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Differential expression has long been the default lens for comparing transcriptomes between conditions, but 

mean shifts alone can miss important biological signals. Using a recent debate on memory-associated tran

scriptome changes, this commentary highlights differential variability as an underappreciated axis for inter

preting transcriptome variation.

The rise of single-cell and spatial tran

scriptomics is transforming biomedical 

research, and while analytical ap

proaches are diverse, practice still cen

ters on a few standard perspectives. The 

prevailing approach for comparing bio

logical contexts (e.g., cell types or condi

tions) is differential expression (DE), which 

tests for shifts in mean gene expression. 

Yet this focus alone is often insufficient 

because it overlooks an equally informa

tive axis—differential variability (DV)— 

which captures changes in expression 

heterogeneity between contexts. DV can 

arise from mechanisms such as transcrip

tion-factor-driven expression pulses, 

chromatin-state switching, and shifts in 

cellular states.1,2 Considering DV along

side DE can reveal biology that mean- 

based tests miss.

A recent debate surrounding a study by 

Sun et al.,3 critiqued by Mukamel and Yu4

and defended by Sun et al.,5 provides a 

timely case study. The controversy cen

ters on the existence of DE genes associ

ated with long-term memory: Sun et al.3,5

reported DE genes in single-cell transcrip

tomic data analysis, whereas Mukamel 

and Yu4 argued that the findings did not 

meet rigorous statistical criteria. Here, 

we present a comprehensive reanalysis 

of this dataset to highlight the limits of a 

DE-centric view and show that incorpo

rating DV offers a more complete and 

rigorous interpretation of single-cell tran

scriptomic data.

Following analyses by the two groups in 

the debate (Sun et al.3,5 and Mukamel and 

Yu4), we examined transcriptomic differ

ences between the ‘‘fear training and 

recall’’ (FR) and ‘‘no fear’’ (NF) conditions 

in Targeted Recombination in Active Pop

ulations (TRAP)-labeled BLA.Int.Gpr88 

neurons. The two groups’ divergent re

sults stemmed from several factors: (1) 

using pseudobulk versus single-cell ana

lyses and (2) performing different statisti

cal procedures, particularly in whether 

multiple-testing correction is applied and 

whether gene preselection is performed 

on the same dataset prior to DE testing, 

as such preselection can inflate false pos

itives (Figure 1A). Motivated by these dif

ferences, we conducted an independent, 

expanded DE analysis on the same data

set in which we incorporated rigorous sta

bility assessments at both the pseudobulk 

and single-cell levels.

Mukamel and Yu4 aggregated single- 

cell data into pseudobulk profiles and, 

with a small cohort (4 FR vs. 7 NF mice), 

applied the nonparametric Wilcoxon 

rank-sum test, reporting zero DE genes 

at a false discovery rate (FDR) of 5%. 

We first asked whether limited statistical 

power at this sample size could explain 

the null result. Accordingly, we reanalyzed 

the pseudobulk data using two popular 

parametric DE methods, DESeq26 and 

edgeR,7 to check whether model-based 

approaches, which are generally more 

powerful statistically, could reveal any 

DE genes. Although DESeq2 reported 43 

DE genes at an FDR of 5%, a label-per

mutation analysis, which randomly shuf

fled the 4 FR and 7 NF labels across the 

11 mice, revealed that the findings were 

not reliable: DESeq2 frequently identified 

as many or more ‘‘DE’’ genes in the 

permuted datasets than in the original, 

and this indicates inflated false positives 

(Figure 1B). Furthermore, the lack of a reli

able DE signal was corroborated by addi

tional results: edgeR detected no DE 

genes, and after calibration by Nullstrap- 

DE,8 an add-on we developed to mitigate 

false positives arising from model misspe

cification (e.g., violations of the negative 

binomial assumptions in DESeq2 and 

edgeR), neither DESeq2 nor edgeR 

yielded any DE genes (Figure 1B).

In contrast to the pseudobulk 

approach, Sun et al.3,5 carried out DE 

analysis at the single-cell level. In our re

analysis, when we tested 3,574 genes, 

no genes met significance after multiple- 

testing correction at an FDR of 5% 

(Figure 1C), consistent with Mukamel 

and Yu.4 Sun et al.3,5 reported DE genes 

within a preselected panel of 56 genes; 

however, because that panel was defined 

from the same dataset using a log-fold- 

change filter, this introduces a risk of se

lection bias (also known as ‘‘double-dip

ping’’9) (Figure 1A). To assess whether a 

5% FDR threshold might simply be too 

conservative, we directly examined the 

functional annotations of the top 5% 

ranked DE genes without imposing FDR 

control. We also applied a stability selec

tion10 procedure to identify the consis

tently top-ranked 5% of genes (i.e., genes 

most frequently appearing in the top 5% 

DE set across subsamples) among all 
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Figure 1. A comparative analysis revealing the limitations of differential expression (DE) and the importance of differential variability (DV) in 

single-cell transcriptomic data analysis 

(A) Gene selection may inflate false discoveries in DE analysis. Left: distributions of nominal p values from Sun et al.3,5 (56 genes), which are highly concentrated 

near zero, and from Mukamel and Yu4 (3,574 genes), which are close to uniform. Middle: for the preselected 56 genes, multiple-testing correction using the 

Benjamini-Hochberg (BH) or Storey procedure is ineffective due to violation of correction assumptions that makes the adjusted p values as large as or even 

smaller than the unadjusted ones. Right: for all 3,574 genes, multiple-testing correction by either procedure behaves appropriately, with adjusted p values larger 

than the corresponding nominal values. 

(B) Pseudobulk-level DE analyses using DESeq2, edgeR, and Nullstrap-DE add-on—coupled with permutation-based sanity checks—suggest that no DE genes 

can be reliably detected; in particular, permutation reveals that DESeq2 detects spurious DE genes, which are removed by Nullstrap-DE calibration. 

(legend continued on next page) 
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3,574 genes. Gene Ontology (GO) enrich

ment analyses of both gene sets revealed 

no enrichment for memory-related pro

cesses, instead highlighting general 

cellular functions (e.g., ‘‘ribonucleoprotein 

complex biogenesis’’; Figure 1D). More

over, inspection of the single-cell profiles 

indicated that many genes previously re

ported as DE by Sun et al.3 show clearer 

differences in variability than in mean 

expression between FR and NF condi

tions for TRAP-labeled BLA.Int.Gpr88 

neurons (Figure 1I).

Taken together, these analyses across 

scales and methods indicate that this da

taset lacks statistically and biologically 

compelling DE signals and suggest that 

a DE-centric perspective is insufficient to 

characterize the transcriptomic differ

ences between FR and NF in TRAP- 

labeled BLA.Int.Gpr88 neurons.

Building on these results, we hypothe

sized that biologically meaningful changes 

in this setting may lie not in the mean but in 

the variability of gene expression. DV anal

ysis captures changes in variability that 

need not coincide with shifts in average 

expression1 and is particularly pertinent 

in complex neural systems, where tran

scriptional heterogeneity can be function

ally consequential.11 Accordingly, we per

formed DV analysis at the single-cell level 

rather than using pseudobulk, because 

(1) the extremely limited and uneven num

ber of cells contributed by each mouse 

makes mouse-level differential variance 

testing underpowered (Figure 1G), and (2) 

variance ratios estimated from pooled sin

gle-cell data are highly concordant with 

those from pseudobulk mouse-level ag

gregation, which indicates that there is 

no evident systematic bias between the 

two approaches at the point estimate level 

(Figure 1H). We then applied the Levene 

test12 at the single-cell level to assess 

whether gene-expression variance differs 

between FR and NF in TRAP-labeled 

BLA.Int.Gpr88 neurons.

The DV results provide a complemen

tary analytical perspective and a clear 

path to reconcile the prior debate. Our 

analysis identified 169 DV genes (FDR = 

5%; Figure 1E), including several genes 

previously highlighted by Sun et al.,3

such as Tac1 and Ramp1. Violin plots for 

genes overlapping between our DV set 

and the ‘‘DE’’ genes reported by Sun 

et al.3 show pronounced differences in 

expression variance between FR and 

NF, with minimal shifts in mean levels 

(Figure 1I). This overlap is presented for 

illustration and suggests that these previ

ously reported signals can be more reli

ably captured by variability rather than 

mean expression and should not be inter

preted as a validation of the original 

DE claims. These patterns remain after 

Winsorization at the 95th percentile, indi

cating that the observed variability 

differences are not driven by outlier cells 

(Figure S1A). To assess biological rele

vance, mirroring our DE workflow, we 

analyzed two sets of genes: (1) the 

top 5% ranked DV genes among the 

3,574 tested and (2) the top 5% genes 

identified by stability selection. We then 

performed GO enrichment analysis on 

both sets. In contrast to the functionally 

uninformative DE results, both DV 

gene sets, particularly the stability- 

selected set, were enriched for memory- 

related processes (e.g., ‘‘dendritic spine 

organization’’ and ‘‘long-term memory’’; 

Figure 1F). We further assessed the 

robustness of DV signals using leave- 

one-mouse-out and cell permutation ana

lyses. DV genes were consistently redis

covered across leave-one-mouse-out 

subsamples but rarely under permutation; 

this indicates that the signal is not driven 

by individual mice or random, condition- 

irrelevant variability (Figures S1B–E). 

Together, these findings indicate that DV 

analysis captures the primary signal in 

this dataset and suggest that variability, 

rather than mean expression, is the key 

transcriptomic difference between FR 

and NF.

In summary, our reanalysis of the data

set at the center of the Sun et al.3,5 and 

Mukamel and Yu4 debate underscores 

three lessons for transcriptomic data anal

ysis. First, statistical analysis should be 

guided by the hypothesis being tested, 

rather than by the a priori assumption of 

a particular type of signal; for example, 

DE tests for shifts in mean expression, 

whereas DV tests for changes in expres

sion variation across cells. Evaluating 

both can provide a more comprehensive 

view of the data. Second, our findings offer 

a partial reconciliation of the debate: DV 

analysis confirms the biological relevance 

of several genes reported by Sun et al.,3

while simultaneously affirming Mukamel 

and Yu’s4 emphasis on statistical rigor— 

specifically the need to control the FDR, 

avoid gene preselection (double-dipping), 

and conduct robust analyses. Third, our 

results demonstrate that DV is not merely 

a technical alternative but an underappre

ciated and essential axis of transcriptomic 

variation, one that can reveal biologically 

meaningful insights missed by DE- 

focused approaches. This case study illus

trates the power of aligning the analytic 

perspective with the underlying biology 

and emphasizes that new insights often 

emerge when we look beyond the conven

tional axis of mean differences.

Methods

The processed single-cell RNA- 

sequencing (RNA-seq) gene expression 

data were downloaded from GEO (GEO: 

GSE246147). Cell annotations for neuron 

subtypes, including BLA.Int.Gpr88 and 

others, were kindly provided by Dr. Wen

fei Sun. Following Sun et al.,3 TRAPed 

(tdT+) ‘‘engram’’ neurons were identified 

by applying a threshold of log-normalized 

tdT expression greater than 1. We 

focused on the TRAPed BLA.Int.Gpr88 

neurons, which yielded a total of 70 cells 

(C and D) (C) Single-cell-level DE analysis using the Wilcoxon rank-sum test identifies no DE genes at an FDR threshold of 0.05. ‘‘NS’’ stands for non-significant 

genes. (D) Single-cell-level DE analyses show that the top 5% of genes, whether ranked directly by the Wilcoxon rank-sum test or via subsampling-based stability 

analysis, are not enriched for long-term memory-related functions, even without FDR correction. 

(E and F) (E) Single-cell-level DV analysis using the Levene test identifies 169 DV genes at an FDR threshold of 0.05, many of which overlap with those originally 

highlighted by Sun et al.3,5 ‘‘NS’’ stands for non-significant genes. (F) The top 5% of genes, selected either by the Levene test or by subsampling-based stability 

analysis, are both enriched for memory-related GO terms, with the latter showing stronger and more specific enrichment for long-term memory. 

(G) Number of TRAP-labeled BLA.Int.Gpr88 neurons contributed by each mouse in the FR and NF conditions, highlighting the limited per-mouse cell counts. 

(H) Concordance between variance ratios (FR vs. NF) estimated from pooled single-cell data and from pseudobulk mouse-level aggregation, with the relationship 

approximated by a diagonal line passing through the origin, indicating no evident systematic bias between the two approaches. 

(I) Violin plots of DV genes identified by the Levene test that overlap with the significant genes reported by Sun et al.3,5 For each gene, the distributions of log- 

normalized expression levels in cells from the NF and FR conditions are shown. The BH-adjusted p values for DE (Wilcoxon rank-sum test) and DV (Levene test) 

are indicated above each plot.
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(45 FR and 25 NF). Pseudobulk-level data 

were generated by aggregating single- 

cell-level data at the individual (mouse) 

level, which resulted in 11 samples (4 FR 

and 7 NF).

For direct comparison with Sun et al.3,5

and Mukamel and Yu,4 we applied the 

same gene prefiltering criteria as Muka

mel and Yu,4 retaining the 3,574 genes 

with a maximum normalized expression 

(counts per million) greater than 600 in at 

least one cell. This gene set also approxi

mately matches the genes analyzed in 

Figure 2E of Sun et al.3

For pseudobulk-level DE testing, we 

used DESeq2 (version 1.48.1) and edgeR 

(version 4.6.2) implemented in R. For sin

gle-cell-level DE testing, we applied the 

Wilcoxon rank-sum test using the wil

cox.test function from the stats package 

(version 4.5.0). Single-cell-level DV 

testing was performed using the Levene 

test, implemented via the leveneTest 

function in the car package (version 3.1- 

3). GO enrichment analysis was conduct

ed with the clusterProfiler package 

(version 4.16.0), using the enrichGO func

tion with ontology set to ‘‘BP’’ (biological 

process). Gene sets with a Benjamini- 

Hochberg-adjusted p value < 0.05 were 

considered significant.

Data and code availability

The processed single-cell RNA-seq 

gene expression data were downloaded 

from GEO (GEO: GSE246147). Cell an

notations for neuron subtypes, including 

BLA.Int.Gpr88 and others, were kindly 

provided by Dr. Wenfei Sun. The source 

code and data for reproducing the ana

lyses presented here are available 

at https://doi.org/10.5281/zenodo.1999 

1665.
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