aligned using other methods (0.9-1.1 fold as

many) at 10% FDR (Figure 5d). To visualize the differences in eQTLs recovered from data aligned using
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the different methods, we compared the significance of the association for the QTLs. We found that the
linear regression p-values were generally highly correlated, but in many cases were more significant for
Dmatch-aligned data compared to data aligned using other methods (Supplementary Figure 11). This
suggests that data aligned using Dmatch improves QTL mapping power. We also validated the eQTLs
mapped using data from the DICE consortium, which collected population-level bulk RNA-seq data for
a large number of sorted cell-types. We found that while the rates at which eQTLs identified from data
aligned using the different methods were largely similar, Dmatch identified more eQTLs, which generally
led to a higher number of eQTLs that are replicated overall (Figure 5e and Supplementary Figure 12).
Thus, we conclude that alignment of scRNA-seq data increase eQTL mapping power. However,
the improvement in mapping power varies across alignment methods and is likely to be reduced when

biological variation is removed due to over-correction.
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Figure 5: (a) UMAP of unaligned PBMC scRNA-seq data from 45 donors®. The cells from the 45 donors were
pooled into 8 samples for sequencing. (b) Alignment slightly improve mapping power. (¢) UMAP of unaligned
PBMC data with spiked in batch effects (see Methods) (d) Alignment improve eQTL mapping power substantially
when batch effects are simulated to reflect a realistic and practical scRNA-seq collection strategy. (e) Replication
of eQTLs identified in a bulk RNA-seq study of immune cell-type eQTLs from the DICE consortium. The eQTLs
that were not tested correspond to SNPs whose genotype could not be determined or to genes filtered out due
to low expression.

Discussion

There has been a great interest in using scRNA-seq to discover gene regulatory signatures that underlie
various biological processes and phenomena. One major obstacle to fully exploit the power of scRNA-
seq is the extensive batch and technical effects in scRNA-seq experiments. These unwanted effects not
only limit the re-usability of scRNA-seq data produced by different groups, but makes it difficult to
compare two scRNA-seq experiments generated by the same group and individual. To overcome this
obstacle, a growing number of methods were proposed to “align” scRNA-seq experiments to facilitate
comparison and allow downstream analysis of the merged datasets. Many of these alignment strategies
have been designed to align datasets that have been generated using different scRNA-seq platforms or
even to align scRNA-seq data from different species. However, there is a paucity of studies that evaluate

the performance of these methods on aligning datasets that were generated using the same methods in
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perhaps different contexts, e.g. healthy versus disease condition. Indeed, while most methods appear
to perform well on the task of aligning conspicuous cell clusters together (e.g. the monocytes from one
dataset to monocytes of another dataset), it is unclear whether more subtle biological variation is lost
during the alignment process.

We developed Dmatch to align scRNA-seq experimental data that are obtained using the same scRNA-
seq platform to allow downstream analyses including differential gene expression analysis. Dmatch uses
an external panel of reference transcriptomes (Primary Cell Atlas®?) that was compiled from over 100
separate studies to identify anchor cell-types that can be used for identifying batch or technical effects.
While the cell-type annotation in the Primary Cell Atlas may be relatively coarse (95 distinct cell-type
annotations), we found that Dmatch was able to find appropriate anchors to align samples consisting
of immune cell-types. Although we expect this strategy to work less well for more specialized scRNA-
seq samples that contain cell-types that are not represented in the Primary Cell Atlas, we envisage that
ongoing efforts, such as that of the Human Cell Atlas®", will establish better cell-type references that can
be used by Dmatch to identify more appropriate anchor cell-types. Dmatch uses kernel density matching
to estimate two parameters, a translation parameter and a rotation parameter, to align two scRNA-
seq datasets. Because Dmatch transforms data linearly and this transformation depends only on two
parameters, we reasoned that the resulting transformed data should be less prone to over-correction. The
resistance to over-correction, however, comes at the cost of not being able to detect, and therefore correct
for, batch or technical effects that are entirely nonlinear. Indeed, we found that alignments from Dmatch
resemble uncorrected data more so than compared to alignments from other methods, suggesting that
the corrections made by Dmatch are relatively conservative. Nevertheless, Dmatch performed similarly or
favorably to all evaluated methods in terms of reduction of batch effects in simulated data and in terms
of producing correctly aligned cell-type clusters across samples by visual inspection of PCA or UMAP
plots.

A major difference we observed between the evaluated alignment methods in this study was that
Dmatch appeared to be less or not prone to over-correction, while Harmony, scMerge, Seurat V3, and
to some extent, MNN, all showed signs of over-correction. For example, we found several cell clusters
that likely represented distinct cell states (e.g. pro-inflammatory and normal monocyte), but were
made indistinguishable in alignments obtained using Harmony, scMerge, and Seurat V3. Even in the
case of MNN;, the differences in gene expression that distinguished these clusters were often reduced
substantially. Thus, while all methods appear to work relatively well in terms of correcting batch or
technical variation across scRNA-seq samples, methods vary dramatically in terms of their propensity to
remove true biological variation. Indeed, we found that data aligned using scMerge showed the strongest
signature of over-correction in data that we collected. In this study, we also found that over-correction
can impact eQTL mapping. Indeed, while eQTL analysis is generally tolerant to under-correction,
as covariates can be added to the linear regressions that test for associations, over-correction of true
biological — in this case inter-individual — variation will strictly reduce eQTL mapping power.

In summary, we present Dmatch, a novel method for alignment of scRNA-seq data, which allows
users to integrate multiple scRNA-seq experiments for downstream analyses. While we found that all
evaluated methods performed well in terms of their ability to remove batch and technical effects, only
Dmatch alignments appeared to be resistant to over-correction. Thus, Dmatch unlocks several important
applications such as differential gene expression analysis and eQTL mapping using scRNA-seq data.
These applications are becoming staple tools in genomic studies as scRNA-seq continues to increase in

popularity and maturity.
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Methods

Identifying anchor cells by projecting scRNAseq to a reference panel

We propose to use reference transcriptomes from the Primary Cell Atlas, a meta-analysis of a large
number of publicly available microarray datasets compiled from human primary cells (745 samples, from
over 100 separate studies). After pre-processing using quantile normalization and feature selection, we
obtained a panel of 5,209 gene measurements for 95 annotated cell-types (e.g. epithelial cells, fibroblasts
and endothelial cells, etc...) for projection. To identify subpopulations from the observed single cells,
we projected all cells from our scRNA-seq samples to this reference panel by quantifying the Pearson
or Spearman Correlation between measurements for each single cell and the measurements for the 95
annotated cell-types. We then enforced sparsity to the original Pearson correlation matrix, kept only
the top five primary cell lines in the reference panel which were highly correlated with any cell in the
experimental data sets and set the rest to be zero, and kept only the primary cell lines in the
reference panel which were among the top five primary cells lines of more than twenty cells
in the experimental data sets and set the rest to be zero. The cut-offs were selected empirically
for 10X data and could be adjusted based on the quality of signals in the datasets. Of note, the
identities of the single cells were described by a 95-dimensional projected vector on the reference panel.
We further performed a bi-clustering which allowed simultaneous clustering of the rows and columns on
the sparsity-enforced Pearson correlation matrix. We used hlcust() implemented in R for the hierarchical
clustering with Euclidean distance as the distance metric. In our experiments, complete linkage, Ward’s
minimum variance method, and Ward’s minimum variance square linkage method achieved the best
performance. Finally, we determined clustering membership based on the bi-clustering results. The cell
clusters shared across samples were used as anchor cell-types for alignment. If two samples share more
than two cell clusters, the default is to select two clusters based on 1) the number of cells in each cluster:
a recommended cluster has at least 5% of the total number of cells in each sample and 2) the results

from a Shapiro test on the normality.

Removal of batch effects

We assume the batch effects can be represented as linear transformations on reduced dimensions. We used
PCA for dimension reduction in the analysis, which could be replaced by other non-linear alternatives.
We assume that the density of each selected anchor cell-type on a pair of PCs follows a 2-D Gaussian
distribution. Taking advantage of orthogonality, we can perform the correction independently on every
consecutive pair of top PCs. In the default setting, Dmatch accounts for variation loaded on top 30
PCs. Overall, we seek to correct for batch effects through applying linear transformations estimated
from density matching.

To illustrate the general ideas, we describe the alignment procedure for measurements from two
cell-types, type A and type B cells in the individual 1 and 2, respectively. At population level, the
density for measurements in the individual 1 is g and the density for measurements in the individual
2 is p without any perturbation. Let Y’ represent measurements of type A cells from individual 1,
X' represent measurements of type B cells from individual 1, Y represent measurements of type A cells
from individual 2, X represent measurements of type B cells from individual 2 after some unknown affine
perturbation on the original density. Let D(q, p) represent some distance measure for two densities, for
example, Hellinger distance, total variation distance, Chi-square distance or Kullback-Leibler divergence.

We seek an affine transformation on {Y; X}, including a translation d and a linear map A, which can
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minimize
D(q1,p1) + D(qg2,p2)

where g1 and ¢ are the estimated density functions based on Y’ and X', respectively; p; and py are the
estimated density functions based on YA — d and X A — d, respectively. The solution of this problem
depends on the distance measure as well as the density estimation method. We use Kullback-Leibler (KL)
divergence, which possesses good properties for our application and results in a closed-form objective.
The KL divergence from p to ¢ is defined as:
p(z)
KL(p:q) = /p(x)log@dx = —Ep[logq(x)] + c,

where q is reference density that we want to align to. It is a measure of how much ”evidence” each
sample will on average bring when we are trying to distinguish p(z) from ¢(x) and when we are sampling

from p(x). Accordingly, our problem can be formulated as:
F(Y, X) = argmin{ K'L(p1; G1) + K L(p2; ¢2)} = argmax{E,, [log 1] + Elp,[logd]}

This is equivalent to calculate maximum likelihood estimators for A, d given empirical density of ¢; and
q2. We use Gaussian distributions to estimate the densities for X, Y, X', and Y’, respectively. Let pu,,
D; and g, Do represent the estimated mean vector and covariance matrix for Y’ and X', respectively.

The objective becomes the following;

. . 171 _
argrﬁ}crilf(Y,X) = argrlr;}g §[EZ(AYj_d_Ny)TD1 1(AYj—d—uy)

j=1

1 n
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3

The gradients respect to A and d equal to the following:
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Further simplification leads to the following matrix form representation:
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where w; =1,, ® (d + uy)T and we =1, ® (d + um)T
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We use coordinate descent to solve the above estimation problem. At each step, d will be updated by:

1 m
d = (D '+Dy )7 (= > Dy 'AY, —fZD{lAX +Dy tp, + Do )

Jj=1 =1

Theoretically, A is allowed to take many forms of linear transformation. In the default implemen-

tation, we constrained the linear map in the affine transformation to a single rotation, dramatically

reducing the search space of parameters, i.e.,

0 —si
A= cos sinf
sinf  cost

. As such, we eplace the gradient search by angle search in the algorithm:

Af(X,Y) 03[ YT, (AY) —d — )" DAY — d — py)) N AL (AX; —d — )" Dy (AX; — d — 1))

00 o0 00
1 & 04 1 ¢ 04 1 & DA
== v,vIATD;! X X;"ATD; — — =) Y;(d Tpt=—

m Zl J+y 2 80 +— ; 2 80 m J; J( + Ny) 1 80

J

- 0A
)T 1

gz i(d+ py)” Dy 50

where
0A B —sinf —cosf

00 cosd  —sinb
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Simulation study

We adopt the simulation model from MNN paper to evaluate the performance of alignment methods.
Case 1 (easy case): We considered a four-component Gaussian mixture model in 2-D (to represent the
low dimensional biological subspace), where each mixture component represents a different simulated
cell-type. In other words, we generate four Gaussian distributions with different means and standard
deviations to imitate four cell-types.

Two data sets with N = 1000 cells were drawn with equal mixing coefficients (roughly 0.25/0.25/0.25/0.25
for the two batches) for the four cell-types. Two batches share all their four cell-types and have
evenly distributed cellular proportions.

We then projected both data sets to G = 100 dimensions using the same random Gaussian matrix, to
simulate observed high-dimensional gene expression data. Batch effects were incorporated by generating
a Gaussian random vector for each data set and adding it to the expression profiles for all cells in that

data set.

H batch name cluster 1 cluster 2 cluster 3 cluster 4 H

batch 1 265 255 242 238
batch 2 258 253 237 252

Table 1: Cell numbers for each cell-type cluster in the two simulated batches for the easy case.

Case 2 (difficult case): Compared to the easy case, we simulate six Gaussian distributions in 2-D space.
The first batch has the first four Gaussian distributions as its four cell-types, and the second batch has
the last four Gaussian distributions as its four cell-types. Therefore, those two batches partially share
cell-type 3 and 4 (or cluster 3 and 4). Of note,two batches share two cell-types with each other (partially
sharing): cluster 3 and cluster 4, and the proportion of each cell-type in each batch is approximately
even (0.25/0.25/0.25/0.25).

H batch name cluster 1 cluster 2 cluster 3 cluster 4 cluster 5 cluster 6 H

batch 1 262 257 237 244 0 0
batch 2 0 0 242 226 270 262

Table 2: Cell numbers for each cell-type cluster in the two simulated batches for the difficult case.
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Consistency of using different cell clusters as anchors

To evaluate the consistency of using different cell clusters as anchors for Dmatch, we selected HC1 PBMC
and SLE PBMC as test samples and aimed to demonstrate that any combinations of clusters identified
using Dmatch give consistent alignments. For the alignment between HC and SLE PBMCs, Dmatch
identified 3 possible alignment clusters (2, 3, and 4). This allows Dmatch to use as anchors a combination
of cluster 2 and 3, cluster 2 and 4, cluster 3 and 4, and cluster 2 and 3 and 4. As a baseline, we compared
the alignments using the 4 combinations of clusters against alignments of SLE PBMC on RA1 PBMC
(baseline 1) and of SLE PBMC on SLE BMMC (baseline 2), which are expected to produce different
alignments.

To quantitatively measure how different the alignments were, we calculated the mean squared error
(MSE) distance across alignments (on the top 30 PCs) using different anchors and the baseline com-
parisons. We found that the alignments using different combinations of selected clusters have much
smaller MSE than compared to the two baseline alignments (see tables 3 and 4 below), supporting the

consistency of using different cell clusters as anchors.

Alignments baseline 1  clusters 2, 3, 4 clusters 2, 4 clusters 2, 3 cluster 3, 4
baseline 1 0 5.682 5.859 6.457 5.366
clusters 2, 3, 4 5.682 0 0.687 0.899 0.328
clusters 2, 4 5.859 0.687 0 0.829 0.352
cluster 2, 3 6.457 0.899 0.829 0 0.469
clusters 3, 4 5.366 0.328 0.352 0.469 0

Table 3: MSE (top 30 PCs) of data after alignment using different anchors plus baseline 1.

Alignments baseline 2  clusters 2, 3, 4 clusters 2, 4 clusters 2, 3 clusters 3, 4
baseline 2 0 13.729 13.290 14.244 13.322
clusters 2, 3, 4 13.729 0 0.687 0.899 0.328
clusters 2, 4 13.290 0.687 0 0.829 0.352
clusters 2, 3 14.244 0.899 0.829 0 0.469
clusters 3, 4 13.322 0.328 0.352 0.469 0

Table 4: MSE (top 30 PCs) of data after alignment using different anchors plus baseline 2.

Performance evaluation

In addition to the visual inspection of PC plots, we computed the silhouette coefficients and Random

Adjusted Index to evaluate the performance of different methods on simulated data.

Silhouette Coefficients:

Let a(i) be the average distance of cell i to all other cells within the same cluster as i and b(i) be the
average distance of cell i to all cells assigned to the neighboring cluster, i.e., the cluster with the lowest

average distance to the cluster of i. The original silhouette coefficient for cell i is defined as:

b()a(i

)
maz(a(i), @) o

sil(i) =
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When b(i) is much greater than a(i), the silhouette coefficient approaches to 1. On the contrary, when
a(i) is much greater than b(i), the silhouette coefficient approaches to -1. Ideally, we would want jb(i);,
to be relatively way larger than ja(i); so that silhouette coefficient will approach to 1. Finally, we take
the arithmetic average of all cells’ silhouette coefficients in a batch to get a single number within [-1,1]

to assess different batch correction methods.

Adjusted Random Index (ARI):

We used adjusted Rand index (ARI) to evaluate the concordance of clustering results with respect to the
true cell-type labels, or the match between true cell labels and the assigned cell labels after performing
clustering analysis on corrected data. Considering the cells of corrected data are partitioned into different
classes with respect to cell-type labels, let a be the number of pairs of cells partitioned into the same
class by a clustering method and in fact belong to that same class; b be the number of pairs of cells
partitioned into the same cluster but in fact belong to different classes; ¢ be the number of pairs of cells
partitioned into different clusters but belong to the same class; and d be the number of pairs of cells

from different classes partitioned into different clusters. Then the ARI is calculated as

2(ad — be)
(a+b)(b+d)+ (a+c)(c+d)

ARI = (2)
A high ARI approaching 1 indicates a high concordance between the clustering result and known cell-type

information, and thus good performance of the method for correcting batch effects.

Data collection

Samples of peripheral blood (PB) and bone marrow (BM) were obtained from three RA patients, one AS
patients, one SLE patients, and one HC. And synovial fuid (SF) samples were obtained from the knee
joints of two RA patients. RA, AS or SLE patients fulfilled the 2010 American College of Rheumatol-
ogy /European League Against Rheumatism (ACR/EULAR) RA classification criteria®¥, the Spondy-
loArthritis International Society classification criteria for axial spondylarthritis®2, or the ACR Revised
Criteria for Classification of SLE®3, respectively. Donors were enrolled at Department of Clinical Im-
munology of Xijing Hospital in Xi’an, and their clinical characteristics are summarized in Supplementary
Table 1. Donors with chronic disease, cancer and chronic infections such as Hepatitis B, C, and HIV were
excluded. PB, BM, and SF were collected by EDTA treated Vacutainer tubes in a sterile manner (BD
Biosciences, Franklin Lakes, NJ, USA). SF was diluted with two volumes of phosphate-buffered saline
(PBS) and treated with bovine testicular hyaluronidase (10mg/ml; Sigma-Aldrich, St Louis, MO, USA)
for 30 min at 37C. Mononuclear cells were isolated using Ficoll-Paque gradient separation (GE Healthcare
Bio-Sciences, Pittsburgh, PA, USA). This research was approved by the ethical standards committee of
Xijing Hospital (KY20192006-C-1). All donors provided written informed consent in accordance with
the Declaration of Helsinki.

Identification of cell clusters using Seurat and markers

We used Seurat (version 2.3) with default recommended settings on each of our scRNA-seq samples
separately to identify clusters (referred to as Seurat clusters). To annotate Seurat clusters, we inspected
the top 10 marker genes that were the most over-expressed in each cluster compared to the remaining

cells as identified using the “FindAllMarkers” function from Seurat. More specifically, we used 2-3
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representative markers to annotate the following cell-types CD4+ T cells (CD3D, IL7R), CD8+ T cells
(CD3D, CD8A, CD8B), NK cells (NKG7,GNLY), B cells (MS4A1, CD79A), CD14+ Monocyte (LYZ,
CD1/), CD16+ Monocyte (LYZ, FCGR3A), Red Blood Cells (HBB, HBA1, HBA2), Dendritic Cells
(FCER1A, CSTS).

Alignment of scRNA-seq data from patient and healthy biopsies

To align the scRNA-seq data from patient and healthy individual biopsies (PBMC, PBMC+BMMC, and
PBMC+SF), we used the default parameters for Seurat V317, MNN (scran 1.9.39)*Y scMerge®(0.1.9.1),
and Harmony“? (0.0.0.9000) and used the 30 first PCs as input data (except for scMerge, for which the
full dataset was used as input, as required).

Dmatch aligns scRNA-seq samples by finding the alignment parameters that minimize the difference
in the densities between anchor cell clusters from the “target” and “source” scRNA-seq samples and
by applying the transformation to all cells including cells in the “source” dataset. Thus, the alignment
process can fail if batch effects are highly inconsistent among cell clusters (and thus anchor cell clusters).
To detect such inconsistencies, Dmatch computes an alignment vector for each anchor cell clusters as the
linear transposition in a 2D PC space from the center of an anchor cell cluster from the “source” sample
to the same anchor cluster of the “target” sample. If the linear transpositions of two anchor cell clusters
are very different, then the batch effects are likely to be highly inconsistent and result in the incorrect
estimation of alignment parameters. In other words, differences in the linear transposition are indicative
that different anchor cell clusters provide conflicting information regarding how batch effect should be
corrected.

We found no inconsistent batch effects for our PBMC and PBMC+BMMC alignments, and therefore
used the default parameters for Dmatch to align PBMC and PBMC+BMMC samples with 30 PCs as
input. However, when we computed the angle between the alignment vectors for the alignment of RA1
SF onto RA1 PBMC, we found that the angles were small (consistent) for pairs of anchor clusters in
PCs 1-6, but large (inconsistent batch effects) for many pairs of anchor clusters in PCs 7 and onwards
(compare Table 5 to Table 6). Thus, we used the 6 first PCs as input for our PBMC+SF alignment. We
found no qualitative difference when we used the first 6 PCs or all 30 PCs for the other methods.

Functions for computing alignment vectors and their angles are included in the Dmatch R package
and can be used to select the appropriate number of PCs to input when the batch effect vectors are

inconsistent.

H PCs clusters land2 land3 land4 land5 2and3 2and4 2and5 3and4 3andb5 4andb H

1,2 12.33 4.43 8.62 11.87 7.90 3.71 24.19 4.19 16.30 20.49
3,4 9.85 24.07 25.12 28.44 14.22 15.27 18.59 1.05 4.37 3.32

5,6 4.34 10.68 1.19 12.96 6.34 5.53 17.30 11.87 23.64 11.76
7,8 19.98 36.25 13.60 6.42 16.27 33.58 26.41 49.85 42.68 7.17

9, 10 8.48 84.95 25.83 179.72 76.47 17.36 171.24 59.11 94.77 153.88
11, 12 25.72 54.73 1.95 60.20 29.01 23.78 34.48 52.59 5.47 58.25

Table 5: Angles between the alignment vectors for pairs of clusters for the SLE PBMC to HC SLE
PBMC alignment. Angles are relatively small, which indicate consistent batch effect correction across
anchor cell clusters.
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H PCs clusterland2 1land3 1land4 2and3 2and4 3and4 H

1,2 3.97 14.56 12.69 10.59 8.71 1.88

3, 58.12 33.13 41.44 24.99 16.68 8.31

5,6 2.77 12.49 31.85 9.72 29.07 19.36
7,8 10.82 70.35 100.82 59.53 111.64 171.18
9, 10 27.56 179.07 146.65 153.37 174.21 32.42
11, 12 48.80 146.48 163.28 97.68 114.48 16.80

Table 6: Angles between the alignment vectors for pairs of clusters for the RA1 SF to HC PBMC
alignment. Angles for PCs 7-12 are large, which indicate inconsistent batch effect correction across
many anchor cell clusters.

Differential expression analysis

To estimate differential expression across Seurat clusters, we used limma-trend as implemented in*4 and
in which limma-trend was shown to perform well in nearly all major evaluation criteria including true
positive rates and maximum false positive rates. To evaluate the differences between differential expressed
genes (DEGs) identified using unaligned data and data aligned using the various methods (Figs 3a,b),
limma-trend was applied to identify DEGs across all pairs of Seurat clusters from all samples combined.
To be considered a DEG, we required a p-value smaller than 107!° and an absolute log, fold change
difference to be greater than 1. Although these cutoffs were chosen arbitrarily, we found that varying
the p-value cutoff to 107, 1072° or the absolute log, fold change difference cutoff to 0.5 or 1.5 did not
qualitatively change our interpretations.

To identify DEG that are shared or specific to a method (Figure 3a and b), we simply counted the
number of DEG that were identified at the aforementioned p-value and log, fold change cutoffs for each
of the different tools. We then plotted the number of DEG that were identified specifically using method
A (positive y-axis), specifically using method B (negative y-axis), and DEG that were identified using
both methods (positive x-axis) for all pairwise comparisons across Seurat clusters. Comparisons across
Seurat clusters from the same scRNA-seq sample were colored in red, and comparisons across Seurat
clusters with the same cell-type assignment were marked as crosses (again, see Figure 3a and b).

To produce the heatmaps in Figure 4a, we again called DEG across Seurat cluster across PBMC
and BMMC scRNA-seq samples. We counted the number of DEGs for each pairwise comparison and
used the heatmap.2 command from the R package gplots to produce the heatmap using hierarchical

clustering with the average linkage clustering.

Population PBMC scRNA-seq dataset and simulated batch effects

We analyzed processed data from”® and used their cell-type annotations. When performing UMAP
on processed data, we observed that samples mixed well, indicative of limited batch effects. To add
batch effects to the scRNA-seq data in order to simulate a more simple collection procedure without
the need to pool samples together, we once again used the simulation model from MNNZ. Briefly,
perturbation effects were incorporated by generating a Gaussian random vector for each data set and
adding it to the expression profiles for all cells in that dataset. More specifically, gene expression profiles
were LogNormalized, and eight perturbation parameters were generated for each of the eight samples
from® (mean, standard deviation of the Gaussian random vector): list(c(1,0.28),c(1.6,0.4), ¢(1.8,0.35),
¢(2.5,0.45), ¢(2.2,0.38), ¢(1.8,0.22), ¢(1.95,0.4), ¢(2.0,0.3)). These eight Gaussian random vectors (each
with length: n cells x n genes) were then added to each of the eight samples. The above parameters

were chosen based on the PCA and tsne plots.
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eQTL mapping

To map eQTL in scRNA-seq data, we computed, for all individuals separately, the mean expression
levels of all cells in each annotated cell-types: B cells, CD4+ T cells, CD8+ T cells, Dendritic cells,
NK cells, Monocytes, and combined cells (pseudo-bulk, or bulk). We then mapped eQTL in each cell-
type separately using a standard pipeline eQTL pipeline by quantile normalizing expression levels across
genes within individuals and standardize the expression across individuals??. We then used fastqtl?
to identify associations between genetic variants and gene expression levels and the Benjamini-Hochberg
procedure to control false discovery rates at the 0.05, 0.10, and 0.20 levels. No PCs were used as

covariates.

Replication using DICE eQTLs

To replicate the eQTLs identified using the population scRNA-seq data, we quantified gene expression
levels from DICE RNA-seq data for each different cell-type separately using Kallisto vx=8, We then used
standard eQTL pipeline?” and fastqt15® with 3 genotype PCs and a variable number of phenotypic PCs.
More specifically, PCA on genotype data was performed using the smartpca program from EIGENSOFT
version 6.1.4 , after pruning SNPs using PLINK v1.9 with parameters --indep-pairwise 50 2 0.2.
Individual outliers reported by smartpca were excluded from eQTL mapping. Phenotypic PCs were
calculated in R using the prcomp function. We empirically chose the number of phenotypic PCs that
maximized the number of significant eQTLs (5% FDR) in each cell-type (Supplementary Table 2).

To determine the replication of a eQTL from aligned scRNA-seq data, we asked whether the linear
regression between the gene expression and the most significantly associated SNP in the aligned scRNA-
seq data was also significant in each of the cell-types in the DICE dataset (p < 0.05). To determine the
replication in "any” cell-type, we asked whether the linear regression was significant, correcting for the

number of cell-types (p < %22).
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