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Abstract

Rigorous experimental design, including formal power analysis, is a cornerstone of
reproducible RNA sequencing (RNA-seq) research. The design of RNA-seq experiments
requires computing the minimum sample number required to identify an effect of a
particular size at a predefined significance level. Ideally, the statistical test used for the
analysis of experimental data should match the test used for sample size determination;
however, few tools use the assumptions of the popular differential expression testing
framework DESeq2, and most opt for simulation-based rather than analytical
approaches. Grounded in the DESeq2 model framework, we derive sample size
requirements for both single-cell and bulk RNA-seq experiments delivered as a
web-based tool for power analysis, DEPower, available at
https://poweranalysis-fb.streamlit.app/|that makes rigorous RNA-seq study
design accessible to all researchers.

Analysis

Differential expression (DE) analysis is a ubiquitous part of transcriptomics workflows.
In a typical scenario, such an analysis involves constructing a statistical model for the
observed gene expression, encoding biologically interesting and incidental covariates,
such as the respective effects of a perturbation and the experimental batch, fitting the
model, and performing a series of null hypothesis statistical tests to identify genes that
display meaningful, high-magnitude differences in expression between the covariates
being tested. A wide variety of methods to perform DE testing are available [1H4], but
DESeq2, a software method originally published in 2014 [5], is particularly widespread
and considered a reasonable approach for count-based bulk and single-cell
transcriptomics [2,/6], with a robust body of literature interrogating its advantages and
caveats |7},8].

It is often of interest to estimate the experimental sample size necessary to detect a
difference of a particular magnitude. In spite of the breadth of studies and software
packages that provide relatively sophisticated numerical solutions to this
problem [1}/9-16], there are few analytical treatments [10,[17], and we are not aware of
any focused specifically on the model used in DESeq2. This is somewhat surprising,
because the approximate relationship between sample size, effect size, and statistical
significance may be derived as an elementary consequence of this model. In this brief
manuscript, we fill this lacuna and provide a web app to perform this analysis (Figure
). The approach incorporates the DESeq2 model by constraining the dispersion to a
range plausible at the expression level (Figure [Lp), producing test statistic (Figure [lk)
and p-value (Figure ) estimates concordant with the full DESeq2 analysis. By
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inverting the calculation under this set of assumptions, we identify the corresponding
domain of sample sizes.

Derivation

In the simplest scenario, a DESeq2 analysis involves a single binary covariate of interest.

The nominal p-value for a two-sided Wald test of a single parameter under the null
hypothesis Ho : 6 = 0 is 2 {1 By (\/m])}, i.e., VAT = 2,_ 2 at the two-sided

significance level a. v/, the test statistic, is the square root of the Wald statistic,
defined as

0 LFC

o) OLFC

V0 = (1)

In the context of gene differential expression testing, 0 is the estimated log-fold change
LFC. As LFC = I;ng;e, the value is approximately specified by the log, fold change
(Iofc) one is interested in detecting.

The value oppc is the standard error of the estimate. For a simple contrast with a
balanced design (n replicates per condition), and neglecting any variability in read

depths between replicates, the square of this quantity is approximately

n (W Wi
Hi
1+ pd’

11 1
Otpc = [ + ] , such that

(2)

%

The quantities Wy and Wi are per-sample Fisher information matrix contributions to
the estimate precision, and are computed by adjusting fitted means p; by the
gene-specific dispersion d. The fitted means are, in turn, obtained directly from the
log-fold change, such that p; = e"Cpy.

The theoretical dispersion curve is parametrized according to
d(ﬂ) =ao+ —, (3)

where [ is the average depth-normalized expression. The parameters ag and a; are
obtained from data. It is typical for the parameters to be d(1) ~ a; € [1,10] and
limj o0 d(f2) = ag € [1072,107!]. Therefore, a somewhat arbitrary but reasonable
choice is the logarithmic midpoint, yielding o = 1073/2, a; = 10'/2. For a given i, an
order-of-magnitude range of dispersions may be obtained by using d(j1) = o + %1, an
optimistic low-dispersion case d_ () = 10*1/265(;1), and a pessimistic high-dispersion
case d (i) = 10'/2d(q).

For the sake of thoroughness, we note that, by default, the dispersion is constrained
to the domain [1078, max(n, 10)]. The upper limit is generally most relevant in the
low-i domain. It is straightforward to solve the corresponding equation,

U%FC:1|:1+HMO+1+R/L1:|
n Ho H1 (4)
171 1 1(1 1
FEIE ) FRNEL I
n o H1 n o 1

which only provides a real-valued solution for oppc > v/2. In other words, if € is

below this threshold, the desired significance threshold cannot be satisfied at any finite
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a DEPower: DESeq2 Approximate Sample Size Calculator
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Fig 1. The computation procedure, its implementation, and its comparison to the
DESeq2 procedure.

a. The web-based calculator interface (left: user-defined inputs; right: computed sample
sizes and supporting visualizations).

b. Dispersion/expression relationship (points: dispersions inferred by PyDESeq2; blue
curve: genome-wide dispersion curve inferred by PyDFESeq2 based on data; red line and
region: plausible dispersion curve and region estimated by the heuristic procedure).

c. The relationship between intermediate statistics derived from the heuristic procedure
and PyDESeq?2 (points: statistics obtained using the typical-case curve indicated by a
red line in a; error bars: range of statistics obtained between the upper and lower
bounds of the region in a; red line: identity).

d. The relationship between p-values derived from the heuristic procedure and
PyDESeq?2 (points, top: p-values obtained using the typical-case curve indicated by a
red line in a; error bars, top: range of p-values obtained between the upper and lower
bounds of the region in a; points, bottom: values derived using the PyDFESeq2
dispersion estimate; left: nominal p-value, lower is more significant; right: —log;,
nominal p-value, higher is more significant; red line: identity; magenta line: o = 0.05).

February 5, 2026


https://doi.org/10.64898/2026.02.05.704084
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.02.05.704084; this version posted February 9, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

available under aCC-BY 4.0 International license.

sample size. However, this edge case only becomes relevant at d; =10or p~ 1, a
regime more appropriate for targeted methods, such as quantitative PCR.

It remains to estimate fi, which is the average of normalized counts across all
samples. Once again neglecting systematic depth variability, this quantity computed as

. potpr po

p=HoT i _ Ko Lrey. (5)
2 2

In the unbalanced case with ng and n; replicates per condition, the first line of

Equation [2] reads

otc = | —r— + — (6)
LFC ™= TL()WQ Tl1W1
and Equation [5] reads
_ Moo +Nif Ho LFC
= = ng + nie . 7
: no +ny noJrnl(O ! ) @)

In other words, to estimate the sample size required to achieve a particular nominal
p-value and log-fold change, one may

1. Find the requisite test statistic vV = z;_, /o for the a of interest.

2. Assume a particular log-fold change and solve for the standard error using
Equation

3. Assume a particular base expression level pg and use Equation [5] to solve for the
overall average fi.

4. Estimate the dispersion d based on Equation [3] optionally considering a domain of
dispersions.

5. Obtain weights W from the second line of Equation [2]
6. Finally, use the first line of Equation [2] to solve for the necessary sample size n.

In a genome-wide assay, one is typically interested in detecting expression changes in
multiple genes, requiring false discovery control. In the most conservative case, the
Bonferroni correction can be implemented by substituting the p of interest by p* = &,
where N is the total number of comparisons. However, DESeq2 natively uses the
Benjamini—-Hochberg procedure for false discovery rate control, such that an adjusted
p-value, Q) = %p(j), is compared against the predefined significance level «, where
7 =1,..., N denotes the rank of the p-value. This quantity cannot be estimated, as it is
dependent on the data, but the procedure may nevertheless be followed by using a value
p* = %p = ¢p, i.e., assuming the p-value is at quantile ¢ with respect to the rest of the
p-value distribution, where ¢ may be loosely approximated by a hypothetical fraction of
true non-null genes [1§].

This approach is sufficient for order-of-magnitude, back-of-the-envelope calculations.

For instance, if one is interested in designing a single-nucleus sequencing experiment to
investigate relatively high-expression genes (e.g., average expression > 0.1 molecules per
cell) in a rare cell type (e.g., 1% of cells in an experiment), the expected pseudobulk
expression in a 10,000-cell sample is 10. Identifying a logs fold change of 1 at a nominal
p-value threshold of 0.05 in this scenario would require 6 samples per condition (3/14
for the low-/high-dispersion cases). Assuming only some 10,000 genes are expressed
highly enough to analyze, achieving this level under the Bonferroni correction would
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require 28 samples (14/74). Finally, under the Benjamini-Hochberg procedure, coarsely
assuming ¢ = 0.1 for the genes under consideration, the experiment would require 22
(11/58) samples. In other words, even under the most optimistic assumptions of this
idealized scenario, achieving the desired level of statistical significance would require
dozens of samples. These study sizes may be unachievable or cost-prohibitive, implying
that standard “unbiased” single-cell RNA sequencing is insufficient to investigate this
cell population at the specified significance, and cell type enrichment is mandatory.

The accuracy of the heuristic procedure relies on the validity of its assumptions. The
neglect of read depth differences between conditions is an oversimplification, but
typically a minor one. On the other hand, the ad hoc dispersion estimation tends to
incur more severe errors. In Figure [Ib-d, we illustrate its performance on the “forward”
estimation problem on a small dataset quantifying the abundance of microRNAs in the
livers of thirteen-lined ground squirrels during winter torpor and summer [19], using
PyDESeq2, a Python re-implementation of DESeq?2, as a baseline [20]. The heuristic
dispersion estimate generally agrees with the trend inferred using the DESeq2 process,
although individual genes may lie outside these bounds (Figure [1p). The uncertainty of
the estimate can be propagated to the computed statistics (Figure )7 including the
p-values (Figure 7 top), which are broadly consistent with the full procedure. Using
the “true” dispersion estimate from PyDFESeq2 instead of the heuristic estimate, while
retaining the rest of the procedure, produces p-value estimates that are nearly identical
to those obtained by the full procedure (Figure , bottom). As discussed elsewhere,
one can avoid this procedure if pilot data are available [12[15], as such data can provide
more relevant estimates of the expression levels and the dispersion distribution.

The assumptions specific to the approximation are compounded with the usual
assumptions of null hypothesis statistical testing under the DESeq2 framework. In
particular, the Wald test relies on the asymptotic convergence of the test statistic to the
chi-square distribution, which is generally a reasonable assumption for moderate-to-large
sample sizes, but may be less reliable for smaller sample sizes. In addition, any use of
DESeq2 implicitly assumes that the negative binomial statistical model is appropriate
under the given comparison; if the model is violated, additional covariates (such as
distinct batches) are present, or outliers have been produced due to technical effects,
the effective sample size may need to be higher than predicted. Therefore, the results of
the sample size analysis should be seen as a lower bound under the ideal-case scenario.

Conclusion

In this report, we provide a simple strategy for estimating sample sizes necessary to
achieve a particular level of statistical power in RNA sequencing experiments,
presupposing that the planned downstream analysis uses the DESeq2 statistical model
and that the variability in data is within typical bounds. The procedure outlined here
may be adapted to specific circumstances based on the range of available experimental
data, or followed directly under the outlined assumptions.

Calculator

To facilitate experiment design, we provide the DEPower calculator that implements
the strategy at https://poweranalysis-fb.streamlit.app/, shown in Figure . To
compute the sample size, the user needs to specify the experiment design (bulk or
single-cell) and the variables; for bulk RNA sequencing, these include the base
expression g, statistical significance threshold «, log-fold change lyfc, and the false
discovery strategy. The calculator reports the sample sizes required to achieve the
desired level of significance using the order-of-magnitude estimates for dispersion
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outlined above. Additionally, to clarify the method assumptions, it visualizes the 140
dependence of the minimum achievable p-value on the sample size and the dependence 1a
of n on the dispersion. The open-source calculator is implemented and deployed using 1
Streamlit. 143

Methods "

To demonstrate the performance of the approximate method, we compare the statistics s

derived from this procedure to those obtained by the usual DESeq2 workflow, 146
implemented using PyDESeq2 0.4.8 |20]. In this largely qualitative illustration, we 147
attempt to characterize the effects of the simplifications on the results, using the 148

“forward” procedure — i.e., performing a statistical test using only the portion of the 149
available information relevant to experiment design — as a simple baseline that can be 1s0

immediately and intuitively compared to the results of the full workflow. In this 151
scenario, o is the average of raw counts in the summer condition and lxfc is somewhat 1
arbitrarily set to the log, fold change inferred by PyDFESeq2. 153

We obtained the read counts for mitochondrial microRNA profiles from the 154

Robichaud et al. study [19] from the Gene Expression Omnibus series GSE254223 and 155
filtered them for summer and torpid (TSL and TTL) thirteen-lined ground squirrels, 156
with eight animals disclosed per group. We used the default parameters to fit the data s

and perform statistical testing. 158
Figure [Ic compares the intermediate statistics obtained from the heuristic procedure 15
to those obtained by PyDESeq2. In the top left panel, we compare i obtained from 160

Equation [5| to that obtained by directly computing the average of normalized counts 161
(baseMean). In the top right panel, we compare the heuristic dispersion estimates (red 1
line and region in Figure [1p) to the ones obtained by the full inference procedure 163
(points in Figure , obtained by shrinkage toward the best-fit line indicated in blue). 16
These estimates are propagated to the standard error of the log-fold change, in base 2 15
units, using Equation [2| as shown in the bottom left panel, as well as the test statistic, 16

using Equation |1} as shown in the bottom right panel. The test statistic can be 167
transformed into an estimate of nominal p-value, as shown in the top panels of Figure s
[[d. As may be expected, the deviations from the p-value obtained through the full 160
procedure are overwhelmingly explained by the ad hoc dispersion estimate: if the 170
PyDESeq2 estimate is used, the results agree with the full procedure. 1
An aside on power analysis as a detector of scientific fraud 172
In addition to de movo design, this approach may be suitable for detecting research 173
fraud. Above, we discuss constraining sample sizes for a proposed experiment given a 17
particular p-value and effect size. Using the same mathematics, it is possible to 175
scrutinize published experiments and check whether extreme results — for instance, a 1
p-value of 1072%° at a log, fold change of 1 based on n = 3 samples — are 177
mathematically plausible, and provide supporting evidence for potential cases of 178
analysis errors or misconduct if not. However, this approach is unlikely to be broadly 179
fruitful for this use case, for the following reasons: 180
e The approach is considerably more challenging and requires more manual work 181
than the detection of other forms of scientific misconduct visible through 182
duplicated images, “tortured phrases” intended to bypass plagiarism detection, 183
irrelevant citations, or hallmarks of non-human writing [21H24]. 184

e Inconsistencies are suggestive, but not conclusive; for a gene with sufficiently high 1
expression and low dispersion, one could, in principle, achieve arbitrarily low 186
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p-values, in contrast to, e.g., the impossibility of achieving a mean of 1.25 by
averaging two integers [25]26].

e Intentional misconduct is not readily distinguishable from misuse of the statistical
tool, such as normalizing, transforming, and rounding data without adapting the
statistical test appropriately.

e Low-n analyses, where these constraints are relevant, are more frequent in studies
reporting and analyzing newly generated data; on the other hand, fraudulent
studies more frequently draw on large public datasets, such as The Cancer
Genome Atlas, with dozens or hundreds of replicates [27]28].

e In the single-cell sequencing field, the violation of statistical constraints is
typically the result of the improper interpretation of cells derived from the same
donor organism as independent biological replicates, or pseudoreplication,
frequently exacerbated by the lack of multiple hypothesis correction [29}30].

e The falsification of statistical test results is considerably more time-consuming,
and thus less plausible, than misrepresentation of the data used for the test. In
addition, data may be fabricated wholesale [31].

Given this context and the associated constraints, it does not appear that this
approach can be applied to the rapidly growing problem of research misconduct (23| at
the appropriate scale and level of confidence. Nevertheless, it may be of some value for
performing diligence checks on studies with far-reaching claims based on a small number
of samples, and implausible p-values may be an indicator that other statistical
procedures warrant scrutiny.

Data and code availability

A web app that implements the calculations outlined in this report is available at
https://poweranalysis-fb.streamlit.app/. A notebook that reproduces the
results shown in Figure [I] as well as the source code of the web app, are available at
https://github.com/Fauna-Bio/GGG_2026
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