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Abstract

Genome-wide association studies (GWAYS) have discovered numerous trait-associated variants, but
their biological context remains unclear. Integrating GWAS summary datistics with single-cell RNA-
sequencing expression profiles can help identify the cell types in which these variants influence traits.
Two main strategies have been developed to integrate these data types. The “single cell to GWAS”
strategy (representing most methods) identifies gene sets with cell-type-specific expression and then
follows with enrichment analyses applied to GWAS summary statistics. Conversely, the“GWAS to
single cell” strategy beginswith a list of trait-associated genes and calculates a cumulative disease
score per cell based on gene expression count data. We systematically evaluated 19 approaches verses
“ground truth” trait-cell type pairsto assesstheir satistical power and false positive rates. Based on
these analyses, we draw seven key conclusionsto guide future studies. We also propose a Cauchy
approach to combine the two main strategies to maximize power for detecting trait-cell type

associations.

NOTE: This preprint reports new research that has not been certified by peer review and should not be used to guide clinical prac]ice.
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27  Introduction

28  Genetic variantslikely affect complex traits and diseases by acting at the level of specific cell types'™.
29 Identifying these cell typesisessential for understanding disease etiology and for developing new

30 preventative and therapeutic approaches for personalized medicine®®. A powerful approach isto

31 integrate two fundamental data modalities, summary statistics from GWAS, which capture SNP-trait
32  associations, and gene transcript-by-cell matrices from single-cell or single-nucleus RNA sequencing
33  (both abbreviated as sScCRNA-seq hereafter), which provide cell-type-specific gene expression profiles.
34 Inprinciple, acell typeis prioritized if GWAS signals are significantly associated with the gene

35  expression specificity of the cell type. Methods that leverage these data to map cell types to complex
36 traits, referred to astrait-cell type mapping methods, have gained increasing attention. As of Jan 2025,
37  weidentified over 15 computational methods®™ can integrate GWAS and scRNA-seq data for this
38  purpose (Supplementary Table 1). However, which methods perform best and what factors affect

39  performance have been difficult to assess.

40  Benchmark comparisons of these methods are challenging for several reasons. First, while GWAS

41  datasets have grown rapidly in sample size over the past decade, statistical power varies widely across
42 traits®*, which may lead to different methods performing optimally for different traits. Second,

43  scRNA-seq datasets are increasingly available across different species, conditions (e.g., cases versus
44 controls), longitudinal time points, organs, and tissue regions, presenting opportunitiesfor discovery
45  but also challengesin effectively integrating and analyzing multiple datasets™. Methods differ in how

23,24

46  they identify gene sets associated with relative cell type specificity™<*, and these gene setscan vary
47  depending on experimental conditions, sequencing technology/depth, biological contexts, and data
48  sources. Third, the causal relationships between cell types and traits remain largely unknown, making
49 itdifficult to compare methods using real data. Currently, no gold standard exists for evaluating the
50  performance of trait-cell type mapping methods, and current studies have mainly relied on the

51  increasing number of detected trait-cell type associations of new methods compared to existing

52  methods, an approach that may be biased if false discovery is not appropriately controlled.

53  Here, we present a benchmarking study of trait-cell type mapping methods that integrate GWAS

54 resultsand scRNA-seq data. We used 33 GWASS datasets representing a wide range of complex traits
55  and diseases (Supplementary Table 2), and 10 sScRNA-seq datasets (Supplementary Table 3) from
56  both single organs™ > and multi-organ atlases in human® and mouse®. For a fair comparison, we
57  identify aset of putatively critical and control trait-cell type pairs as “ground truth”, based on

58 established biological knowledge and empirical evidence from prior studies (Figur e 1a). Moreover,
59  we classify existing methods into two primary strategies based on their conceptual distinctions

60 (Figure1b). (1) “From single cell transcriptomics to GWAS” (SC-to-GWAYS) identifies a set of
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specifically expressed genes (SEGs) for each cell type and then tests for GWAS enrichment. There
are many approachesto identify SEGs™'%*¢, These gene sets are then evaluated by stratified LD

score regression™***

(evaluates SNP-based heritability enrichment in the genomic regions annotated
by SEGs) or by MAGMA gene-set enrichment analysis which testsfor overrepresentation of trait-
associated genes in SEGs (MAGMA-GSEA)*#%. (2) “From GWAS to single cell transcriptomics’
(GWAS-t0-SC) starts with genesidentified from GWAS and then computes single-cell disease
relevance scores based on cumulative sScRNA-seq expression of disease-associated genes, with
scDRS’ being a representative method. We systematically compare both approaches and propose a
Cauchy p-value combination®®® to integrate results across different strategies. We investigate how
factors such as GWAS sample size, scRNA-seq dataset selection, and marker gene specificity affect
method performance. By using a comprehensive evaluation framework, our study aimsto establish

best practicesfor integration of genetic and single-cell datato prioritize cell typesfor complex traits.
Results

Establishing putativetrue-positive and tr ue-negative trait-cell type pairsfor methodsevaluation

All methods comparisons in this sudy are based on the benchmark trait-cell type pairs (see M ethods).
Briefly, across 8 trait categories, we selected 33 complex traits (Supplementary Table 2), each with
> 10 independent genome-wide significant loci (median = 108) and SNP-based heritability > 0.05
(median = 0.24). For each trait, we identified a putative true-positive cell type that was most likely to
be associated with the trait and a putative true-negative cell type that wasthe least likely association.
These determinations were based on PubM ed-supported evidence™ and biological knowledge,

facilitating method comparisons in power and fal se positive rate (FPR) (Figure 1a).
Effectivetrait-cell type mapping requires more than identification of cell-type markers

Both mapping strategies rely on lists of gene sets. In the SC-to-GWAS drategy, the gene lists consist
of SEGs derived from single-cell transcriptomic features, whereasin the GWAS-to-SC drategy, the
key gene list contains trait-associated genes identified from genetic data. Several metrics have been

developed to define SEG, and we incorporated all of them in this study (Supplementary Table 4).

To assess the impact of SEG selection on the SC-to-GWAS strategy, we first examined the overlap
between gene sets prioritized by 8 different metrics (Supplementary Table 4). For each metric, the

top 10% of genes (a common threshold used in the literature™“)

were considered asthe cell-type-
specific gene set. We applied these metricsto three distinct cell types (microglial cells, B cells, and
pancrestic B-cells), and found that only about half of the genes identified by each metric were shared
with another metric. This suggests that different metrics capture different properties of the expression

distribution of all genes within a cell type and of each gene across cell types (Supplementary Figure
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1). The SEG gene sets comprise ~1,400 genes, which contrasts to the small number of gold-standard
marker genes used to provide cell-type labels (at least 5 marker genes per cell type, with a median of
5, Supplementary Table 7). Hence, we evaluated how well different SEG metrics prioritized these
gold-standard marker genes across 28 cell types. We found that the differential expression T-statistic
(DET) consigtently ranked gold-standard marker genes highest, followed by sc-linker'* and Cepo®
(Figure 2a, Supplementary Figure 2). However, DET showed no advantage in mapping trait-cell
type associations, whereas Cepo outperformed others in mapping power and FPR control, regardless
of the enrichment method used to link the cell-type specific gene sets with GWAS results (sSLDSC or
MAGMA-GSEA) (Figure 2b, Supplementary Figure 3). These results suggest that the best metric

for trait-cell type mapping does not simply identify cell-type markers more precisely.

Next, we explored the impact of SEG-derived genomic annotations when incorporated with SLDSC
and MAGMA-GSEA methods under different settings of annotations (Supplementary Tables 1,4).
The SEG methods yield continuous per-gene metrics that can be incorporated with GWAS results as
continuous or binarized annotations (M ethods) while conditioning on a set of functional genomic
annotations included in the baseline sSLDSC model (v1.1 contained 53 annotations'™ and v2.3 contains
111 annotations™). Our results indicate that continuous annotations with the minimal baseline
produced the most robust results (highest power and lowest FPR on average across traits,
Supplementary Figures 3-5), whereas binarized annotations can help control inflation of FPR in
MAGMA-GSEA (Supplementary Figures 3,4).

The GWA S-to-SC strategy does not require SEG sets because the cumulative gene expression of trait-
associated genes is calculated per cell which can be evaluated across cells of the same cell-type label.
We found that using the gene-based test mBA T-combo* to identify a list of trait-associated genes
from GWAS results gave slightly more robust results in the scDRS method than using MAGMA-
GBT¥ genes, especially in FPR control (Supplementary Figure 6). Thisimprovement is likely due
to the superior ability of mBAT-combo to identify genes with masking effects caused by LD (trait-
associated variants of opposite effect that are on the same haplotype).

Based on these results, in subsequent sections of main results we limit comparisons to the SC-to-
GWAS methods of Cepo—sLDSC and Cepo—-MAGMA-GSEA (i.e., Cepo asthe metric to identify
the cell-type-specific gene lists, followed by either SLDSC or MAGMA-GSEA using GWAS
summary statistics). We also continue to present results for EP—binary-sL DSC because thisis the
method most commonly implemented in published papers. For the GWA S-to-SC method, we take

mMBAT-combo—scDRS forward into subsequent sections.

Consdstent trait-cell type mapping between mouse and human scRNA-seq data
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Mouse models are widely used in biomedical research because of their cost-effectiveness, ethical
feasibility, and tractability in accessing all tissue types and exploring impact of treatment exposures,
making them an accessible starting point for studying disease mechanisms before translation to human
studies. However, findings from mice must be validated in human data to ensure biological relevance.
Given the broader availability of mouse-based scRNA-seq data, we investigated whether the choice of

species influences trait-cell type mapping performance.

To assess this, we focused on putative true-positive and true-negative trait-cell type pairsin common
between a human atlas® and a mouse atlas* dataset generated from the same lab. As shown in Figure
3a, among the cell types represented in both atlases, the human atlas contains markedly more cells
than the mouse atlas. Despite this difference, all methods demonstrated significant differentiation
between true-positive and true-negative groups (t-test P < 0.01, Figure 3b). While some traits
appeared to have stronger signalsin MAGMA-GSEA and scDRS analyses for human data compared
to mouse data, no significant differences were observed between the two datasets on average across
traits (t-test P > 0.05, Figure 3b, Supplementary Figure 6). Interestingly, the hepatocyte datain
humans tended to yield stronger association signals, whereas immune cellsin mice consistently gave
robust results acrosstraits (Figure 3c). Overall, the mouse vs human origin of the sScRNA-seq data
had minimal impact on the performance of mapping methods, consistent with previous findings?*.
These results suggest that both human and mouse scRNA-seq data can be used effectively in trait-cell
type mapping, supporting the feasibility of leveraging datasets from model speciesin initial analyses.

Atlas scRNA-seq data enhances trait-cell type mapping compared to single-or gan data

Although scRNA-seq datasets are increasingly available, most have been collected from a single

organ due to cost, complexity, and specific research interests. To assess whether using a single-organ
dataset affects the conclusions about method performance, we repeated our analyses across datasets
from different organs, while ensuring comparable pairwise evaluations to those based on atlas datasets.
Notably, atlas-based analyses consistently yielded stronger association signals for true-positive trait-
cell type pairs, regardless of the strategy used. Specifically, a higher proportion of true-positive pairs
showed significant associations in atlas-based analyses compared to using single-organ datasets — of
27 common pairs among datasets, 24 were detected by Cepo—sLDSC, 24 by Cepo—~MAGMA-GSEA,
and 25 by mBAT-combo—scDRS when using atlas datasets, in contrast to 19 were detected by Cepo—
>sLDSC, 22 by Cepo—>MAGMA-GSEA, and 18 by mBAT-combo—scDRS, respectively when using
single-organ datasets (Figure 4a). Meanwhile, FPR were effectively controlled in the true-negative
pairs (Supplementary Figure 7).

For the SC-to-GWAS strategy, we hypothesized that the improved performance of atlas-based over
single-organ-based analysesis likely due to the increased number of cell types, which improves the
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161  precision of cell-type specificity measurement. This specificity quantifies how the mean expression of
162  each genevaries across cell types rather than within a single cell type. This means that as the number
163  of cell typesincreases, the sampling variance would decrease, leading to improved precision of

164  specificity score estimates. We performed simulations by random cell sampling and calculated the
165  expression proportion (EP, the most commonly used cell-type specificity metric in genetic studies,
166  Supplementary Tables 1,4), in each subsample of cellsfor six example genes Across datasets (atlas,
167  independent single-organ, or single-organ subset extracted from the atlas), we observed distinct

168  distributions of the number of cell types with nonzero gene expression and the sampling distributions
169  of cell-type specificity scores (Supplementary Figure 8). Compared to the atlas dataset, single-organ
170  datasets produced higher mean specificity scores but substantially greater sampling variance (the

171  mean-variance ratio in atlas was substantially higher, with avalue of 200.0 in atlas, 99.9 in atlas-lung,
172  andonly 15.6 in lung dataset), indicating noisier estimates of cell-type specificity in single-organ

173  datasets (result details are provided in Supplementary Table 8).

174  For the GWAS-to-SC strategy, we investigated two trait-cell type pairs: atrial fibrillation with atrial
175 cardiomyocyte and celiac disease with CD4+ aff T cells. These examples were chosen because atlas
176  and single-organ datasets produced notably different results. In this scDRS method®, disease scores
177  are made per cell by summing the expression of the top 1,000 genes associated with the disease.

178  These scores are compared to those generated from 1,000 sets of 1,000 control genes that matched to
179  thedisease genesin expression mean and variance across cells. Using potential hypothetical examples
180  (Supplementary Figure 9), we showed that this matching process implicitly accounts for background
181  cell types, leading to higher power in detecting differences between disease and control scoresin the
182  target cell type. Empirically, we observed that both raw disease and control scores (before

183  standardization by control score mean and variance, as part of the ScDRS method) for atrial

184  fibrillation across cells were larger in variance in the atlas dataset than in the single-organ (heart)

185  dataset (Supplementary Figures 10a and 11a), likely due to the broader cell-type diversity in the
186 atlas(174 cedll typesvsonly 12 in the heart dataset). This case was consistent with our hypothetical
187  example (Supplementary Figure 9). Notably, the difference between disease and control scoresin
188  theatria cardiomyocytes was larger in the atlas than in the heart dataset (Supplementary Figure
189  11b), resulting in astrong association signal in ScDRS using the atlas (Psprs= 1.52e-21 vs 0.81 using
190 heart data, Figure 4a). While the atlas generally outperformed single-organ datasets, counterexamples
191 exided. Intheanalysis of CD4+ af T cellsand celiac disease, the lung dataset produced the strongest
192  association (Psprs = 1.52e-07, 49 cell types, 13,485 CD4+ aff T cells), outperforming the atlas and
193  other organs where this cell type was also present. However, this case that both raw disease and

194  control for celiac disease across cells in the lung dataset showed smaller variance than all other

195  datasets (Supplementary Figures 12 and 13), coincided with our second hypothetical example

196  (Supplementary Figure 9). It isimportant to note that the lung dataset itself is an atlas integrating 49
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197  datasets with 2.40million cells from 486 individuals. These results imply that neither high cell-type
198  diversity, alarge number of cells, nor genes with high expression (low variance) within acell type
199  adoneguarantee statistical significance, but rather that all these factors contribute, highlighting the
200  valueof single-cell dataset integration for trait-cell type mapping.

201  Protein coding genes are sufficient for trait-cell type mapping

202  Inaddition to cell types, the selection of background genes may also affect the performance of trait-
203  cell type mapping analyses. Most studies focus on protein-coding genes for their more direct

204  functional relevance and high expression stability relative to other gene types (e.g., long noncoding
205  (Inc) RNAS, short ncRNAsand microRNAs43) but recent studies suggested that non-coding genes
206  contribute to complex trait variation***, Using both atlas and single-organ sScRNA-seq datasets, we
207  tested whether including all expressed genes or only protein-coding genes affects mapping

208  performance. Despite variations in the number of genes expressed across organs, our results showed
209  that restricting analyses to protein-coding genes (as used in our analyses so far) achieved similar or
210  higher power in detecting true-positives (Figur e 4e, Supplementary Figures 14 and 15), whereas
211  including all expressed genes led to an inflation with binary annotations sLDSC (Supplementary
212  Figurel5a, b). Using all expressed genes led to significant inflationsin MAGMA-GSEA regardless
213  metricsfor cell-type specificity (Supplementary Figure 15¢c, d). In sScDRS, similar results were
214 observed between using all expressed genes and protein-coding genes (Supplementary Figure 15e-
215 h).

216  Impact of GWAS sample size and number of cellsin sScRNA-seq data

217  Tounderstand power condraintsin discovery of trait-cell type associations, we evauated the impact
218  of GWAS sample size and the number of cellsin sScRNA-seq datasets on trait-cell type mapping. Here,
219  we focused on height, type 2 diabetes (T2D), and coronary artery disease (CAD), for which GWAS
220  with different samples sizes are available. As expected, increasing the effective GWAS sample sizes
221  led to stronger signals of association for all methods in detecting true-positive pairs (Figure 5a),

222  whileeffectively controlling for FPR. Consistently, atlas-based analyses demonstrated higher power
223  than single-organ-based analyses, with a higher rate of power gain (larger slope) asthe GWAS sample
224 sizeincreased. Of note, increasing the GWAS sample size had a limited effect on the power for CAD
225  when using sScRNA-seq data from heart.

226  Toinvedigate the impact of SCRNA-seq cell numbers, we systematically down-sampled cells within
227  corresponding cell types for both single-organ and atlas datasets while keeping the GWAS sample
228  sizeat its maximum. Our results showed that as the number of cellsin the cell type increased, power
229  asoimproved (Figure5b). Given alarge GWAS sample size, a minimum number of 20 cells per cell

230  type after quality control (QC) in atlas datasets was sufficient to identify the true-positive trait-cell
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type pairs, such as height-chondrocytes and T2D-pancredtic 3 cells. However, despite an increase in
the number of cells, power eventually plateaued. Moreover, the higher the GWASS power, the sooner
this plateau was reached. For ingtance, in height-chondrocytes (SNP-based heritability, hZy, = 0.54,
number of independent GWAS loci Nog = 4,114), the power plateaued at around 80-100 cells,
whereas for T2D-pancreatic B cells (h2yp = 0.20, Nioi = 143), power plateaued at 150 cells. When
the number of chondrocytes reached its maximum in the data, reducing the cell number in other cell
types (vascular smooth muscles and pancreatic B cells) led to a decrease in power even though the
numbers of the relevant cell type remained the same, demongtrating the importance of comparator cell
typesin the dataset. Similarly, when the GWAS sample size was limited, increasing the number of
cellsimproved association detection, as seen in CAD-smooth muscle cells (h2yp = 0.06, Njoi = 243)
from the heart (Figure 5b). With the same number of cellsfor all cell types, the change of the number
of cellsinirrelevant cell types have limited impact on the detection of target trait-cell type pair
associations (Supplementary Figure 16). In conclusion, alarge effective GWAS sample size,
combined with a minimal number of QC-passed cells (n = 20) across diverse cell typesin the dataset,
playsa critical role in the performance of the trait-cell type mapping analyses. The mgjority of cell
types—82% in the human atlas and 81% in the mouse atlas, defined as those with >100 cells—have
already reached the power plateau corresponding to height GWAS. This highlights that enhancing
GWAS power is now the critical factor for improvement, as most cell typesin TSand TMS have
achieved sufficient cell numbers. Achieving GWA'S power comparable to height GWAS would yield
the greatest benefits.

Cauchy combination across strategiesimprovestrait-cell type mapping

We found that no single method could successfully detect all predefined true-positive pairs (Figure
4a). To improve power, we applied a Cauchy combination approach®“ to combine P-values of the
optimal methods of both SC-to-GWAS (P-val ues from Cepo-continuous-LDSC and Cepo-binary-
MAGMA-GSEA) and GWA S-to-SC strategies (P-values from mBAT-combo-scDRS). Results show
that this combined approach successfully detected all true-positive pairs and appropriately controlled
inflation in true-negative pairs using atlas dataset (Figur e 6a, b). Similar results were observed in the
single organ-based analyses (Figure 6¢, d). Still, the overall power (average -1og10(P)) in the atlas
dataset was larger than single organ-based datasets across all methods, consistent with the results in
Figure4.

Discussion

In this study, we evaluated methods for identification of trait-relevant cell types under the hypothesis
that trait-associated genes will show gene expression specificity in trait-relevant cell types. To
benchmark methods, we assessed power of detection through 33 true-positive trait-cell type pairs and
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assessed FPR through 33 true-negative trait-cell type pairs (Figure 1b). Based on analyses acrossa
variety of settings, we draw the following conclusions: 1) the method Cepo® is the superior method
for defining cell-type specificity genes used to identify trait-cell type associations in the SC-to-GWAS
approach, even though the differential expression test statistics, performed best in ranking gold-
standard marker genes used to label cells to cdl types (Figure 2). 2) Performance is comparable when
using transcriptomic data derived from either mouse or human origins (Figure 3). 3) Single-cell
atlases of multiple tissues or single-organ datasets with high cellular diversity provide greater power
than single-organ datasets with limited cell-type representation (Figur e 4a). 4) Focusing on protein-
coding genes performs equivalently or dightly better than using all expressed genesin the dataset
(Figure 4b). 5) The power of these methodsis positively correlated with GWAS sample size and the
number of cells per cell type, where power of GWAS plays a more important role than the sample size
of scRNA-seq datasets (Figure 5). The primary factors influencing performance include a sufficient
GWAS sample size (i.e., power plateaus after this sufficient sample size), the diversity of cell typesin
scRNA-seq, and a sufficient number of cells per cell type (which can be as low as 20 if the GWAS
sample sizeis large). 6) Cauchy p-value combinations of the best performing SC-to-GWAS and

GWA S-to-SC maximizes power while avoiding false positives (Figur e 6). Since each method is well
controlled for false-positive discovery but exploits different properties of SC gene expression data, the
Cauchy combination gains power for discovery of true positive associations while till controlling
false discovery. 7) Our benchmark pipeline (SC-GWAS.GWAS-SC) provide reproducible and

extensible evaluation for future trait-cell type mapping methods development.

We demonstrated that the optimal method for identifying cell type marker genes differs from the
optimal method for identifying genes important for disease risk. Marker gene detection focuses on
discriminative power, i.e., finding genes that best differentiate one cell type from another, which has
been well summarized and benchmarked elsewhere®. In contrast, risk geneslikely reflect the
functional importance rather than cell type identity. A gene can be a strong marker but have no direct
role in disease, and conversely, a gene driving disease risk may be expressed across multiple cell
types, making it a poor marker. Though the SC-to-GWAS and GWAS-to-SC strategies rely on
digtinct gene features, they had comparable power in identifying associations between cell types and
traits, consistent with the original findings when each method was first proposed. However, neither
strategy detected all putatively causal pairsin our benchmark, suggesting the two strategies may be
complementary to each other and the combination of both could be beneficial. In line with the
conclusion of the CELLECT study®®, our results found that combining a set of four SEG metrics,
averaged as ESu had improved performance in detecting true-positive pairs over performance of each
method across traits. While most of the metrics focus on detecting the mean differencesin gene
expression between cell types, Cepo first filters genesto have both high average level and low

variance of expression amongst cells of the same cell type relative to other cell types. When we
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301  incorporated Cepo in the cell type identification methods, it achieved comparable and more stable
302  performance to ESu in both sLDSC and MAGMA-GSEA frameworks.

303  Despite providing a comprehensive assessment of state-of-the-art methods for the first time, our

304  studies have limitations. First, our analyses were conducted at the level of broad cell types rather than
305 fine-grained subtypes, which may overlook the capabilities of different methods in capturing trait-
306  associations at the cell subclass level. It would be valuable for future studies to assess whether our
307  conclusionshold at deeper levels of cellular hierarchy. Second, our “ground truth” selectionis

308 certainly not perfect and is limited by the availability of traits with sufficient GWAS power and cell
309 type availability in ScRNA-seq datasets. This selection of trait-cell type pairs could impact our

310 conclusionthat single cell datafrom mouse is equally good as human in identifying trait cell-type
311  associations. Nonetheless, the robustness of results using single cell data from model speciesis

312  encouraging given that some environmental exposures relevant for diseases are much more easily
313  explored using non-human species. Third, we only focused on samples of European ancestry and
314  whether our findings generalized to other ancestries warrants further research considering the rapidly
315 increasing number of ScCRNA seq datasets. Given that common variant associations are shared across
316  ancestries”” and given the robustness of results across species, we do not expect our resultsto be
317  impacted by human ancestry. Fourth, differences between scRNA-seq and snRNA-seq are not

318  considered. sSnRNA-seq may missimportant gene expression signals*, such as microglial activations
319  shown by previousresearch®. However, our study was limited to available data, our technical

320 limitations mean that only snRNA-seq data can be generated for some organs, such as brain. Fifth,
321  part of the differences between single-organ and atlas datasets may be due to technical aspects (data
322  generated by different labs) which isout of our control. A completely fair comparison is difficult,
323  dthough we did subset atlas data to make single organ data sets. Sixth, we focused only on the

324  methods using ScRNA-seg and GWAS data with common SNPs. Methods that utilized additional
325  information, such as EPICY with rare variants, ECLIPSER* incorporating QTLs, and the optional
326  program in sc-linker™ that integrating tissue enhancers, were not considered. Although extra

327  functional annotations are generally expected to enhance power>>"
328  consider such an effect.

, our investigation did not

329  Degpite these limitations, our research provides valuable insights for method devel opers and
330 researchersfocusing on specific diseases or data applications, offering guidance and

331 recommendations for future investigations in trait-cell type mapping.
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480 Figure.l. Study design overview. a. Cell type—trait pairsasground truth combinations. One

481  putatively critical cell type (true-positive, red circle) and one control cell type (true-negative, green
482  diamond) were selected for each trait based on expert knowledge and publication records. These

483  selected trait-cell type pairs were used as the “ground truth” for method eval uations and comparisons.
484  X-axisdenotescell typesordered by tissueindicated by colour. Y -axis denotes traits or diseases, with
485  the number of independent GWAS loci in parentheses; traits are ordered and coloured corresponding
486  totheir relevant tissues. Colour within matrix entries shows the value of scaled publication count for
487  eachtrait-cell type pair. b. Schematic of the approach to compare methods. Summary of input data
488  typesand dataintegration.
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491 Figure2. Comparisonsof different SC-to-GWAS cell type specificity metrics. a. Rank of gold-
492  dandard cell type marker genesidentified by different SEG metrics. X-axis represents the rank
493  (amongst all genes) of cell type marker genes ranked by the specificity metrics (panels). The ranks
494  aefor atotal of 125 unique marker genes across 28 cell-types. Y -axis represents the density of rank
495  values based on metrics across all cell types. b. Vialin plots representing dentification of true

496 postiveand true-negative cell type-trait pairswhen integrated with GWASresults through
497  sLDSC SNP-based heritability enrichment (left) and MAGM A-gene-set enrichment (right). The
498  sL.DSC haseline-LD model is used for annotation with different cell type specificity metrics. X-axis
499  representsdifferent metrics. Y -axis shows -logso(P-value) for trait-cell type association using different
500 metrics. Red dash line denotes the significance threshold value 0.05. Upper panels represent results of
501 true-positive pairs. Bottom panels represent results of true-negative pairs. Colours represent different
502  metrics (see Supplementary Table 1). True-Pos and True-Neg represent results from the putatively
503 critical and control trait-cell type pairs (Figure 1b) respectively and equate to power and false

504  discovery of thetests (-log10 p-values above the red-dashed line).
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Figure 3. Comparison between human and mouse scRNA-seq datasets. a. Cell counts per cell
typeacross cell-typesin our selected positive and negative cell typesfor complex traits. X-axis
denotes different cell types. Y -axisisthe number of cells within each cell type. Bars are color-coded
to distinguish species. b. Comparison of identifying true positive and true negative cdl type and
trait pairs. X-axis represents metrics selected from prior comparisons. Y -axis represents different
metric-based -log10(P-value); red dash line denotes the significance threshold value -1og10(0.05).
Upper panel represent results of causal pairs group. Bottom panel represent results of control pairs
group. True-Neg and True -Pos represent results from the control and putatively causal trait-cell type
pairs (Figure 1b) respectively and equate to false discovery and power of the tests (-log10 p-values
above the red-dashed line). c. Comparison on detection of putatively causal cell type and trait
pairsbetween species. X-axis represents -log10(P-values) of results with human datasets. Y -axis
represents -log10(P-values) of results with mouse datasets. Red dotted line denotes the significance
threshold value -log10(0.05). Black dash line shows y=x. Outliners are highlighted with orange circle.
Abbreviations for the cell types: "CD4+ off T cell”, "CD4-positive, alpha-beta T cell"; "Panc B cell”,
"pancreatic B cell"; "Hep", "hepatocyte”; "Atrial CM", "atrial cardiomyocyte". Abbreviations for
phenotype (trait): "SLE", "Systemic lupus erythematosus"; "FG", "Fagting glucose"; "Lymph#",
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524  "Lymphocyte count"; "IBD", "Inflammatory bowel disease"; "ALT", "Alanine aminotransferase”;
525  "ALP", "Alkaline phosphatase"; "Chol", "Cholesterol”; "AF", "Atrial fibrillation".
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528
529  Figure4. Impact of usng single- and multi-organ (i.e., atlas) ScRNA-seq datasets. a. Significance

530 of testsidentifying true-positive cell type-trait pairs comparing SC-to-GWAS and GWAS-to-SC
531 frameworkswith single-organ and atlas ScRNA-seq datasets. X-axis notesthe cell-type and trait
532  pairsdefined. Y -axis represents P-value from each method; red dash line denotes the significance
533 threshold value 0.05. Colour represents the organ composition of the stcRNA-seq datasets type being
534  singleorgan (circle) or atlas (triangle). Point size corresponds to the -log10(P-value) of the methods’
535  results. The figure including control cell type pairs is presented in Supplementary Figure 7. Based on
536  previousresults presented the SC-to-GWAS method is Cepo based binary-MAGMA-GSEA, and the
537 GWAS-t0-SC method is MBAT-combo based scDRS with by statistical P. b. Impact of using data
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comprising all genesvs. protein coding genesin the single-or gan based scRNA-seq datasets. X-
axis notes different methods. mBAT-combo based scDRS with by M C-P by default. Y-axis represents
the number of trait-cell type pairs being detected significantly in each method(top). Y -axis represents
the P-values of trait-cell type pairs being detected in each method (bottom).
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544 Figure5. Impact of sample size of GWAS and scRNA-seq data. a. Performance comparison of
545 <DRS(GWASt0-SC) inidentifying true negative and true positive cell type-trait pairsacross
546  different GWAS sample sizesfor the sametraits (Height, T2D, and CAD), measured as -
547  logl0(P-values). The X -axis represents the effective GWAS sample size, while the Y -axis shows the
548  -loglO(P-value) of thetrait-cell type associations. Colour indicates organ composition, and point size
549  reflectsthe number of cells within the detected cell type. b. Performance comparison of scDRSin
550 identifyingtrue positive cell type-trait pairsusing thelargest and smallest GWAS sample size
551 for the sametraitswhile down sampling the number of cellswithin the same cell types. The X-
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axis represents the number of cells per cell type, and the Y -axis shows the -log10(P-value) of the trait-
cell type associations. Colour denotes organ composition, and point size represents the effective
GWAS sample size. Red dash line denotes the significance threshold value -10g10(0.05). Green

vertical dash line denotes the number of cells = 20.
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Figure 6. Combination of SC-to-GWAS and GWAS-to-SC under the best setting of each

drategy. a. Performance comparison of different strategiesin identifying true positive and true

negative cell type-trait pairsacrossour defined benchmark pairsin atlas datasets-based results,

measur ed as -logl0(P-values). The X-axis represents different methods while the Y -axis shows the -

log10(P-value) of the trait-cell type associations. Red dash line denotes the significance threshold

value 0.05. b. Performance comparison of different strategiesin rue positive and true negative

cell type-trait pairsacross our defined benchmark pairsin atlas datasets-based results,

measur ed asnumber of pairs being significantly detected. Red dash line denotes the significance

threshold value 28*0.05. c. Perfor mance comparison of different strategiesin identifying rue

positive and true negative cell type-trait pairsacross our defined benchmark pairsin single
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organ datasets-based results, measured as -logl0(P-values). The X-axis represents different
methods while the Y -axis shows the -log10(P-value) of the trait-cell type associations. Red dash line
denotes the significance threshold value 0.05. d. Performance comparison of different strategies
in identifying rue positive and true negative cell type-trait pairsacross our defined benchmark
pairsin single organ datasets-based results, measured as number of pairsbeing significantly
detected. Red dash line denotes the significance threshold value 33*0.05.

Online Methods
scRNA-seq data pre-processing

We used 10 databases of sScRNA-seq data (Supplementary Table 3). Considering the high level of
conservation with one-to-one orthologous relationships for protein-coding genes between mice and
humans, we focused on 19,430 such genes with 19,116 expressed in the human (TS) atlas data and
14,879 expressed in the mouse (TMS) atlas data for the analysis. We standardized the cell-by-gene
matrix by reversing prior log normalization to ensure dataset consistency, followed by standard UM -
based normalization to adjust for sequencing depth variations. The final expression values are
represented aslog2(TPM + 1), where TPM is transcripts per million, TPM. Cell annotations were
initially based on existing labels in the dataset provided by the group generating and releasing the data.
We then manually standardized these labels to ensure identical naming for the same cell types,
correcting any inconsistencies in the original annotations (Supplementary Table 4). For cross-
species analysis, mouse genes were mapped to their orthologous human counterparts using Ensembl
(v. 92), with only one-to-one mapping orthologs retained.

GWASdata QC

We performed PLINK clumping to calculate the number of independent loci (--clump-pl 5e-8 --
clump-r2 0.1 --clump-kb 500) and SBayesRC (GCTB_v2.5.2) to estimate the SNP-based heritability
(on liability scale) for arange of complex traits and diseases. We selected 35 complex traits and
diseases for which 38 GWAS summary data with a large sample size (n >13,000) are publicly
available and those with a polygenic architecture (number of independent GWAS loci > 10 and SNP-
based heritability > 0.05). The trait information can be found in Supplementary Table 5.

Establishing the ground truth

To achieve afair comparison, we set out to find a set of putatively critical cell type and trait/disecase
pairs as the ground truth based on expert knowledge and empirical evidence from prior sudies
(Supplementary Table 6). Our selection procedure for the putatively critical cell type-trait pairs was
as following.

1. For each trait, select up to three most relevant cell types based on biological knowledge and
which can be found in the Chan Zuckerberg CELL by GENE Discover (CZ CELLXGENE
Discover, https://cellxgene.cziscience.com/), such as candidate critical trait-cell type pairs.
Search for the number of publicationsin PubMed for each pair of trait and candidate cell type.
Establish a matrix (traits by cell types) of the PubMed countsfor all trait-candidate cell type
combinations.
4, Scalethe PubMed counts per cell type by first applying alog transformation and then
standardization of each matrix column. The scaling step is expected to produce more robust
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evidence for trait-cell type pair by accounting for the differences between cell typesin the
availability of data and the degree of research activity.

5. Sedlect onecritical cell type for each trait as the true positive (True-Pos) that has the top scaled
PubMed count across cell types or the 2nd/3rd top for a consideration of cell type diversity in the
putatively positive set.

6. Select oneirrelevant cell type for each trait asthe true negative (True-Neg) that has the minimum
scaled PubMed count across cell types or the second minimum for a consideration of cell type
diversity in the control group.

Generally, the putatively True-Pos pairs had high scaled PubMed publication counts, whereas the
controls pairs had low counts. For some traits, like blood cell count and FEV 1/FV C ratio, the relevant
cell types were readily apparent, but for metabolite traits and physical measures, there are likely to be
several cell typesrelevant to the trait. Nevertheless, we selected one putatively critical cell type and
one control cell type per trait as the benchmark for the subsequent analysis of method comparison. We
caution that the publication counts are not unbiased, especially when the causal relationship in certain
pairs has been well established. In such cases, there may be limited number of investigations available
on PubMed. For example, bronchial smooth muscle cells play a causal role in determining the
FEVU/FV Cratio by directly influencing airway calibre and reactivity, thereby modulating airflow
obstruction in pulmonary diseases. Similarly, the red blood cell count is directly influenced by the
production and maturation of proerythroblasts, which are the earliest precursorsin the erythroid
lineage committed to developing into mature red blood cells.

To evaluate the ability of different metricsto rank golden cell type marker genes, we examined at
least five gold-standard marker genes for each of the 28 cell typesincluded in our benchmark
(Supplementary Table 7). We ensured that all selected cell types were present in both our atlas
dataset and single-organ datasets. The gold-standard marker genes were chosen based on the data
resource papers, manually curated genes, and ChatGPT latest survey.

I dentifying associations between traits/diseases and cell types
Calculation of cell-type specificity metrics

The SC-to-GWAS strategy usually includes two steps. The first step isto identify the cell type
specifically/differentially expressed genes or cell identity genes. Here, we used SEG (specifically
expressed genes) to represent these genes for brevity in the following descriptions. In this strategy,
predefined cell type labels are required for the statistical analysis. A cell type label is usually based on
very high gene expression of asmall number of genes. Various statistical methods are available to
calculate the cell type specificity score Supplementary Table 4. In each method genesin the top
decile (i.e., 1,400 genes) are considered as SEGs (e.g., TDEP, top decile expression proportion) and
are used to create either a binary genomic annotation (e.g. LDSC-SEG and MAGMA covariate
analysis, also refersto MAGM A-gene-set-enrichment analysis or MAGMA-GSEA) or a continuous
genomic annotation (e.g. sc-linker, CELLECT and MAGMA gene property analysis) for each cell
type. We ran the following cell-type specificity metric methods using their default parameter settings:
EWCE for EP, Cepo, CELLEX, and sc-linker. All methods followed the same pre-processing steps
for scRNA-seq data, as described above. Furthermore, CELLEX filtered out sporadically expressed
genes using aone-way ANOV A with cell type annotations as the grouping factor. EP and CELLEX
do not have the requirement for the minimal number of cells within each cell type. In contrast, ScDRS
includes cell types with more than 3 cells, sc-linker includes those with more than 10 cells and Cepo
includes those with more than 20 cells. Although different metrics have their own criteriafor the
minimal number of cells within the cell type, we excluded cell types with fewer than 20 cellsin our
analysis.

GWAS and scRNA-seq integrative analysis
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The GWA S-to-SC strategy requires the results of gene-based test using GWAS data as input for the
integrative analysis, such as scDRS. We compared the performance of sScDRS using MAGMA (as
used in the scDRS publication) and mBAT-combo (a new method which is better powered for gene
associations when haplotypes have risk alleles with opposite effect) as the gene-based test methods,
respectively. For afair comparison, we used the transcription start and end site +/- 10kb window
(suggested by scDRS default settings) to define a gene region when conducting gene-based tests using
MAGMA (v1.09) and mBAT-combo. The 1000 Genomes Project phase 3 European genotypes were
used asthe LD reference data.

For the SC-to-GWAS strategy, we used sLDSC and MAGMA gene-set enrichment methods. SLDSC
tests whether the 10% most specifically expressed genesin a given cell type (define from specificity
metrics) are enriched in SNP-based heritability for the trait. Only genes with at least 10TPM or
1T7UMI per million in the tested cell type were used for this analysis. To capture potential regulatory
elements contributing to the effect of the region on the trait, we extended the gene coordinates by
1007 kb upstream and downstream, respectively, for each gene (suggested by all methods based on
the sLDSC framework). SNPs located in 100 kb regions surrounding the 10% most specific genesin
each cell type were annotated with either binary or continuous values. This cell type-specific genomic
annotation was analysed in sSLDSC for one cell type at atime, jointly with 53 functional genomic
annotationsincluded in the Baseline model. The coefficient z-score P value was used as a measure of
the association of the cell type with the trait. The significance threshold was set to be 5% false
discovery rate (FDR) across all tissues/cell types and traits within each dataset. We also evaluated the
cell-type specificity gene setsin the MAGMA-GSEA approach. In this approach, we examined the
association between MAGMA gene-level trait associate statistics and different SEG metrics with
either binary or continuous values using MAGMA-GSEA test. We adjusted the gene-level z-score
obtained from MAGMA for default covariates, including gene size, gene density (a measure of
within-gene LD), inverse mean minor allele count, as well as the logarithm of these variables.
Subsequently, we performed a linear regression model, with the MAGMA gene-level z-score as the
dependent variable and SEG metrics for each cell type as the independent variable. The outcome of
interest was the significance of the contribution of cell type SEG to the regression coefficient of gene-
level z-scores of trait association, assessed through a one-sided test (whether the gene-level z-scoreis
positively associated with the SEG metric). In summary, this analysis allowed usto calculate cell type
prioritization P-value, indicating the positive impact of SEG on the trait’ s gene-level z-statistics, as
determined by the linear regression model.

Simulationsfor evaluating the impact of cell type diversitiesin the sStRNA-seq datasets

To evaluate cell type specificity across different datasets (atlas and single organ), we focused on six
genes and six cell types that were consistently present in all datasets (Supplementary Table 8). To
ensure sufficient statistical power, we selected genes that were expressed in at least 1,000 cellsin each
dataset. Also, we ensured that the gene was substantially expressed (checked with minimum total
expression threshold as 10 counts per cell type) and broadly expressed (checked with minimum
number of cellsthreshold as 20). From this set, we identified the gene with the highest specificity in
the dataset for further analysis. For specificity estimation, we performed 100 independent replications
of random subsampling, selecting 1,000 cells per replication from each dataset. Gene expression
values were extracted and normalized to 1 million molecules per cell type, enabling direct
comparisons across cell types. Specificity was then calculated as the proportion of total expression
assigned to each cell type. The aggregated results across replications allowed us to robustly
characterize gene expression patterns and compare specificity across datasets.

Simulationsfor evaluating theimpact of cell counts per cell typein scRNA-seq

To assess the impact of sample size of the two data types, we subsampled five predefined cell types—
chondrocytes, vascular-associated smooth muscle cells, pancregtic beta cells, pancreatic polypeptide
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cells, and type Il pneumocytes—to either match the corresponding cell counts in another dataset, or to
afixed target count of 50 or 20, while retaining all other cell types. Cells were randomly selected with
an equal probability. Three down-sampled datasets were generated, corresponding to these target cell
counts, and saved for further analysis using ScDRS, Cepo-sLDSC, and MAGMA-GSEA methods.
Additionally, we performed the same analysis using different GWAS datasets for the same trait but
with varying effective sample sizesto examine the impact of GWAS sample size on the results.
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