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SUMMARY

Gene up(down)regulation findings in single-cell and spatial RNA sequencing can be inconsistent despite 

remarkable progress in technology. Inconsistent findings in high-quality samples raise concerns about as

sumptions behind widely accepted data analysis approaches. We, therefore, propose a weighted averaging 

approach for data analysis without assuming anything besides randomness of technical noise. This 

approach is closely related to prior work on statistics of cluster-randomized experiments. We show that 

weighing transcript counts based on measured noise variances and utilizing weighted rather than standard 

unweighted tests reduce both false-positive and false-negative findings. Our approach eliminates the need 

for parametrizing data distributions and/or rescaling transcript counts, which may cause artifacts by distort

ing and biasing the data. The resulting analysis is less complex and produces more consistent differential 

gene expression estimates.

INTRODUCTION

Identification of up- and downregulated genes from single-cell 

and spatial transcriptomics is a key element of many biological 

studies. Statistical analysis of this differential gene expression 

(DGE) is increasingly important, yet false findings are a known 

problem in single-cell RNA sequencing (scRNA-seq).1,2 Many 

different approaches to data analysis designed to increase sta

tistical power while reducing false findings have been proposed. 

However, all commonly used3–7 and more recent models and 

methods8–27 for this analysis still rely on unnecessary simplifica

tions, data fitting, and/or parametrization that may cause false 

findings. For instance, the Wilcoxon test does not take into ac

count up to 100-fold variation in the number of detected tran

scripts from cell to cell. A commonly used ‘‘pseudo-bulk’’ (PB) 

approach involves an assumption that cells contribute propor

tionally to the number of transcripts detected in them, like in 

bulk RNA-seq. We show that such implicit assumptions in com

mon DGE analysis approaches are not consistent with experi

mental data. In scRNA-seq, each cell is an independent experi

mental cluster, the number of detected transcripts is the cluster 

size, and effects of the cluster size and its variability have been 

well established before in statistics of cluster-randomized 

experiments.28–31

We also find that parametrization of the transcript distri

bution (e.g., with negative binomial one to rescale the counts 

in SCTransform [SCT]7) is not beneficial for the analysis of 

good quality scRNA-seq or spatial RNA sequencing (spRNA- 

seq) data. In silico modeling of the ever-present sequencing 

depth variation and other tests show that altering the original 

data based on parametrizations and widely used logarithmic 

normalization may produce significant artifacts in DGE 

analysis.

Here, we propose a new approach to DGE analysis in scRNA- 

and spRNA-seq, which makes no assumptions beyond random 

technical noise and sampling to more accurately describe the 

data. We use known features of scRNA-seq physics to derive 

the needed data distribution moments directly from the 

MOTIVATION Widely accepted data analysis approaches for single-cell and spatial transcriptomics often 

incorporate model-dependent data pre-processing and/or additional implicit and explicit assumptions. 

This raises the possibility that model assumptions are introducing biases into these analyses. We propose 

a simpler analysis method that involves no data pre-processing and no assumptions beyond random, inde

pendent transcript sampling. This method is closely related to well-established approaches to resolving 

similar problems in cluster-randomized experiments. 
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measured transcript counts without assuming a specific form of 

data distribution or modeling it. We do not assume the same 

transcript counting accuracy in different cells because the 

observed cell-to-cell variations in the total counts suggest highly 

variable accuracy. Instead, we deduce relative contributions of 

different cells to the mean gene expression and its variance 

directly from the data by utilizing well-established methods of 

unbiased weighted averaging.32

Comparison of the results produced by our method with 

commonly used approaches revealed significant differences in 

the results. We, therefore, benchmarked all methods with simu

lated data, experimental data modified by well-defined changes 

in expression, and simpler count subsampling in experimental 

data that mimics variations in the sequencing depth. Based on 

the known ground truth, this statistical testing revealed many 

more false-positive and false-negative findings in the commonly 

used approaches compared with those in our method. We invite 

interested readers to examine our findings and judge the reli

ability of the output produced by the commonly used methods 

on their own. The annotated R code for our tests and simulations 

is available at https://github.com/sergeyleikin/sc-sp-RNASeq.

Understanding the basic principles behind our approach 

and its practical usage does not require any special expertise. 

We define all concepts and explain their meaning in the main 

text, while focusing on theoretical proofs and derivations in 

STAR Methods. We implemented all procedures for our data 

analysis as a simple set of functions compatible with data ob

jects generated by the popular Seurat package for R program

ming language (https://satijalab.org/seurat/). Benchmarking of 

their computational performance vs. commonly used Seurat 

functions is provided in STAR Methods. Our set of functions 

and their source codes can be downloaded at https://github. 

com/sergeyleikin/sc-sp-RNASeq. For simplicity and consis

tency, we compare the results produced by our method with 

the standard models within the Seurat workflow, using pub

licly available 10× Genomics scRNA-seq datasets (https:// 

www.10xgenomics.com/datasets) and our spRNA-seq data 

collected with the 10× Genomics Visium HD assay. We first 

formulate our arguments and tools for scRNA-seq and then 

adapt them to spRNA-seq at the end of the article.

RESULTS

Statistical weights of cells significantly affect the 

average expression of many genes

scRNA-seq data represent a matrix NZ,i of unique gene Z tran

script counts in a cell i (unique molecular identifier [UMI] counts). 

Even functionally similar cells exhibit large (up to ∼100-fold) vari

ation in the total number of counts per cell Ni, as illustrated in 

Figure 1A for GABAergic and glutamatergic neurons from em

bryonic mouse brain. This variation may be affected by biological 

differences between cells and technical variability of the assay. 

Therefore, relative gene expression

nZ;i =
NZ;i

Ni

; Ni =
∑

Z

NZ;i (Equation 1) 

is recalculated from the data and further used in all statistical 

models.

The large variation in Ni, however, necessitates not only 

normalizing the counts but also accounting for the statistical 

weight wZ,i of each cell i when calculating the average relative 

expression nZ . In general,

nZ =
∑N

i = 1

wZ;inZ;i; (Equation 2) 

where 
∑

iwZ;i = 1, and N is the number of cells, as has been well 

established in the statistics of experiments with nonuniform ac

curacy of data measurement.32

In scRNA-seq, wZ,i accounts for the measurement precision of 

gene Z counts in cell i and, therefore, may be gene dependent. 

The most accurate unbiased estimate of the mean value (here 

nZ ) for a random variable (nZ,i) is obtained when wZ,i is propor

tional to the inverse variance of the variable,32 1/Var(nZ,i). Highly 

variable Ni leads to wZ,i that changes from cell to cell and gene 

to gene.

The value of wZ,i can be calculated directly from the experi

mental data without any additional assumptions as follows:

wZ;i =
Ni

1 + ρZ(Ni − 1)

/
∑N

i = 1

Ni

1 + ρZ(Ni − 1)
(Equation 3) 

Figure 1. Measured statistical weights of 

cells in E18 mouse brain GABAergic and 

glutamatergic neurons do not match as

sumptions of common DGE analysis 

models 

(A) Total transcript (UMI) counts per cell Ni in a 

combined E18 mouse brain dataset from 10×

Genomics (see STAR Methods). Each data point 

represents an individual cell. 

(B) Weight distribution coefficient (WDC) for the 

statistical weight of different mRNA transcripts. 

Each point shows WDCZ for a gene Z calculated 

directly from the measured transcript counts as 

described in STAR Methods. Standard, un

weighted averaging of transcript counts utilized in 

most DGE analysis models assumes WDCZ = 0. 

Utilization of aggregate counts in pseudo-bulk 

models assumes WDCZ = 1. Neither reflects the 

reality.
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where 0≤ρZ ≤ 1 is the intracluster correlation coefficient (ICC) 

calculated from the data (STAR Methods).

Equation 3 and several methods for calculating ρZ are well 

known in the theory of cluster-randomized experiments, e.g., 

cluster-randomized clinical trials.28,29 To illustrate the concept, 

consider reporting of deaths in a drug trial. Death rates nZ,i 

may vary significantly between participant clusters at different 

trial sites i. These rates are more reliable in clusters with thou

sands of participants (e.g., large cities) than in those with dozens 

of participants (e.g., small towns). They may be affected not only 

by the cluster size (Ni) but also by other factors, e.g., differences 

in lifestyle and healthcare between the clusters. Correlations in 

the latter factors within each cluster necessitate weighing the 

counts based on Equations 2 and 3.28,29 In the absence of differ

ences in these factors, the same death rate is expected in all 

clusters and ρZ = 0. When ρZ = 0, wZ,i is proportional to Ni 

(wZ;i = Ni=
∑

iNi), thus aggregating counts NZ,i from all clusters 

and yielding nZ =
∑

iNZ;i=
∑

iNi in Equation 2. At very strong cor

relations (ρZ = 1), the averaging of cluster death rates nZ,i be

comes unweighted (equally weighted with all wZ,i = 1/N).

Generally, ρZ balances the effects of true outcome variability 

across clusters and imprecisions in measuring/estimating the 

outcome (relative counts such as death rate) in each cluster. 

When ρZ ∕= 0, measurement imprecisions become negligible in 

large clusters with ρZNi≫1, all of which then have approximately 

the same weight that is larger than the weights of smaller clus

ters. At larger ρZ, more clusters are sufficiently large to be 

weighed equally.

In STAR Methods, we show that nZ,i averaging in scRNA-seq is 

conceptually similar and describe how ρZ can be calculated from 

scRNA-seq data without model assumptions. In scRNA-seq, ρZ 

balances the effects of true biological variance between cells 

and imprecisions in measuring nZ,i. The importance of weighing 

clinical trial results and accounting for the ICC has been recog

nized decades ago. We argue that the scRNA-seq data analysis 

should recognize the importance of this approach as well.

Instead, almost all common approaches to scRNA-seq data 

analysis use the unweighted averaging (AV), wZ,i = wAV = 1/N, 

implicitly neglecting variable precision of the transcript count 

measurement from cell to cell (ρZ = 1 assumption). PB ap

proaches to data analysis from multiple samples aggregate the 

counts (AC), wZ;i = wAC = Ni=
∑

iNi, implicitly neglecting the 

correlated transcript expression within each cell and, thereby, 

the expected biological variance in transcript counts between 

different cells (ρZ = 0 assumption). Statistical implications of 

such assumptions have been extensively studied in the context 

of cluster-randomized experiments. Both are known to cause 

false findings when the cluster size and composition are highly 

variable,28–31 which is the case in scRNA-seq.

To examine implications of these assumptions in a real 

scRNA-seq experiment, we selected cells expressing Gad1, 

Gad2, and Slc6a1 (markers of GABAergic neurons) and cells ex

pressing Gls, Grin2b, and Slc17a7 (markers of glutamatergic 

neurons) from E18 mouse brain scRNA-seq data from 10× Ge

nomics (see STAR Methods). These genes are not the only 

markers for the corresponding neurons, yet they are highly ex

pressed and separate two minimally overlapping (<1%), well- 

defined, and sufficiently large (∼1,000 cells each) subsets of 

data (Figure 1A). Without necessarily requiring the biological pre

cision or accuracy, this was all we needed to test different DGE 

analysis models.

Instead of assuming wZ,i = wAV (ρZ = 1) or wZ,i = wAC (ρZ = 0), we 

evaluated ρZ and the corresponding wZ,i from measured nZ,i 

(STAR Methods) and calculated the weight distribution coeffi

cient (WDC) defined as normalized variance of wZ,i (WDCZ = 

Var(wZ,i)/Var(wAC)). At wZ,i = wAV, WDCZ = 0. At wZ,i = wAC, 

WDCZ = 1. WDC values calculated from the data provide useful 

information about cell-to-cell variability in gene expression and 

reveal that neither of the two approximations is accurate for 

most genes (Figure 1B).

WDCZ ≈ 0 means that wZ,i is largely unaffected by the 

sequencing depth, indicating that the expression of a gene is 

variable enough for the transcript sampling error to be small 

compared with the gene expression variability. This is observed 

for the most highly expressed genes due to the low sampling er

ror (Figure 1B) and may also be expected for highly variable 

genes with moderate expression (e.g., genes regulating cell 

response to stress and environment). WDCZ ≈ 1 means domi

nant contribution of the sequencing depth to wZ,i, indicating 

low expression variability from cell to cell and/or low expression 

of the gene. This may be expected, e.g., for tightly regulated cell 

maintenance genes with low-to-moderate expression. At the 

same expression level, a low WDC indicates high expression 

variability.

The values of wZ,i significantly affect the fold change (FC) in the 

average gene expression, which is the reported measure of DGE. 

For instance, log2(FC) between glutamatergic and GABAergic 

neurons is significantly different for many genes when calculated 

with measured wZ,i rather than assuming wZ,i = wAV (Figure 2A). 

For some genes, this changes even the sign of log2(FC) so that 

upregulated genes may appear to be downregulated, and vice 

versa. The difference between weighted and unweighted FC 

can be more than 2-fold and have dramatic implications for 

data interpretation when the genes of interest are affected, 

even though weighted and unweighted log2(FC) values are close 

for many genes.

Weighted statistical testing describes DGE significance 

without model assumptions

Statistical weight values affect not only the log2(FC) value but 

also the statistical significance of DGE (the probability p of the 

observed log2(FC) when the expected log2(FC) is zero). To ac

count for this, we cannot use common approaches to calculate 

p values in scRNA-seq. Not only do these approaches use 

assumed weights but they also rely on additional assumptions, 

sometimes implicit.

For instance, p values are commonly obtained from the Wil

coxon test (default in Seurat), in which all data points are ranked 

(1,2,3 …) in the order of increasing nZ,i. This test is appropriate 

and useful when the question is whether the distributions, rather 

than mean values, of random variables are different.33 However, 

its p value is not the probability of the observed log2(FC) when 

the expected one is zero.33 The Wilcoxon test may return low p 

values more often than expected when the cell-to-cell distribu

tions of transcript counts in two samples are different, even 

when the relative expression is the same (log2(FC) = 0). For 

Cell Reports Methods 6, 101383, May 18, 2026 3 

Article
ll

OPEN ACCESS



instance, scatterplots indicated similar relative expression of 

most genes in glutamatergic and GABAergic neurons 

(Figure 2B). In contrast, the Wilcoxon test found over 60% of 

genes being differentially expressed with p < 10− 4 (Figure 2C), 

in part, because of very different total numbers of transcripts 

per cell in these neurons (Figure 1A). The variation in total (and 

consequently individual gene) transcript distribution is common 

in scRNA-seq because of different transcriptional activities of 

cells, different sequencing depths (detected fraction of tran

scripts), and effects of sample preparation. Similar details must 

be considered when applying common t test on log-normalized 

data in Seurat. The test compares the mean values of log- 

normalized counts (logarithms of scaled relative counts plus a 

pseudo count.) This differs from comparing the mean values of 

relative counts, and we show the consequences in the next 

section.

Rather than assuming any properties of transcript distribution 

explicitly or implicitly, we calculated p values directly from raw 

data, relying only on sufficient numbers of relevant cells (from 

∼100 to thousands of cells per group is becoming common 

and likely to increase). Mean values in such large datasets are 

expected to have normal distributions (central limit theorem33). 

Therefore, the corresponding p values can be found from a t 

test, a weighted version of which accounts for variable statistical 

weights (STAR Methods). This approach is similar to statistical 

testing of weighted averages in cluster-randomized experi

ments, which has been used for many years.28,29,31 For instance, 

p values for DGE between glutamatergic and GABAergic neu

rons calculated from the weighted t test are very different from 

those calculated from the Wilcoxon test or the common (un

weighted) t test (Figure 2C). Almost half of the genes with highly 

significant DGE (p < 10− 4) found by the Wilcoxon test were not 

found to be differentially expressed in the weighted or un

weighted t test (p ≥ 0.05, Figure 2C), consistent with the scatter

plots for relative gene expression (Figure 2B).

It is important to keep in mind, however, that the weighted t 

test treats individual cells as independent experimental repli

cates (like all common approaches to scRNA-seq analysis). De

pending on the experiment and cell type identification algo

rithm, this may not be a good approximation (STAR 

Methods). When multiple sets of experimental data are avail

able, each independent set can be used as a biological repli

cate to resolve this problem. When such replicates are not 

available, answering a different statistical question with a sup

plemental χ2 test may be useful for reducing the resulting false- 

positive findings.

The χ2 test compares aggregate transcript counts just in the 

sequenced cells, rather than average counts per cell in the spec

imens from which the cells have been sampled (STAR Methods). 

Because it accounts only for variance in stochastic transcript 

sampling but not for variance in the sampling of cells or variance 

in gene expression from cell to cell, it may significantly underes

timate the total variance and should not be used alone. However, 

it may mitigate cell sampling bias effects by excluding the 

weighted t test findings based on χ2 test p values larger than a 

minimum significance threshold, e.g., 0.05.

Figure 2. Statistical weights of cells significantly affect the calculated log2(FC) and p values 

(A) Effects of the statistical weights on log2(FC) between glutamatergic vs. GABAergic neurons in E18 mouse brain (same as in Figure 1A) plotted for 12,087 genes 

with at least 50 total counts in glutamatergic neurons. 7% of these genes (847) have different signs of log2(FC) for common and weighted averages. 17% of the 

latter (143) have the difference between the two log2(FC) values > 0.25 and 3% (29) have the difference larger than 0.5. 

(B) Scatterplots for the mean expression (bottom) and weighted mean expression (top) of these genes in GABAergic (x axis) and glutamatergic (y axis) neurons. 

(C) Effects of the statistical weights on p values for genes plotted in (A). The common (unweighted) t test was performed based on relative count rather than 

logarithmic normalization to avoid artifacts of the latter. Among the genes with at least 50 total counts in glutamatergic neurons, the weighted t test found 3,993 

genes with p < 10− 4 (of which 6 were not found by the common t test with p < 0.05 and 845 were not found by the Seurat’s default Wilcoxon test with p < 0.05. The 

common t test found 3,747 genes with p < 10− 4 (of which 3 were not found by the weighted t test with p < 0.05). The Wilcoxon test found 8,045 genes with p < 10− 4 

(of which 3,523 were not found by the weighted t test with p < 0.05), which is clearly inconsistent with the scatterplots for either mean expression or weighted 

mean expression.
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To illustrate this and other approaches to combining the 

weighted t test with the χ2 test, consider DGE between 

GABAergic and glutamatergic neurons selected for Figure 2. 

For these cells, the weighted t test detected 3,993 genes with 

p < 10− 4, among which 3 genes had χ2 test p ≥ 0.05 (no signifi

cant difference in the aggregate counts). The highly significant 

weighted t test for the latter genes was, therefore, caused by a 

difference in the transcript distribution among the cells, rather 

than a difference in the aggregate gene expression. This may 

be a real biological difference between the two types of neurons 

or just an effect of biased cell sampling from mouse brain. The 

best solution for this dilemma is replicate or independent exper

iments, eliminating the need for the χ2 test. A moderately conser

vative proxy approach when such experimental data are not 

available is to use p value from the χ2 test, instead of the 

weighted t test one, when the former but not the latter exceeds 

the minimum significance threshold. This is the approach utilized 

hereafter. One may also just select the larger of the two p values 

to minimize false-positive findings, which is the most conserva

tive approach to combining the tests.

We found the DGE results based on the weighted t test-χ2 test 

combination to be very different from those produced by stan

dard DGE analysis approaches. In the same glutamatergic vs. 

GABAergic neuron example from Figure 2, the Wilcoxon test de

tected 3,629 genes with p < 10− 4 that were not significant 

(p > 0.05) in the weighted t test-χ2 test combination (note that 

Figure 2 presents analysis based on the weighted t test alone). 

The latter approach detected 845 genes with p < 10− 4 that 

were not significant in the Wilcoxon test. Among these 845 

genes, 147 had more than 2-fold difference in expression. For 

instance, the Wilcoxon test did not detect a change in the 

expression of cancer-associated genes Tacc3 and Birc5, which 

had more than 0.2 counts/cell in both groups of neurons, more 

than 3-fold change in expression, and false discovery rate 

(FDR)-adjusted p < 10− 5 in the weighted t test-χ2 test combina

tion. Other tests built into Seurat’s FindMarkers function had 

similarly large discrepancies with the weighted t test-χ2 test 

combination when the logarithmic data normalization recom

mended by Seurat was used. The discrepancy with the un

weighted t test was less dramatic when relative count normaliza

tion was used, yet it was significant (Figure 2B). For instance, the 

unweighted t test found 21 genes with p < 10− 4 that had p ≥ 0.05 

in the weighted t test-χ2 test combination.

Weighted statistical testing improves robustness and 

sensitivity of DGE analysis

This analysis suggests that traditional approaches may produce 

misleading results, yet it does not prove their failure. Comparison 

of experimental data reveals major differences between model 

predictions but cannot establish which model is correct because 

the ground truth in these experiments is unknown. It is, therefore, 

also important to test predictions of different models by using 

simulated data that are based on real-world experiments yet 

model well-defined data patterns, in which the ground truth is 

known.

First, we tested the simplest pattern of UMI subsampling in 

glutamatergic neurons (Figures 3A–3G). To generate this pattern, 

we used glutamatergic neuron data, in which we randomly sub

sampled all UMIs for all genes with 40% probability of retaining 

each UMI. Such 40% subsampling mimics reduced sequencing 

depth (60% fewer counts detected by sequencing), which is well 

within the normal experimental variation. We performed 10 

random subsampling simulations, using only genes with more 

than 30 total counts in the original data, and analyzed DGE ef

fects of the subsampling. Because random subsampling does 

not change the relative gene expression, any DGE finding in 

this simulation is a false-positive one. This simulation revealed 

dramatic failure of all commonly used DGE analysis models 

(Figures 3C, 3D, 3F, and 3G). The false-positive DGE was still un

acceptable at 60% subsampling (Figures S1A–S1G).

The weighted t test, χ2 test, and their combination had no 

false-positive findings in any of the 10 simulations, even at 

p < 0.05 cutoff (Figures 3A and 3B). In contrast, Seurat’s 

FindMarkers function with default Wilcoxon test consistently 

identified over 75% of all genes as differentially expressed, 

with p < 0.001, and over 60% as differentially expressed, with 

p < 10− 5 (Figures 3C and 3G). Seurat’s FindMarkers function 

with the common t test option consistently identified over 20% 

of all genes with p < 0.001 and >1% with p < 10− 5. Over 1,000 

genes with highly significant false DGE discovered by the default 

Seurat’s pipeline for DGE analysis had |log2(FC)|>0.1 (the default 

threshold in Seurat) and dozens had |log2(FC)|>0.3 (as reported 

by Seurat). The results for other tests built into Seurat were qual

itatively similar. When the commonly recommended logarithmic 

normalization (default in Seurat) was replaced with nonpara

metric RC (relative count) one (Equation 1), the unweighted t 

test did not identify DGE (Figures 3E and 3G), revealing unac

ceptable artifacts of logarithmic normalization (which affects 

the t test but not the Wilcoxon test).

The main cause of the dramatic failure of standard DGE anal

ysis models was count dropout (loss of some nonzero counts 

due to subsampling). This is a well-known effect of sample-to- 

sample variations in sequencing depth and/or RNA recovery 

from cells, which is one of the reasons behind model-dependent 

data regression and/or rescaling.34–37 RC normalization com

bined with the weighted t test-χ2 test combination or the un

weighted t test makes such model-dependent data processing 

unnecessary.

We found that SCT—one of widely used data rescaling pro

cedures—was inefficient in reducing DGE caused by UMI sub

sampling and produced its own artifacts. SCT, which rescales 

counts based on negative binomial regression, was developed, 

in part, to reduce the count dropout effects.7 We tested how 

SCT version 2 with default parameters affected DGE analysis 

in Seurat. Even the most conservative weighted t test revealed 

false DGE between original data before and after SCT, i.e., 

SCT introduced artificial expression patterns absent from the 

data (Figure 3F). When SCT was used to generate ‘‘corrected’’ 

counts for original and subsampled data independently, preser

ving the median sequencing depth in each of them, it increased, 

rather than reducing, the artifacts of count dropouts. It increased 

false-positive DGE in the Wilcoxon test and caused false DGE, 

even in the weighted t test-χ2 test combination (Figure 3G). 

These SCT artifacts were particularly strong for low-expression 

genes with 30–50 counts per 1,000 cells and gradually disap

peared at higher expression. When the original and subsampled 
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data were merged before SCT to equalize the sequencing depth 

of all transformed data, the artifacts were much stronger and 

affected over 35% of all genes, including moderate-expression 

ones (Figure S1H).

Next, we altered a subset of 1,000 randomly selected genes in 

the glutamatergic neuron gene count matrix NZ,i (the dataset in 

Figure 2A) by random, uniformly distributed noise. Again, only 

genes with more than 30 total counts in all cells were included. 

The added noise had zero average amplitude, maximum ampli

tude between 0.8NZ,i and NZ,i at NZ,i≤5, and variance 5NZ,i at 

large NZ,i (see STAR Methods). 10 random sets of 1,000 genes 

were tested. The noise was randomly regenerated for each 

simulation.

Again, the weighted t test-χ2 test combination and common t 

test after RC normalization found no false-positive DGE 

(Figures 3H, 3I, 3L, and 3N). The other tests discovered DGE 

for many more genes than expected by chance at the corre

sponding p values (Figures 3J, 3K, 3M, and 3N). Like in the 

Figure 3. Weighted statistical testing eliminates false-positive DGE in the analysis of original vs. subsampled glutamatergic neurons data 

(A–G) False DGE discovery after SCTransform (SCT) or after 40% count subsampling (retaining 40% of counts for each gene by randomly selecting counts to be 

removed). 12,911 genes are shown, each with more than 30 counts in all cells in the original data. 

(A–E) Volcano plots for a single subsampling simulation after weighted t test (A), χ2 test (B), Seurat’s FindMarkers function default Wilcoxon test (C), Seurat’s 

FindMarkers optional t test for logarithmically normalized data (D), and t test for RC normalized data (E, Equation 1). 

(F) DGE artificially introduced into the data by count rescaling with SCT, as revealed by weighted t test comparison of the data before and after SCT. 

(G) Fraction of the 12,911 genes (%) falsely discovered as differentially expressed with p < 0.001 after 10 subsampling simulations. 

(H–N) DGE analysis for 1,000 randomly selected genes (each with more than 30 total counts in all cells) altered by random, uniformly distributed noise. 

(H–L) Volcano plots for the same tests as in (A–E). 

(M) Volcano plot for weighted t test comparison preceded by SCT of both original and noise-altered data. (N) Fraction the 1,000 noise-altered genes falsely 

discovered as differentially expressed with p < 0.001 after 10 simulations. 

Boxes show the 25th–75th percentile range, whiskers show the 10th–90th percentile range, and lines show median values (in G and N).
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case of count subsampling, SCT produced rather than removed 

false DGE. Because the simulated noise produced fewer count 

dropouts than the count subsampling, its effects were less dra

matic yet significant. Overall, the effects of random noise and 

count subsampling were very similar.

We then tested how well different models discover DGE 

masked by noise and tested whether SCT helped the best-per

forming model to suppress noise and reveal DGE. For these sim

ulations, we combined the same random noise as above with a 

proportional increase (50%) in the counts of a 300-gene subset 

of the 1,000 genes modified by noise.

The weighted t test-χ2 test combination was by far the most 

accurate and reliable (Figure 4). Its benefits were most apparent 

for moderate-expression genes (average 0.3 to 3 counts per 

cell), in which the added noise was comparable to or higher 

than added DGE signal. It missed significantly fewer upregulated 

genes compared with other tests (Figures 4A and 4C) and did not 

detect any false DGE (Figures 4B and 4D). The t test for RC 

normalized data did not detect false DGE either, yet it missed 

more upregulated genes. The Wilcoxon test and t test for log- 

normalized data reported significant false DGE.

In moderately expressed genes, SCT did not cause the 

detection of false DGE, but it reduced the fraction of upregu

lated genes detected by the weighted t test-χ2 test combina

tion (Figure 4A). In genes with average <0.3 counts/cell, the 

DGE signal was fully masked by noise and not detected by 

any tests. In genes with average >3 counts/cell, the DGE 

signal was stronger than the noise and reliably detected by 

all tests.

Finally, we confirmed the weighted t test performance by the 

analysis of simulated data with predefined data distributions 

(Figure S5). Because all in silico cells were independent repli

cates, in these simulations, we used only the weighted t test 

but not its combination with the χ2 test. The weighted t test 

had the best combination of power for discovering true DGE 

(low false-negative findings) with type I error rate control (low 

false-positive findings). The Wilcoxon test had poor type I error 

rate control when total numbers of transcripts per cell in the 

two samples were different (an analogue of different sequencing 

depths). The unweighted t test was too conservative and had 

significantly higher false-negative findings.

Weighted statistical testing outperforms the PB 

approach

When scRNA-seq data are available from multiple samples per 

genotype or treatment, the biological variability and differences 

in measurement accuracy between the samples become impor

tant. The PB approach, which has been developed and is 

commonly used for analysis of such experiments,1,38 however, 

involves several questionable and unnecessary simplifying 

approximations.

First, the PB approach uses count aggregation within 

each sample, instead of weighted averaging, implicitly 

assuming wZ;i = wAC = Ni=
∑

iNi. As discussed above, this 

Figure 4. Weighted statistical testing reduces false-negative and false-positive DGE in simulations of gene upregulation superimposed with 

comparable noise 

Random subsets of moderately-expressed genes (0.3–3 counts per cell) in glutamatergic neurons were selected for the simulations. 

(A) False-negative DGE (p > 0.05 and/or log2(FC) < 0.1) among 300 genes modified by 50% increase in expression and comparable random noise. Weighted t test- 

χ2 test combination was used without SCT (wght-t/χ2) and with SCT (SCT/wght-t/χ2). Wilcoxon test (Wilc), t test for log-normalized data (t-lognorm), and t test for 

RC normalized data (t-RCnorm) were used without SCT. 

(B) False-positive DGE (p < 0.05 and log2(FC) > 0.1) among 1,000 genes modified only by random noise. 

(C and D) Same as (A) and (B), respectively, but at p < 0.001 threshold. The box and whiskers parameters are the same as in Figure 3G; **** means p < 0.0001 and 

* means p < 0.05.
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approximation may work well for some genes, yet it may signif

icantly affect the results for many other genes (Figure 1B).

Second, the PB approach neglects sample-to-sample varia

tions in measurement accuracy. This accuracy can be character

ized by the variance of nZ;s = 
∑Ns

i = 1 wZ;i;snZ;i;s for each sample s. 

To be internally consistent, the aggregated count analysis must 

use weighted average of nZ;s with statistical weights dependent 

on this variance,32 which can be calculated from the experi

mental data as described in STAR Methods.

Third, the PB approach determines the variances for statistical 

testing from negative binomial regression (e.g., using DESeq239

for identifying DGE in Seurat). Instead, these variances can be 

calculated directly from the data without any approximations 

as described in STAR Methods.

To avoid these approximations, one can use nZ,i measured in 

each scRNA-seq experiment to determine the experimental 

values of wZ,i as described above followed by calculating the 

corresponding nZ;s and Var
(
nZ;s

)
. The log2(FC) and p values 

can then be calculated by using the weighted t test, with weights 

determined from the experimental data as described in STAR 

Methods. Although nZ;s distribution may not be normal, the t 

test is still the most robust approach when only a small number 

of replicates are available, and the statistical distribution cannot 

be reliably established.40 This is almost always the case in high- 

cost scRNA-seq experiments.

Note that a PB approach incorporating weights was also 

described, but these weights were based on fitting logarithmi

cally normalized data to a generalized linear model rather 

than determined directly from the data without model 

assumptions.41,42

To test our minimal assumptions approach, we again simu

lated datasets with the same well-defined noise and DGE signal 

based on the same glutamatergic neuron data. We generated 10 

samples by randomly subsampling the cells from the original da

taset. To mimic the effects of variable sample size, the samples 

contained 20%, 40%, 60%, 80%, or 100% of the neurons. In 5 of 

the samples, 1,000 moderate-expression genes (average 0.3–3 

counts per cell) were modified by random noise. In the other 5 

samples, the same 1,000 genes were modified by similar random 

noise and by an increase in the expression of a 300-gene subset. 

The noise-only and noise + DGE signal-modified samples 

were then compared using the weighted t test for weighted 

average counts (Figure 5, wght-t), unweighted t test for aggre

gate counts (Figure 5, Aggr/t-test), weighted t test for aggregate 

counts (Figure 5, Aggr/wght-t), and DESeq2 test for aggregate 

counts (Figure 5, PB/DESeq2, Seurat’s default for traditional 

PB analysis).

Because we found multiple sample analysis of aggregate 

counts to be less sensitive to noise and more sensitive to 

changes in expression, we made the comparison more stringent 

than in Figure 4 and increased the expression by only 30%. We 

also selected only 500 from the 1,000 modified genes randomly. 

We selected the other 500 as the genes with the largest cell-to- 

cell expression variability (coefficient of variation), while we still 

selected a 300-gene subset of the 1,000 genes for expression 

upregulation randomly.

These simulations supported our theoretical deductions. 

Weighted t test again detected the largest fraction of upregu

lated genes, and weighted averaging resulted in fewer false- 

negative findings than count aggregation (Figure 5A). Weighted 

averaging and count aggregation produced similar results in 

this simulation, probably because count aggregation worked 

well for lower-expression genes used in it (Figure 1B). Both 

weighted and unweighted t tests for relative counts still had 

low false-positive findings (Figure 5B). DESeq2 analysis of 

aggregate counts39,43—the Seurat’s default and widely used 

PB method—had the largest number of false-negative 

(Figure 5A) and false-positive (Figure 5B) findings. As expected,1

this PB analysis performed better than the Wilcoxon test (cf., 

Figure 4), yet it still had too many false findings (e.g., 1% of 

∼20,000 genes detected by modern assays would result in 

∼200 false-positive findings). Moreover, its up to 50 orders of 

Figure 5. Weighted statistical testing out

performs the pseudo-bulk approach to 

DGE analysis 

Two 5-sample sets were generated from gluta

matergic neuron data by random cell subsetting. 

Like in Figure 4, we added random noise to a 1,000 

gene set that had 0.3–3 counts/cell and 30% in

crease in expression to a 300-gene subset. 

(A) False-negative DGE among 300 genes with 

increased expression (wght-t is the weighted t test 

for weighted average counts, Aggr/t-test and 

Aggr/wght-t are unweighted and weighted t tests 

for aggregate counts, respectively, and PB/ 

DESeq2 is pseudo-bulk aggregate count anal

ysis with DESeq2). 

(B) False-positive DGE among 700 genes modified 

only by noise. 

(C and D) Volcano plots for the genes modified by 

the expression increase and noise analyzed by 

weighted t test (C) and PB/DESeq2 (D). 

****, p < 0.0001; N.S., not significant (A and B).
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magnitude lower p values compared with the weighted t test 

indicated severe variance underestimation (Figures 5C and 

5D). When we simulated DGE ideally matching DESeq2 assump

tions (equal number of 150 upregulated and 150 downregulated 

genes), the false-positive findings disappeared, yet the false- 

negative findings remained high (Figure S2).

Weighted statistical testing reduces false-positive 

findings in spatial transcriptomics

The approach to DGE analysis described above can also be 

used for spRNA-seq applications after several small modifica

tions. The spRNA-seq data are a matrix NZ,i of gene Z counts 

in a spatial bin i. In some assays (e.g., Visium HD from 10× Ge

nomics), the spatial bins are fixed areas like squares. In other as

says (e.g., Xenium from 10× Genomics), the bins are segmented 

areas designed to represent individual cells. From the perspec

tive of DGE analysis, the main differences between scRNA-seq 

and spRNA-seq are: (a) significantly fewer transcript counts 

per bin, (b) overlaps of different cells within the same bin (even 

after cell-based segmentation), and (c) assay noise correlations 

between adjacent bins or cells due to RNA probe diffusion.

Because of these differences, the aggregated count approxi

mation with wZ;i = wAC = Ni=
∑

iNi (ρZ = 0) may be the best one 

for the currently available high-resolution assays (STAR 

Methods). In full transcriptome assays like Visium HD, log2(FC) 

can then be calculated from the corresponding weighted aver

ages, and p values can be determined from the weighted t 

test-χ2 test combination. These log2(FC) and p values must 

then be interpreted as the difference in aggregated, rather than 

individual cell, gene expression, which is the downside of the 

aggregated count approximation. An alternative solution— 

enabling one to account for biological variability between cells 

of the same type within each sample—is to define the sample 

as a group of multiple cell clusters with each cluster containing 

multiple bins (see STAR Methods).

For instance, in a Visium HD assay, mRNA within a tissue sec

tion is hybridized with gene-barcoded probes, which are then 

transferred onto a slide coated with UMI and spatially barcoded 

primers. The spatial barcode distinguishes 2 × 2 μm squares on 

the slide surface. After probe hybridization with the primers, a 

cDNA library is constructed, amplified by PCR, sequenced by 

next-generation sequencing (NGS) like in scRNA-seq, and con

verted into an NZ,i matrix of gene Z counts in spatial bin i. A 

user may select the number of 2 × 2 μm squares included in 

each spatial bin. Our testing suggests 10–15 μm smearing of 

the probes due to diffusion when they are transferred from tissue 

section onto a Visium HD slide. We, therefore, agree with the 10×

Genomics recommendation of using 8 × 8 μm2 binning.

The NZ,i data matrix generated by Visium HD can be analyzed 

in the same way as in scRNA-seq. The values of log2(FC) and p 

comparing two groups of bins can be calculated by setting ρZ = 

0 and combining the weighted t test and χ2 test. In this case, the 

p values predicted by the weighted t test and χ2 test may be 

similar. At lower counts per bin/cell, the variance associated 

with random transcript sampling for NGS may be dominant, in 

which case the weighted t test and χ2 test p values are expected 

to be close to each other (STAR Methods). We recommend using 

the more conservative p value estimate from the two tests. 

Groups of bins preferentially or exclusively containing the cell 

type(s) of interest may be selected for such comparison, as illus

trated in Figure 6A for proliferating chondrocytes in the growth 

plate. Alternatively, bins may be grouped or clustered based 

on gene expression patterns. Analysis of data with multiple sam

ples per genotype or treatment again follows the protocol 

described above.

Note that accounting for statistical weight is even more impor

tant for spRNA-seq than for scRNA-seq. Large (∼100-fold) vari

ations in the statical weight of bins cannot be eliminated, even in 

a hypothetical perfect spatial assay, because of large lateral var

iations in RNA density in tissue sections, which are biological 

rather than technical. Figure 6B illustrates their effects based 

on comparing proliferating (and possibly some pre-hypertrophic) 

chondrocytes in 3 sections from the same growth plate. Our 

approach identified differential expression only in several extra

cellular matrix genes, expression of which may vary locally within 

the same growth plate. In contrast, the analysis based on Seur

at’s FindMarkers function identified many additional genes not 

expected to be differentially expressed within the same growth 

plate. It was the attempt to understand this failure of Seurat’s 

traditional analysis that initiated this whole study.

Importantly, analysis of imaging rather than sequencing- 

based spatial transcriptomics assays (e.g., Xenium) requires a 

different approach to data normalization. These assays image 

signals from probes for a limited, preselected subset of genes. 

They also cannot identify more that several total transcripts per 

μm2 because of limited optical resolution. Moreover, ratios of 

counts between different gene transcripts appear to change 

from experiment to experiment (at least in our experience of us

ing the Xenium assay). Together, these assay features preclude 

relative count normalization and utilization of statistical ap

proaches to data analysis described above. We have found 

several alternative solutions, but their discussion is beyond the 

scope of this paper.

DISCUSSION

The key features distinguishing our approach to scRNA- and sp- 

RNA-seq analysis from commonly used ones are: (1) No as

sumptions about noise statistics besides randomness. (2) 

Model-free noise averaging, rather than model-dependent noise 

regression. (3) Unbiased accounting for technical noise varia

tions from cell to cell and sample to sample based on statistical 

weights deduced directly from the data.

Fewer assumptions inherently produce less biased outcome 

because data may not meet the assumptions. Using statistical 

weights reduces uncertainty in whether a gene is downregulated 

or upregulated (Figure 2). Weighted statistical tests reduce the 

likelihood of interpreting random noise and variations in 

sequencing depth as DGE (Figure 3). Together, accurate 

weighted averaging and statistical tests remove noise artifacts 

and detect DGE signals more reliably than data parametrization, 

rescaling, or noise regression (Figures 3 and 4). They produce 

more consistent results when data from multiple samples are 

available as well (Figure 5). Besides, the same approach with 

only minor adjustments produces more meaningful results for 

high-resolution spatial transcriptomics (Figure 6).
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To be beneficial, additional assumptions must accurately 

describe the assay noise. This does not seem to be the 

case for common scRNA-seq analysis tools, as indicated in 

Figure 1B and increased false findings by these tools 

(Figures 3, 4, 5, and 6). One explanation is the noise associ

ated with the cell-to-cell variation in the sequencing depth 

(counts per cell, Figure 1A), which may be impossible to 

model (STAR Methods). Consider, e.g., the SCT rescaling of 

transcript counts designed to correct the data for this varia

tion.7 Figure 3F shows a strong signal introduced by the 

SCT into the data. This signal is, at least, partially artificial 

rather than unmasked from the noise, which is indicated by 

the highly significant DGE between the original and randomly 

subsampled data after the SCT (Figures 3G and S1H). The 

SCT artifacts are more pronounced for lower-expression 

genes because of stronger sequencing depth effects on 

them. Together, Figures 3F, 3G, and S1H show that model- 

dependent tools like the SCT are not universally appropriate 

for scRNA-seq. Therefore, we think that such tools should 

be avoided or at least tested for each dataset. Random sub

sampling testing is essential because of the expected 

sequencing depth variation between samples.

Figure 6. Weighted statistical testing re

duces false-positive DGE in spRNA-seq 

(Visium HD assay) 

(A) Top: Proliferating chondrocytes were selected 

in 3 sections from the same E18.5 tibia; shaded 

areas show the selected regions in high resolution 

images of H&E-stained sections. Bottom: Zoomed 

images of the selected areas. Colored dots 

mark 8 × 8 μm2 bins used for the analysis of 

gene expression, which passed quality control 

based on the following criteria: >20 features per 

bin, >100 counts other than Col1a1 or Col1a2 per 

bin, mitochondrial genes between 0.1% and 5% 

UMI, and Col2a1 > 5% UMI. The bin color 

represents the relative expression of Col2a1 

(nCol2a1,i×10,000). 

(B) DGE analysis performed with the 

weighted t test-χ2 test combination and Seurat’s 

FindMarkers function for all 3 possible pairwise 

comparisons between the selected areas. Only 

genes detected in at least 10% of the bins were 

analyzed.

While developing our minimal assump

tions approach, we have made several 

observations that are worth keeping in 

mind when interpreting the results pro

duced by our or any other DGE analysis.

(1) Statistical weights of cells are not 

just mathematical constructions we 

used for data analysis; they are mea

sures of gene count accuracy in 

each cell. Unweighted averaging 

may alter the apparent change in 

gene expression by more than a fac

tor of 2 and affect even the sign of 

the change (Figure 2A). While providing reasonable con

trol of false-positive findings, unweighted t test for rela

tive counts is too conservative and has less power in de

tecting DGE than the weighted t test (Figure S5). 

Statistical weights are, therefore, important for data 

interpretation.28,29,31,32

(2) Violin plots of normalized transcript counts are visually 

appealing yet may be misleading, even when one looks 

at the data points rather than the violins themselves. 

More graphically accurate representation of the same 

data by bona fide histograms may be equally misleading 

because histograms of normalized data do not account 

for the statistical weights of cells. A peak due to cells 

with low confidence count values can be easily misinter

preted. For instance, violin plots or bona fide histograms 

may look very different for samples with identical gene 

expression when the sequencing depth is different 

(Figure S6). Similarly, it is possible to imagine the situation 

when the average gene expression is different in two sam

ples, while the corresponding violin plots look the same. In 

contrast, histograms for unnormalized total transcript 

counts per cell faithfully represent the reality (Figure 1A) 
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because the statistical weights of cells are not important 

for their interpretation.

(3) Analysis of DGE between cells selected based on cell 

clustering algorithms is questionable, unlike DGE analysis 

between cells selected based on the known marker gene 

expression. This concern is recognized in Seurat docu

mentation (FindMarkers function). However, being often 

ignored in practical applications, it may be an important 

contributing factor to false-positive and false-negative 

DGE results. All statistical models for p value calculation 

presume random, independent sampling. All common 

cell-clustering algorithms group cells based on differ

ences in the expression of thousands of highly variable 

genes (e.g., 2,000–3,000 genes in Seurat). The p values 

calculated for these genes (and genes dependent on 

them) are questionable because cell clustering based on 

the expression of these genes is inconsistent with inde

pendent sampling. Clustering based on several marker 

genes like in Figure 1A and excluding these marker genes 

from DGE analysis resolve this concern. Strategies for 

identifying such marker genes when they are not known 

a priori are beyond the scope of the present work.

(4) Analysis of the FDR due to multiple comparisons in 

scRNA-seq is important44 yet may be misused. Proper 

FDR analysis is question and context dependent. FDR is 

the fraction of genes with p values below a predetermined 

threshold that is expected to be false positive by chance 

upon multiple comparisons.44,45 It is different for a spe

cific group of genes, a pathway, or a list of candidate 

genes for follow up. However, the FDR is often calculated 

for the full transcriptome, which is not always appropriate. 

Validating genes selected based on uncorrected p values 

by additional or independent experiments reduces the 

risk of missing important genes by chance due to an 

FDR threshold, although it increases the study cost. 

With all this in mind, our scripts do not calculate corrected 

p values, which can be easily determined, e.g., by using 

the p.adjust() function in R, as described in our GitHub 

tutorial.

In conclusion, more accurate scRNA- and spRNA-seq data 

analysis with fewer assumptions will hopefully simplify identifica

tion of upregulated/downregulated genes and eventually reduce 

or eliminate the need for follow up. In the meantime, our findings 

suggest caution in interpreting unvalidated output of common 

DGE analysis approaches (Figures 2, 3, 4, 5, and 6). Because 

we have used these approaches before, we reanalyzed our 

past experiments and learned useful lessons. Revisiting such 

data may be worth the invested time.

Limitations of the study

The goals of this study are to show that no assumptions beyond 

random and independent sampling are necessary for scRNA- 

and spRNA-seq analysis and to provide the corresponding tools. 

To demonstrate that additional, unnecessary assumptions lead 

to analysis bias and resulting artifacts, we compared our tools 

with those most widely used in Seurat. However, many other 

tools are available in numerous packages like edgeR, Scanpy, 

scVI, etc., which we have not formally tested here. Most are 

based on the same assumptions and similar algorithms to those 

implemented in Seurat and are expected to perform like Seurat 

tools. Some, however, also employ more complex computa

tional data transformation models (including generative AI), mak

ing the underlying model assumptions less transparent. 

Assumption-related analysis bias in the latter models may 

depend on the data being analyzed and is difficult to examine 

at the conceptual level of the present study. Therefore, we invite 

interested readers to examine potential biases of their favorite 

tools by applying the tests we described to the specific data.

To be accurate, our minimal-assumption statistics requires 

large datasets with many cells per cell group of interest and thou

sands of total UMIs per cell (needed for ICC estimates, STAR 

Methods). Such datasets are routine in modern scRNA-seq 

and are the subject of this study, yet there are smaller ones. 

Therefore, our DGE analysis functions incorporate and report 

multiple quality control parameters. A tutorial and function docu

mentation provided at https://github.com/sergeyleikin/sc-sp- 

RNASeq describe how to use these parameters to ensure accu

rate ICC estimates and what can be done when the data do not 

meet the requirements (e.g., samples with too few cells and/or 

transcripts of interest). The tutorial and function documentation 

also discuss the quality control and what can be done when it 

fails in spRNA-seq.
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Lead contact

Requests for further information and resources should be directed to and will 

be fulfilled by the lead contact, Sergey Leikin (leikins@mail.nih.gov).

Materials availability

This study did not generate new unique reagents.

Data and code availability

• Spatial data have been deposited at NCBI GEO as https://www.ncbi. 

nlm.nih.gov/geo: GSE299816 and are publicly available.

• Additional data and simulations not included in this publication have 

been deposited at Synapse.org and are publicly available as of the 

date of publication at https://doi.org/10.7303/syn66520062.

• This paper also analyzes existing, publicly available data, accessible 

at 10× Genomics: https://www.10xgenomics.com/datasets/10-k- 

mouse-e-18-combined-cortex-hippocampus-and-subventricular-zone- 

cells-single-indexed-3-1-standard-4-0-0 and https://www.10xgenomics. 

com/datasets/10-k-mouse-e-18-combined-cortex-hippocampus-and- 

subventricular-zone-cells-dual-indexed-3-1-standard-4-0-0.

• All original code has been deposited at GitHub (https://github.com/ 

sergeyleikin/sc-sp-RNASeq) and is publicly available at https://doi. 

org/10.5281/zenodo.19041480.

• Any additional information required to reanalyze the data reported in this 

paper is available from the lead contact upon request.
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STAR★METHODS

KEY RESOURCES TABLE

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Animals

C57BL/6J (stock #000664) mice were purchased from the Jackson Laboratory (Bar Harbor, ME, USA) and maintained on the C57BL/ 

6J background. Animal care and experiments were performed in accordance with a protocol approved by the Eunice Kennedy 

Shriver National Institute of Child Health and Human Development Animal Care and Use Committee.

Visium HD experiment

Tibias from mouse embryo at embryonic day E18.5 were dissected, fixed in freshly prepared 4% methanol-free formaldehyde solu

tion in phosphate-buffered saline for 24 h at room temperature, and embedded into paraffin. Three sections from the same tibia were 

placed on the same slide within 6.5 × 6.5 mm area, stained with Hematoxylin and Eosin, imaged on a Nikon Ti2-E inverted micro

scope with a 20X/0.8NA objective and analyzed with the Visium HD assay (10X Genomics) as described by the manufacturer. The 

sequencing statistics was: 356,837,522 reads, 1080 mean reads per 8 × 8 μm bin, 89.3% valid barcodes, 99.9% valid UMIs, 

28.5% sequencing saturation. A low-resolution image of the sequenced area captured by the CytAssist instrument (10X Genomics) 

was replaced with the high-resolution Nikon Ti2-E image as described by the manufacturer using Loupe Browser software (10X Ge

nomics). The data were processed with SpaceRanger v.3.0.1 software (10X Genomics). Proliferating chondrocyte areas in the prox

imal growth plates of the 3 tibias were selected in the Loupe Browser software. The barcodes of 8 × 8 μm bins within these areas were 

exported from Loupe Browser for further data processing in R (see sampling and technical noise in spRNASeq).

METHOD DETAILS

Mouse brain scRNASeq datasets

scRNASeq datasets from E18 mouse brain were downloaded from the 10X Genomics (see key resources table). Filtered count 

matrices from the two datasets (filtered features.h5 files) were imported into Seurat objects and merged without renormalization 

to increase the number of neurons in subsequent DGE analysis. GABAergic neurons were selected based on nonzero counts of 

Gad1, Gad2, and Slc6a1. Glutamatergic neurons were selected based on nonzero counts of Gls, Grin2b, and Slc17a7.

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Mouse E18.5 tibia this paper NCBI GEO: GSE299816

Mouse E18 cortex cells 

(hippocampus and 

subventricular zone)

10X Genomics https://www.10xgenomics.com/datasets/10-k-mouse-e-18- 

combined-cortex-hippocampus-and-subventricular-zone- 

cells-single-indexed-3-1-standard-4-0-0

Mouse E18 cortex cells 

(hippocampus and 

subventricular zone)

10X Genomics https://www.10xgenomics.com/datasets/10-k-mouse-e-18- 

combined-cortex-hippocampus-and-subventricular-zone- 

cells-dual-indexed-3-1-standard-4-0-0

Experimental models: Organisms/strains

C57BL/6J mice maintained 

on C57BL/6J background

Jackson Laboratory stock #000664; RRID:IMSR_JAX:000664

Critical commercial assays

Visium HD 10X Genomics cat #1000676

Software and algorithms

R functions for DGE analysis 

in scRNASeq and spRNASeq

this paper https://github.com/sergeyleikin/sc-sp-RNASeq

https://doi.org/10.5281/zenodo.19041480

R-Studio Posit Software v. 2024.12.0 Build 467; RRID:SCR_000432

Seurat Satja Lab (https:// 

satijalab.org/seurat/)

v. 5.2.0; RRID:SCR_007322

SigmaPlot Systat Software v. 13.0; RRID:SCR_003210
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Simulated random noise and gene upregulation

To test effects of well-defined noise and changes in gene expression, the NZ,i matrix of glutamatergic neuron gene counts was modi

fied by either random noise [NZ,i+fn(α,NZ,i)] or noise and expression up(down)regulation [NZ,i+fn(α,NZ,i)+fex(Z,i)]. The noise function 

fn(α,NZ,i),

fn
(
α;NZ;i

)
= round

(
runif(1;min = − 1;max = 1) ⋅ sf ⋅

̅̅̅̅̅̅̅̅
NZ;i

√ )

produces integer values uniformly distributed between − sf ⋅
̅̅̅̅̅̅̅̅
NZ;i

√
and sf ⋅

̅̅̅̅̅̅̅̅
NZ;i

√
. The scaling factor

sf =

(
̅̅̅̅̅̅
3α

√
−

̅̅̅̅̅̅
3α

√
− 1

1 + 0:1
(
NZ;i − 1

)

)

is the simplest expression ensuring Var[fn(α,NZ,i→∞)] = αNZ,i (reason behind the 
̅̅̅̅̅̅
3α

√
factor), fn(α,0) = 0, fn(α,NZ,i)≥0 at α < 10, and 

maximum noise amplitude (sf
̅̅̅̅̅̅̅̅
NZ;i

√ )
between 0.5NZ,i and NZ,i for moderate expression genes with average 0.3 to 3 counts per 

cell. For the latter genes, simulation results were qualitatively similar at all α < 10. The effects of noise weakly increased with α, 

and we selected mid-range α = 5 for presenting the results. The results were affected only by the relative noise amplitude but not 

the specific form of its dependence on NZ,i.

The expression up(down)regulation function

fex(Z; i) = round
(
βNZ;i

)

produces integers proportional to the original transcript count NZ,i, e.g., β = 1.5 is used to model 50% upregulation of gene 

expression.

Computational benchmarking

The goal of this paper is to demonstrate major artifacts caused by unneeded assumptions in commonly used scRNASeq and spRNA

Seq data analysis methods and show that a minimal-assumptions approach akin to that in cluster-randomized clinical trials largely 

eliminates such artifacts. To facilitate its understanding and testing, we provide the source code for functions implementing this min

imal-assumptions approach in R programming language for Seurat data objects. The code is designed to ease understanding of the 

functions rather than to increase their computation speed. For instance, it performs all calculations sequentially in a loop for individual 

genes instead of vectorizing them. Much faster vectorized calculations could be easily accomplished for ANOVA-ICC-based anal

ysis, yet this would be more challenging for iterative-ICC-based analysis. Thus, it makes more sense to first test multiple datasets for 

whether both ICC estimators produce similar results (as we suspect) or whether one of them performs better (which is possible). Such 

testing is beyond the scope of the present paper.

Nonetheless, we found the functions we provide to be fast enough for practical analysis of any datasets on a standard Dell Pre

cision 7680 laptop workstation, despite the heavy burden of the IT security software running on the background (Figure S3). In our 

hands, the DGE calculations by these functions were never even close to being the bottleneck of the overall data analysis. Much more 

time was consumed by standard preprocessing of raw sequencing data, data quality analysis, and assembly and annotation of 

Seurat objects. Typical analysis of DGE between two groups of several hundred cells was completed within a few seconds. More 

challenging DGE analysis of ∼12,000 genes between ∼1,100 glutamatergic neurons and ∼1,100 GABAergic neurons was completed 

in less than 1 min (Figure S3A). DGE analysis of ∼20,000 genes for such neurons in 3 different datasets (∼2,500 total neurons) took 

∼30 s (Figure S3B). Even the most challenging analysis of DGE between two sets of data containing 3 samples each, ∼20,000 genes, 

and ∼400,000 cells took ∼1 h (Figure S3C). For comparison, the time to prepare for the latter analysis after the tissue samples were 

collected was ∼3 weeks for sample processing and sequencing assay plus ∼1 week for data processing to assemble the quality- 

assured, annotated Seurat object.

For completeness, we nevertheless compared the performance of our functions to the common Seurat workflow. When comparing 

just two groups of cells, our functions were faster than most tests built into the Seurat’s FindMarkers function (Figure S3A), including 

the common limma implementation of the Wilcoxon test (https://rdrr.io/bioc/limma/man/rankSumTestwithCorrelation.html). The only 

exception was the fast presto implementation of the Wilcoxon test (https://github.com/immunogenomics/presto), although the latter 

provided different results from the limma implementation. When comparing ∼2,500 cells in multiple samples, our functions were 

noticeably slower than the DESeq2-based pseudo-bulk analysis in Seurat. The difference in performance became much more dra

matic when multiple sample analysis was scaled to 400,000 cells (Figure S3C), because the Seurat pseudo-bulk analysis was fully 

vectorized while our algorithm was not (as discussed above). In addition, the pseudo-bulk analysis simply aggregates counts while 

we fully analyze each sample, calculating ICC, mean, and variance for all genes.

Overall, we found that the nonoptimized implementation of our minimal-assumptions approach should be fast enough for prac

tical analysis of any existing datasets. Much faster implementation based on vectorizing some of the calculations within our func

tions is possible, yet the ever-increasing computing power is likely to be sufficient for the ever-increasing data sizes even 

without it.
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METHOD DETAILS: THEORY

Sampling and technical noise in scRNASeq and spRNASeq

The scRNASeq data matrix NZ,i of gene Z counts in cell i is widely interpreted assuming transcript sampling probability being consis

tent from cell to cell in the original biological sample, e.g., for data parametrization within generalized linear models (GLMs) of count 

statistics.7,37,43,46,47 However, these are desired rather than actual data properties.

Consider common droplet-based scRNASeq assays. All of them involve the following basic steps: Step 1. Cell extraction from tis

sue and dissociation. Step 2. Encapsulation of cells inside droplets containing primers and reagents, one cell per droplet. Step 3. 

Cells lysis, RNA hybridization with primers, and synthesis of barcoded cDNAs by reverse transcription. A primer-based barcode in

cludes a sequence identifying the droplet and cell inside as well as a sequence unique for each primer (unique molecular identifier, 

UMI). Step 4. Purification and PCR amplification of cDNAs extracted from droplets. Step 5. Counting of transcripts in an aliquot of the 

resulting cDNA solution (cDNA library) by next generation sequencing (NGS). Each cDNA is mapped to a gene based on the transcript 

sequence and to an individual cell based on the droplet barcode. Each unique transcript is counted only once based on its UMI.

The NGS counting can indeed be described by traditional counting statistics, since the probability of each cDNA being counted is 

approximately the same. However, being remarkably efficient and more than 90% accurate,48 it is not the main source of technical 

noise in scRNASeq. The only logical explanation of the variation from ∼103 up to ∼105 RNA counts per cell (Figure 1A) is that the 

preceding assay steps produce much larger technical noise. Among these technical noise sources is initial cell isolation and encap

sulation into droplets, which alters the composition of transcripts inside cells because cells react to enzymes, disruption of cell-cell 

contacts, etc. These transcript composition changes are expected to result in significant cell-to-cell variations in the sampling prob

ability for the same gene. These variations are further increased by fluctuations in primer and reagent composition and concentration 

from droplet to droplet, variable RNA degradation, variable likelihood of hybridization with primers, and variable reverse transcription 

efficiency. All these noise sources and biological cell variability add up to the observed ∼100-fold variation in the transcript sampling 

probability from cell to cell, which is not likely to be amenable to parametrization within GLMs or other simplified models.

As we show below, this complex physics is better described by calculating the average of relative counts nZ,i = NZ,i/
∑

ZNZ,i and its 

variance, without any oversimplification and parametrization. We argue that the only assumption needed for determining log2(FC) and 

the corresponding p-values in DGE analysis is that all transcript counts are random and independent (as also assumed in other sta

tistical analyses of scRNASeq). Such random, independent sampling of transcripts relies on low fraction of all transcripts in the cell 

being detected by the current technology. Indeed, a large fraction of live cell transcripts is expected to be degraded/damaged during 

cell encapsulation into droplets and lysis. Only some of the surviving transcripts are then converted into high quality (identifiable) 

cDNA, and usually no more than ∼50% of the latter are sequenced by NGS at the recommended sequencing depth. When all these 

effects are combined, the upper estimate for the sampling fraction in scRNASeq is ∼1–10%, justifying the assumption of random and 

independent sampling. Consistently, from 104 to 3⋅104 unique transcripts per cell are sequenced in most cells in Figure 1A. 

A mammalian cell is estimated to have ∼105–106 transcripts depending on its transcriptional activity.49,50 GABAergic and glutama

tergic neurons are large, highly transcriptionally active cells likely to contain no less than ∼106 transcripts.

All scRNASeq analysis methods assume random, independent transcript sampling. Unlike other methods, however, our approach 

does not utilize additional assumptions. Instead, we rely on the analysis framework developed for studies of cluster-randomized 

experiments,28,29,31 since each cell is analogous to a cluster of independent transcript sequencing experiments. We adapt and 

modify this approach to account for the specific physical properties of scRNASeq assays.

Average and variance calculation

To calculate the average and variance, we use that Equation 1 for nZ,i can be rewritten as

nZ;i =
1

Ni

∑Ni

j = 1

XZ;i;j (Equation 4) 

where XZ,i,j = 0,1 is gene Z count from cell/droplet i and UMI j, nZ,i is the total normalized count of gene Z in cell i and Ni = 
∑

ZNZ,i is the 

total number of unique transcripts (UMIs) detected in cell i (for discussion of failed transcript identifications see Derivation of Equation 

4 in Supplemental Derivations).

One may be tempted to interpret XZ,i,j in terms of common counting models, e.g., as a Bernoulli trial, yet this may not be consis

tent with scRNASeq realities, and this is not what we do. Such models do not account for continuous and rapid change in the 

number and composition of transcripts, which happens both in a live cell and when the transcripts are being sampled after the 

cell is lysed. Moreover, even for given total number of transcripts in the cell (Ntot
i ), total number of gene Z transcripts (Ntot

Z;i ), 

and sampling failure rate (FRi, fraction of transcripts destroyed during sampling but not identified), the probability density for 

NZ,i may not be just a function of Ni, N
tot
i , Ntot

Z;i , and FRi (as assumed in all counting models). Instead, it is also likely to depend 

on transcript distribution in different locations (e.g., nucleus, cytosol, ribosomes), their physical state (e.g., folding, splicing, and 

interactions), concentration and composition of sequencing reagents, etc. In contrast, a textbook model of sampling of 

colored balls from a basket either has a constant outcome probability (canonical Bernoulli trials of sampling with replacement) 
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or a probability determined only by the outcome (NZ,i and Ni), and total numbers of balls (Ntot
Z;i , N

tot
i ), which is unaffected by the 

spatial distribution of balls in the basket. We therefore use the approach we think is better justified, which is to assume that 

the sampling events are random and independent without making any other assumptions. Then, our results are not limited just 

to the common counting models.

Very large variation in Ni from cell to cell (Figure 1A) indicates large variation in the precision of measuring nZ,i due to the technical 

noise, in which case the average value of nZ,i in a group of N cells must be calculated as a weighted average28,29,31,32 as defined by 

Equation 2, where

wZ;i =
1

Var
(
nZ;i

)

/
∑N

i = 1

1

Var
(
nZ;i

) (Equation 5) 

is the statistical weight of gene Z transcripts in cell i with Ni transcripts (
∑

iwZ;i = 1). Var(nZ,i) is the total variance of nZ,i,

Var
(
nZ;i

)
= 〈
(
nZ;i − E(nZ |Ni)

)2〉 (Equation 6) 

which must be calculated by averaging over all possible statistical trajectories producing a cell with Ni transcripts. Here E(nZ|Ni) is the 

expected value of nZ in any cell of the selected type that has Ni transcripts. The symbol 〈 〉 indicates statistical trajectory averaging 

(akin to Feynman’s path integrals in statistical physics51).

Using the law of total variance,52 we can calculate the variance of nZ,i as

Var
(
nZ;i

)
= 〈
(
nZ;i − 〈nZ;i〉i

)2〉 + VZ (Equation 7) 

where 〈nZ;i〉i is the expected value of nZ,i (average over statistical trajectories in the cell i) and VZ = 〈
(
〈nZ;i〉i − E(nZ |Ni)

)2〉. After 

substituting Equation 4 into Equation 7 and calculating the sums, we find

Var
(
nZ;i

)
=

〈
〈nZ;i〉i

(
1 − 〈nZ;i〉i

)

Ni

〉

+ VZ =
nZ(1 − nZ)+ VZ(Ni − 1)

Ni

(Equation 8) 

where we used that Var(x) = 〈x2〉-〈x〉2 and nZ ≅ 〈nZ;i〉. Substituting Equation 8 into Equation 5, we find

wZ;i =
Ni

nZ(1 − nZ)+ (Ni − 1)VZ

/
∑N

i = 1

Ni

nZ(1 − nZ)+ (Ni − 1)VZ

(Equation 9) 

Note that we derived Equation 8 by directly calculating the sums, assuming only that all sequencing counts XZ,i,j are random and 

independent (see Derivation of Equation 8, Supplemental Derivations). We did not treat the sequencing reads as Bernoulli trials or 

utilize any specific statistical distribution. Another instructive way to arrive at Equation 8 would be to treat XZ,i,j as a count of gene 

Z in a random draw j from the total population of Ntot
i transcripts in the cell i. Then 

∑
jXZ,i,j is described by the hypergeometric distri

bution, in which Ni is the total number of random draws (conversion to cDNA, sequencing, and identification of a unique transcript). 

Even though the value of Ntot
i is not known, Var(nZ,i) is then described by Equation 8 as long as Ni ≪ Ntot

i , which is the case in typical 

scRNASeq experiments (see model of colored balls in a basket and binomial trials with variable outcome probability, Supplemental 

Derivations).

Equation 9 is identical to Equation 3, in which ρZ = VZ =nZ(1 − nZ) is the intracluster correlation coefficient ICC (0≤ρZ ≤ 1). 

Equation 3 is well-known in statistics of cluster-randomized experiments.28–30,53,54 Previous models of scRNASeq data analysis 

correspond to ρZ = 1 (wZ,i = 1/N) and ρZ = 0 (wZ;i = Ni=
∑

iNi). Statistical studies of cluster-randomized experiments showed 

that neither of these two limits is a good approximation. The importance of accurate ICC calculation has been recognized, and 

multiple different ICC estimator models have been developed.30 The most widely used is the ANOVA ICC estimator.30,53,54

Here we suggest a different approach for estimating ρZ directly from experimental data without relying on any specific type of 

data distribution or sampling. The benefit of this approach is that it makes no assumptions and can also be used for spRNASeq 

and multiple sample analysis in scRNASeq.

To calculate ρZ we use that for inverse variance weights31,32

Var(nZ) = 1

/
∑N

i = 1

[
1
/

Var
(
nZ;i

)]
= nZ(1 − nZ)

/
∑N

i = 1

(
Ni

1 + ρZ(Ni − 1)

)

(Equation 10) 

At the same time, Var(nZ) can be estimated directly from the data for given inverse-variance weights wZ,i using the unbiased 

estimator

Var(nZ) =
1

1 −
∑N

i = 1

w2
Z;i

∑N

i = 1

w2
Z;i

(
nZ;i − nZ

)2
(Equation 11) 
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Taken together, Equations 3, 10, and 11 allow calculation of wZ,i directly from the data without any assumptions as we show below.

While Equations 3 and 10 are well known in the theory of cluster-randomized experiments, we have not seen Equation 11 being 

used before. To derive this variance estimator, we used that

〈
∑N

i = 1

w2
Z;i

(
nZ;i − nZ

)2

〉

=
∑N

i = 1

w2
Z;i〈n

2
Z;i〉 +

∑N

i = 1

w2
Z;i〈n

2
Z〉 − 2

∑N

i = 1

w2
Z;i〈nZ;inZ〉 (Equation 12) 

It follows from Equations 9 and 10 that

wZ;iVar
(
nZ;i

)
= Var(nZ) (Equation 13) 

Therefore,

w2
Z;i〈n

2
Z;i〉 = w2

Z;iVar
(
nZ;i

)
+ w2

Z;i〈nZ〉2
= wZ;iVar(nZ) + w2

Z;i〈nZ〉2
(Equation 14) 

w2
Z;i〈n

2
Z〉 = w2

Z;iVar(nZ) + w2
Z;i〈nZ〉2

(Equation 15) 

and

w2
Z;i〈nZ;inZ〉 = w3

Z;iVar
(
nZ;i

)
+ w2

Z;i〈nZ〉2
= w2

Z;iVar(nZ) + w2
Z;i〈nZ〉2

(Equation 16) 

After substitution of Equations 13, 14, 15, and 16 into Equation 12 we arrive at

Var(nZ) =
1

(

1 −
∑N

i = 1

w2
Z;i

)

〈
∑N

i = 1

w2
Z;i

(
nZ;i − nZ

)2

〉

(Equation 17) 

which is approximated by Equation 11 in the limit of large N.

It is worth noting that Equations 11 and 17 are approximations when the weights wZ,i are fitted from the data rather than fixed. How

ever, this is justified when uncertainties of wZ,i are much smaller than variations of nZ,i, which should be the case for wZ,i calculated 

based on averaging over multiple cells as described below.

Combining Equations 10 and 11 we arrive at

nZ(1 − nZ)

/
∑N

i = 1

(
Ni

1 + ρZ(Ni − 1)

)

=
1

1 −
∑N

i = 1

w2
Z;i

∑N

i = 1

w2
Z;i

(
nZ;i − nZ

)2
(Equation 18) 

Using Equation 3 to express wZ,i as a function of ρZ and Ni and Equation 5 to express nZ as a function of wZ,i and nZ,i, Equation 18

can be solved numerically to find ρZ. The values of nZ and Var(nZ) calculated from Equation 18 are in good agreement with those 

calculated by using the ANOVA ICC estimator (Figures S4A–S4C). Because the latter calculation is computationally faster, we provide 

it as an option in our scRNASeq data analysis functions (see https://github.com/sergeyleikin/sc-sp-RNASeq). Note that Equation 18

may yield negative values of ρZ instead of ρZ ≈ 0 (like ANOVA ICC estimator), which is a known effect of sampling errors that should be 

corrected by changing negative ρZ to ρZ = 0.28 Similarly, estimated ρZ > 1 resulting from sampling errors should be replaced with ρZ = 1 

(although we have not observed estimated ρZ > 1 in our analysis of experimental data or simulations).

Finding nZ and Var(nZ) through data-driven estimates of wZ,i enables calculation of log2(FC) and the corresponding p-values with 

increased accuracy and power. The data analysis reported in the main text of the paper and built into our R scripts is based on this 

approach. Its only underlying assumptions are that the transcript sampling in scRNASeq is random and independent, and that fluc

tuations in 〈nZ,i〉 and Ni across cells are independent of each other, e.g., because of large technical noise. While technical noise might 

not completely remove correlation between 〈nZ,i〉 and Ni across cells of different types, here we are mostly concerned with DGE be

tween groups of similar cells. These two assumptions are essential for all unbiased models of scRNASeq analysis anyway. The 

benefit of our method is that unlike the commonly used approaches it does not use any additional assumptions, simplifications, 

or data parametrization, while taking full advantage of the data at hand.

Weighted t test

A variety of tests for comparing weighted average values in cluster-randomized experiments have been described, partly because of 

suboptimal weighted t test performance when statistical weights are imprecise.28,29,31 We have found, however, that weighted t test 

performance issues are caused by common usage of the following variance estimator

Var(x) =
1

N − 1

∑N

i = 1

wx;i(xi − x)
2

(Equation 19) 
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for random variables xi with weights wx,i in experiment clusters i. This expression provides unbiased estimate of Var(x) at 

wx;i = [Var(xi)]
− 1
=
∑

i[Var(xi)]
− 1

.32 However, it may become biased and inaccurately estimate Var(nZ) when wZ,i do not match 

the inverse variance of nZ,i (Figure S4D), e.g., resulting in increased false positive findings at ρZ = 0 (Figures S5A–S5D). Moreover, 

the test with variance estimator defined by Equation 19 can be anti-conservative even with inverse variance weights (Figures S5A 

and S5D). Apparently, Equation 19 can have larger uncertainty than Equation 11 and in some cases underestimate the variance, 

causing small p-values. We are not aware of any rigorous justification or derivation of Equation 19 as the variance estimator.

In contrast, the variance estimator given by Equation 11 remains unbiased and accurate at any wZ,i provided that 
∑

iw
2
Z;i ≪ 1, 

which is almost always true for scRNASeq and spRNASeq. After replacing Equation 19 with Equation 11 as the variance esti

mator, we found that the weighted t test exhibited optimal or close to optimal type I error (false positive findings) rate control 

(Figures S5E and S5J–S5M). Since we are aware only of weighted t test implementations based on Equation 19 we have included 

an R code for weighted t test based on Equation 11 variance estimator into our package of R functions for scRNASeq and 

spRNASeq analysis. In addition, this code has two options for calculating degrees of freedom, which may affect p-values in 

some cases (for more details, see https://github.com/sergeyleikin/sc-sp-RNASeq). It is, however, important to keep in mind 

that the weighted t test is exact only in the asymptotic limit of large N, i.e., at large number of degrees of freedom. Otherwise, 

it is just a reasonable approximation.

Analysis of experimental data (Figures 3 and 4) showed that the weighted t test with the Equation 11 variance estimator might pro

vide the best combination of type I error rate control and type II error (false negative) rate control. However, the ground truth in exper

imental data is not known. Therefore, we performed extensive comparison of all widely used statistical tests for simulated data, in 

which the ground truth is known (Figures S5F–S5M). We simulated single gene NZ,i counts in scRNASeq by using beta distribution 

for the count probability, varying the first shape parameter α to mimic changes in gene expression. We used a scaling factor nmax in 

the distribution function for the total counts per cell to mimic changes in the sequencing depth. We tested different versions of this 

distribution, all of which produced similar results (see additional data at https://doi.org/10.7303/syn66520062).

These simulations confirmed our conclusions based on experimental data analysis. The only two tests with good type I error rate 

control under all conditions were weighted t test with the Equation 11 variance estimator and unweighted (common) t test, although 

the unweighted t test was too conservative under some conditions (Figures S5J–S5M). The weighted t test with Equation 19 variance 

estimator had too many false positive findings (Figures S5D and S5E). Consistent with our analysis of real experimental data in 

scRNASeq, the Wilcoxon test exhibited poor type I error control for samples with different distributions of Ni, e.g., mimicking effects 

of sequencing depth variation (Figures S5C, S5K and S5M).

The weighted t test with the Equation 11 variance estimator was also among the best performers in detecting true changes in 

expression, outperforming the Wilcoxon test (Figures S5F, S5G and S5I) despite the type I error rate control issues in the latter 

(Figures S5K–S5M), depending on the underlying distributions. The unweighted t test was too conservative and had the worst 

type II error rate control among all tests.

Overall, the weighted t test with the Equation 11 variance estimator was the clear winner, like in the experimental data analysis 

(Figures S5F–S5M). It is worth noting that computationally faster weighted t test with ANOVA ICC performed nearly identical to 

the one based on numerical calculation of ρZ from Equation 18. The ANOVA ICC estimator is therefore available as an option in 

our scRNASeq data analysis functions.

Violin plot interpretation

Using equal statistical weights of different cells (ρZ = 1) may not only distort the calculated p-values but also cause misinterpretation 

of the popular violin plots for normalized gene expression (Figure S6). A violin plot is a vertical histogram of cell density distribution vs. 

normalized gene expression, which is meaningful only when all cells can be assumed to have the same statistical weight. A histogram 

peak showing only low confidence cells (with low statistical weights) is not an accurate representation of actual gene expression and 

may be misleading.

To demonstrate misleading violin plots, Figure S6 shows an effect of 40% subsampling of all genes (every count retained with 40% 

probability or discarded with 60% probability), which corresponds to reduced depth of sequencing in experiments and does not alter 

gene expression. However, this subsampling significantly alters the violin plots.

Average and variance calculation in multiple sample experiments

In multiple sample experiments, additional averaging over multiple samples must be performed

nZ =
∑K

s = 1

nZ;sWZ;s; (Equation 20) 

where

nZ;s =
∑Ns

i = 1

nZ;i;swZ;i;s; (Equation 21) 
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nZ,i,s and wZ,i,s are nZ,i and wZ,i values for samples s = 1,2 … K, Ns is the number of cells in sample s and

WZ;s =
1

Var
(
nZ;s

)

/
∑K

s = 1

1

Var
(
nZ;s

) (Equation 22) 

is the statistical weight of sample s (
∑

sWZ,s = 1). Ignoring differences in statistical weights of different samples may be just as prob

lematic as neglecting variations in statistical weights of individual cells.

Equations 20 and 22 are identical to Equations 2 and 5, yet here Var
(
nZ;s

)
is given by

Var
(
nZ;s

)
= 〈
(
nZ;s − 〈nZ;s〉

)2〉 + VZ =
1

1 −
∑Ns

i = 1

w2
Z;i;s

∑Ns

i = 1

w2
Z;i;s

(
nZ;i;s − nZ;s

)2
+ VZ (Equation 23) 

where VZ is an analogue of VZ in Equation 7 and we used Equation 11 for 〈
(
nZ;s − 〈nZ;s〉

)2〉: Using the same logic as for deriving 

Equation 18, we arrive at

∑K

s = 1

1 −
∑Ns

i = 1

w2
Z;i;s

∑Ns

i = 1

w2
Z;i;s

(
nZ;i;s − nZ;s

)2
+

(

1 −
∑Ns

i = 1

w2
Z;i;s

)

VZ

=

1 −
∑K

s = 1

W2
Z;s

∑K

s = 1

W2
Z;s

(
nZ;s − nZ

)2

(Equation 24) 

where nZ,i,s are measured, wZ,i,s are calculated by numerically solving Equation 18 or determined from ANOVA ICC for each individual 

sample s, nZ;s are calculated from Equation 21, and VZ and WZ,s are calculated by numerically solving Equations 22, 23, and 24. The 

values of WZ,s can then be used for determining log2(FC) and the corresponding p-values from the weighted t test. R functions im

plementing all these calculations for Seurat objects are available for download from https://github.com/sergeyleikin/sc-sp-RNASeq. 

Testing of the robustness of this approach and its comparison with previously described pseudo-bulk calculations are described in 

the main text of the paper.

Chi-squared test and its combination with weighted t test

The weighted t test with statistical weights calculated from Equation 18 is the minimal assumptions approach to evaluating differential 

expression between two groups of cells. It is more robust and general than other approaches, yet it is not perfect either. Like previous 

scRNASeq data analysis models and models of cluster-randomized experiments, it still relies on individual cells being random tech

nical replicates and individual samples being random biological replicates. The weighted t test and all these models conceptually 

assume that the sequenced cells are randomly selected representatives of larger cell populations. In scRNASeq experiments, this 

is only partially true. Even in most careful experiments, at least a small fraction of cells is expected to be dramatically altered from 

their original state by the cell isolation process, e.g., resulting in apoptosis initiation. Expression of some genes in these cells may 

be orders of magnitude different from all other cells in the population and not random. As a result, even the most robust weighted 

t test may detect these genes as differentially expressed, which is not desirable.

To mitigate this problem when comparing two groups of cells A and B, we suggest combining the weighted t test with a χ2 test for 

2 x 2 contingency table Om,n for aggregate counts of gene Z vs. other genes. This contingency table is O1,1 = NZ,A, O1,2 = NZ,B, O2,1 = 

NA-NZ,A, O2,2 = NB-NZ,B, where NZ;A = 
∑

i∈ANZ;i, NZ;B = 
∑

i∈BNZ;i, NA = 
∑

ZNZ;A, and NB =
∑

ZNZ;B .

The benefit of this approach is that the χ2 test does not assume individual cells to be properly randomized replicates. Instead, it 

calculates the p-values only for the aggregated counts in specific cells sequenced in the scRNASeq experiment without generalizing 

it to all cells of the same type in the sample (see the derivation below). However, nZ,i variance within the sequenced cells may be 

smaller than the variance in the overall population of cells of the same type (even within the same sample). Therefore, positive findings 

of the χ2 test may not mean differential expression in the latter population. At the same time, negative findings of the χ2 test mean low 

likelihood of differential expression in the sequenced cells, helping to eliminate weighted t test positives related to sampling bias. 

Therefore, performing the χ2 test and weighted t test for all genes may be beneficial for reducing type I errors caused by experimental 

cell selection and processing bias.

Briefly, the validity of the χ2 test for this specific application can be proven as follows. This test for the contingency table Om,n is 

based on a χ2 distribution for

X2 =
∑2

m = 1

∑2

n = 1

(
Om;n − Em;n

)2

Em;n

(Equation 25) 

Here Em,n are the expected values of Om,n at NZ,A/NA = NZ,B/NB (log2(FC) = 0). X2 has the χ2 distribution in the asymptotic limit of large 

Om,n when Var(Om,n) = Em,n.33 This simply requires NZ,A or NZ,B to be sufficiently large (our preference is > 30–50). Provided that this 

condition is satisfied, the accuracy of the χ2 test hinges only on how well Var(NZ) is approximated by 〈NZ〉. At Var(NZ)<〈NZ〉, the test 

becomes conservative. At Var(NZ)>〈NZ〉, it becomes anti-conservative.
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Taking into account that NZ,i = NinZ,i and therefore Var
(
NZ;i

)
= N2

i 〈
(
nZ;i − 〈nZ;i〉

)2〉, similar to the derivation of Equation 8 we 

find that

Var
(
NZ;i

)
= Ni〈〈nZ;i〉i

(
1 − 〈nZ;i〉i

)
〉 ≅ 〈NZ;i〉 (Equation 26) 

as long as sequencing of each transcript j in the cell i can be considered an independent transcript sampling event. Note that here the 

averaging indicated by the symbol 〈 〉 is performed only over statistical trajectories that begin after encapsulation of each cell i into a 

droplet for single cell sequencing and does not include averaging over possible cell sampling trajectories. Therefore, Var(NZ,i) does 

not include the variance associated with cell sampling, which is described by VZ in Equation 8.

Because each cell i is encapsulated in an independent droplet, the sequencing of its transcripts is independent from sequencing of 

transcripts in other cells. Therefore,

Var(NZ) =
∑

i

Var
(
NZ;i

)
≅
∑

i

〈NZ;i〉 = 〈NZ〉 (Equation 27) 

This proves that the χ2 test provides an accurate estimate for the probability of the observed NZ,A and NZ,B at NZ,A/NA = NZ,B/NB. 

However, this is the probability only for the cells sequenced by NGS. It bears reminding that Var(NZ) for statistical trajectories that 

begin at the sample stage before cell isolation and encapsulation into droplets may be larger, even significantly larger. Thus, 

the χ2 test should not be used for inferring the p-value for a larger population of cells (even from the same sample).

Sampling and technical noise in spRNASeq

Aside from spatial information (Figure 6), the output of sequencing based spRNASeq assays is like scRNASeq, i.e., NZ,i matrix of gene 

Z counts in a spatial bin i. In contrast to scRNASeq, however, a single bin i is likely to include transcripts from multiple cells, and adja

cent bins may contain transcripts from the same cell. As a result, physics of transcript sampling and technical noise in spRNASeq 

depends on the spatial resolution of the assay.

At low resolution (bin size ∼50 μm or larger), adjacent bins can be considered independent. DGE analysis in such assays is similar 

to scRNASeq. Provided that enough bins are included in the analysis (preferably ∼100 or more), the approach described in the main 

text can be utilized without modifications. The only difference is that the bins must be interpreted as variable composition mixtures of 

cells. Note that relative count normalization may not be the best choice for some applications of these assays. For instance, normal

ization based on cell-type-specific endogenous control genes may enable analysis of gene expression in specific cell types despite 

the lack of single cell resolution. Approaches to such normalization are, however, context specific and are beyond the scope of the 

present paper.

At high spatial resolution (bin size ∼10 μm or smaller), transcript counts in adjacent bins are likely to be correlated, precluding treat

ment of individual bins as independent replicates. One solution is correlation-based models, which are justifiable for isotropic tissues 

with similar correlations between bins in all spatial directions. Since we are more interested in anisotropic tissues like those shown in 

Figure 6, we are not pursuing this approach.

Another solution is clustering of bins based on spatial localization (Figure 6) or marker gene expression followed by analysis 

of aggregated transcript counts nZ;c = 
∑

i∈ cNZ;i=
∑

i∈ cNi. Here Ni =
∑

ZNZ;i is the total number of counts in bin i. Transcript 

counts in sufficiently large clusters can be considered independent. Within such a cluster, the statistical weight of each bin is 

wZ;i = Ni=
∑

iNi, which is a good approximation at ρZ(Ni-1)≪1 (see Equation 3). Figure 1B shows that this approximation works 

reasonably well for many genes even at Ni between 104 and 105 in scRNASeq. We can then expect it to work even better in high res

olution spRNASeq, where Ni ∼1000 or lower. At the current state of the technology, transcript counts in spRNASeq are simply not 

sufficient for analyzing biological variability within individual cell clusters.

DGE between two cell clusters can then be analyzed based on combining the weighted t test and χ2 test as described in the main 

text. A more accurate DGE comparison can be made between two groups of multiple clusters, using weighted t test like in multiple 

sample scRNASeq experiments (replacing nZ;s and WZ,s in Equations 22, 23, and 24 with nZ;c and the corresponding statistical weight 

WZ,c for each cluster). The same procedure can be further repeated for multiple samples.

METHOD DETAILS: SUPPLEMENTAL DERIVATIONS

Derivation of Equation 4

To address possible transcript sampling and identification failures in scRNASeq experiments, consider a more general form of 

Equation 4,

nZ;i =
1

Ni

∑N
tot
i

j = 1

XZ;i;j (Equation 28) 

where Ntot
i is the unknown total number of transcripts in the cell i, including those identified and not identified by scRNASeq. XZ,i,j = 1 

for transcripts j in the cell i that are identified by scRNASeq as gene Z mRNAs. XZ,i,j = 0 for all other transcripts (successfully identified 
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by scRNASeq as transcripts of other genes, sampled but not identified by failed sequencing, and not sampled at all). Since XZ,i,j∕=0 

only for identified transcripts, we can limit the summation in Equation 28 to the latter, i.e.,

1

Ni

∑N
tot
i

j = 1

XZ;i;j =
1

Ni

∑Ni

j = 1

XZ;i;j; (Equation 29) 

recovering the original Equation 4.

Derivation of Equation 8

Substitution of Equation 4 into Equation 7 yields

Var
(
nZ;i

)
=

〈(
1

Ni

∑Ni

j = 1

XZ;i;j −

〈
1

Ni

∑Ni

j = 1

XZ;i;j

〉

i

)2〉

+ VZ =

〈(
1

Ni

∑Ni

j = 1

(
XZ;i;j − 〈XZ;i;j〉i

)
)2〉

+ VZ : (Equation 30) 

Mathematically, our assumption of random and independent transcript identification trials means that 

〈
(
XZ;i;j − 〈XZ;i;j〉i

)(
XZ;i;k − 〈XZ;i;k〉i

)
〉i = 0 at j ∕= k. Therefore,

Var
(
nZ;i

)
=

〈
1

N2
i

∑Ni

j = 1

(
XZ;i;j − 〈XZ;i;j〉i

)2

〉

+ VZ : (Equation 31) 

After rewriting Equation 31 as

Var
(
nZ;i

)
=

〈
1

N2
i

∑Ni

j∈{XZ;i;j = 0}

(
XZ;i;j − 〈XZ;i;j〉i

)2
+

1

N2
i

∑Ni

j∈{XZ;i;j = 1}

(
XZ;i;j − 〈XZ;i;j〉i

)2

〉

+ VZ ; (Equation 32) 

where {XZ,i,j = 0} and {XZ,i,j = 1} are the sets of j values with the corresponding XZ,i,j, and using that

〈nZ;i〉i =
1

Ni

∑Ni

j = 1

〈XZ;i;j〉i = 〈XZ;i;j〉i; (Equation 33) 

we find

Var
(
nZ;i

)
=

〈
1

N2
i

∑Ni

j∈{XZ;i;j = 0}

〈nZ;i〉i
2

+
1

N2
i

∑Ni

j∈{XZ;i;j = 1}

(
1 − 〈nZ;i〉i

)2

〉

+ VZ : (Equation 34) 

Then, after substitution of

∑Ni

j∈{XZ;i;j = 1}

1 = NinZ;i;
∑Ni

j∈{XZ;i;j = 0}

1 = Ni

(
1 − nZ;i

)
(Equation 35) 

into Equation 34, we arrive at

Var
(
nZ;i

)
=

〈
1

N2
i

〈nZ;i〉i
2
Ni

(
1 − nZ;i

)
+

1

N2
i

(
1 − 〈nZ;i〉i

)2
NinZ;i

〉

+ VZ : (Equation 36) 

Since the overall averaging can be performed in two steps, first averaging within each cell i and then across different cells, we can 

replace nZ,i in Equation 36 with 〈nZ;i〉i and simplify this equation to

Var
(
nZ;i

)
=

〈
〈nZ;i〉i

(
1 − 〈nZ;i〉i

)

Ni

〉

+ VZ : (Equation 37) 

Next, using that 〈〈nZ;i〉i〉 = 〈nZ;i〉 and

VZ = Var
(
〈nZ;i〉i

)
= 〈〈nZ;i〉i

2〉 − 〈〈nZ;i〉i〉
2

(Equation 38) 

we arrive at

Var
(
nZ;i

)
=

〈nZ;i〉
Ni

−
Var
(
〈nZ;i〉

)
+ 〈nZ;i〉2

Ni

+ VZ =
〈nZ;i〉

Ni

−
VZ + 〈nZ;i〉2

Ni

+ VZ : (Equation 39) 
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Finally, after taking into account that

nZ =
∑N

i = 1

nZ;iwZ;i = 〈nZ;i〉; (Equation 40) 

we arrive at Equation 8.

In other words, Equations 8 and 9 are valid for any distributions of XZ,i,j in the asymptotic limit of large N, as long as the sampling 

of transcripts is random and independent. These distributions include but are not limited to the popular binomial, negative binomial, 

and zero-inflated negative binomial distributions. Because these equations are based on unknown nZ and VZ rather than a defined 

probability distribution for XZ,i,j = 1, they do not require assuming anything about cell transcripts that have not been identified by 

scRNASeq sampling. The unknown nZ and VZ are then calculated directly from the experimental data without any additional assump

tions by combining Equations 2, 3, and 18, as described in the Theory section.

Model of colored balls in a basket

To illustrate how Equations 8 and 39 can be derived from common counting models, consider a textbook model of colored balls in 

baskets. Specifically, each cell i corresponds to a basket i, NZ,i corresponds to the number of balls with color Z drawn from that 

basket, Ni corresponds to the total number of random draws from the basket i. The total numbers of color Z balls (Ntot
Z;i ) and all balls 

(Ntot
i ) in the basket i are not known, just like the total numbers of gene Z and all mRNA transcripts. The goal is to estimate

nZ =
〈

Ntot
Z;i

/
Ntot

i

〉
(Equation 41) 

and Var
(

Ntot
Z;i =N

tot
i

)
based on the known NZ,i and Ni, so that the difference in the prevalence of color Z balls between two different 

sets of baskets can be evaluated based on the weighted t test.

This model is described by the hypergeometric probability distribution for NZ,i that has the within-basket mean 

〈NZ;i〉i = Ni

(
Ntot

Z;i =N
tot
i

)
and the variance

Vari

(
NZ;i

)
= Ni

(
Ntot

Z;i

Ntot
i

)(
Ntot

i − Ntot
Z;i

Ntot
i

)(
Ntot

i − Ni

Ntot
i − 1

)

; (Equation 42) 

where Vari(NZ,i) is the variance within a single basket i. Then, using the law of total variance, we find that the total valiance of nZ,i = NZ,i/ 

Ni for all baskets with Ni draws is

Var
(
nZ;i

)
=

〈Vari

(
NZ;i

)
〉

N2
i

+ VZ ; (Equation 43) 

where VZ = Var
(

Ntot
Z;i =N

tot
i

)
is unknown. After substituting ntot

Z;i = Ntot
Z;i=N

tot
i and Equation 42 into Equation 43, we find

Var
(
nZ;i

)
=

1

Ni

〈
ntot

Z;i

(
1 − ntot

Z;i

)
(1 − SRi)

〉
+ Vz; (Equation 44) 

where SRi = (Ni − 1) =
(
Ntot

i − 1
)

is the sampling ratio in the basket i. Taking into account that

〈
ntot

Z;i

(
1 − ntot

Z;i

)〉
=
〈

ntot
Z;i

〉
−
〈(

ntot
Z;i

)2〉
=
〈

ntot
Z;i

〉
−
〈

ntot
Z;i

〉2

− Vz; (Equation 45) 

we find

Var
(
nZ;i

)
=

nZ(1 − nZ)+ VZ(Ni − 1)

Ni

−

〈
SRin

tot
Z;i

(
1 − ntot

Z;i

)〉

Ni

: (Equation 46) 

At SRi≪1, i.e., when the sampling is random and independent, the last term in Equation 46 is negligible and we recover 

Equations 8 and 39. Then, at sufficiently large number of baskets, Equations 2, 3, and 18 can be used to find the unknown values 

of nZ and VZ without any additional assumptions based on matching the predicted and observed values of weighted average and 

variance.

The instructive value of this model is that it illustrates when and why one can analyze relative prevalence nZ,i and 

accurately estimate its average nZ and variance VZ from the known NZ,i and Ni, even though Ntot
Z;i and Ntot

i are not known. 

In the context of this specific model, the key condition is the low sampling ratio (Ni ≪ Ntot
i ), which ensures random 

and independent sampling. At Ni ∼ Ntot
i , the problem becomes more complex and may require additional assumptions. In 

the context of scRNASeq, Ni ≪ Ntot
i in all existing and foreseeable assays, so that such assumptions (which may not be 

justified) are not necessary. More generally, random and independent sampling is all that is needed to accurately 

estimate relative prevalence of a trait in a large group of independent population clusters (baskets in this example or cells in 

scRNASeq).
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Binomial trials with variable outcome probability

In a canonical sequence of Bernoulli trials, the positive outcome probability (rate) p is the same in all trials, yielding binomial 

distribution. In the limit of infinite Ntot
i , Equation 8 can be derived by a straightforward application of the law of total variance to an 

ensemble of cells with fixed Ni binomial trials each, where each cell has a different, but fixed p. However, Equation 8 is valid also 

when p is variable rather than constant even within each cell (as our derivation above proves.) It is therefore instructive to illustrate 

this by using the binomial/Bernoulli distribution logic yet relaxing the requirement of constant within-cell p to ensure more realistic 

description of scRNASeq.

Within a cell i, an individual trial j that has the success probability pj is described by the Bernoulli distribution with 〈XZ;i;j〉j = pj and 

Varj(XZ,i,j) = pj(1-pj). When pj varies for individual transcripts of the same gene Z even within the same cell, the within-cell variance of 

XZ,i,j is

Vari

(
XZ;i;j

)
= 〈
(
XZ;i;j − pj + pj − p

)2〉i = 〈
(
XZ;i;j − pj

)2〉i + 〈
(
pj − p

)2〉i = 〈Varj

(
XZ;i;j

)
〉i

+ Vari

(
pj

)
= 〈pj

(
1 − pj

)
〉i + Vari

(
pj

)
= p(1 − p);

(Equation 47) 

where p = 〈pj〉i is the within-cell average rate, and we used that 〈x〉i = 〈〈x〉j〉i and 〈p2
j 〉i = 〈pj〉2

i + Vari

(
pj

)
.

For Ni random and independent trials we can then calculate the across-cell variance of nZ,i as

Var
(
nZ;i

)
=

〈Vari

(
NZ;i

)
〉

N2
i

+ VZ =

〈
∑Ni

j = 1

Vari

(
XZ;i;j

)
〉

N2
i

+ VZ =
〈p(1 − p)〉

Ni

+ VZ : (Equation 48) 

Here 〈 〉 indicates averaging across all cells (as before), VZ = Var(p), we used the law of total variance (Equation 7), and we used that 

the variance of a sum of independent random variables is equal to the sum of variances of these variables. After substitution of 〈p2〉 = 

〈p〉2+Var(p) into Equation 48, we find

Var
(
nZ;i

)
=

〈p〉(1 − 〈p〉)+ VZ(Ni − 1)

Ni

(Equation 49) 

Equation 49 has the same level of generality as our original Equation 8. Moreover, since 〈p〉 = nZ , the two equations are actually 

identical. The key observations here are: (a) The only difference between Equation 49 and the corresponding expression for binomi

ally distributed NZ,i is that 〈p〉 averages p variations both within and across the cells rather than just p variations across the cells. (b) 

The variance for a single independent trial with a binary outcome and random probability p is 〈p〉(1-〈p〉), i.e., it depends only on 〈p〉 but 

not on the variability of p (Equations 47 and 49 with Ni = 1).

These observations suggest that Equation 46 may work beyond the hypergeometric distribution not only when SRi→0 but also at 

larger SRi. However, this is a nontrivial question because at SRi ∼1 the expected variance is no longer a sum of variances for indi

vidual trials. Analysis of this question is beyond the scope of our study, since the case of Ni ∼ Ntot
i is not practically relevant for 

scRNASeq.

QUANTIFICATION AND STATISTICAL ANALYSIS

All data analysis was performed in R-Studio v. 2024.12.0 Build 467 (Posit Software) using R v. 4.4.2, Seurat v. 5.2.0 3 and custom 

R code shared at https://github.com/sergeyleikin/sc-sp-RNASeq. All statistical tests were performed as described in the main 

text and Method Details: Theory section above. All t tests and weighted t tests were two-tailed with unequal variances. SigmaPlot 

v.13.0 (Systat Software) was utilized for generating all plots.
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