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Abstract

Cell-type-specific gene co-expression networks are widely used to characterize gene relationships. Although many methods have been
developed to infer such co-expression networks from single-cell data, the lack of consideration of false positive control in many evaluations
and downstream analyses may lead to incorrect conclusions because higher reproducibility, higher functional coherence, and a larger
overlap with known biological networks may not imply better performance if the false positives are not well controlled. In this study, we
systematically compared two distinct criteria for selecting correlated gene pairs from single-cell data, p-value versus correlation strength.
We found that the use of p-values instead of correlation strength is more robust for both selecting meaningful gene pairs and for the
fair benchmarking of co-expression estimation methods. To make this approach universally applicable, we extended and validated a
simulation method that can efficiently and reliably generate empirical p-values for co-expression estimation methods that do not have
corresponding or well-controlled p-values. Furthermore, we demonstrated that a fair comparison of the estimation methods requires
adjusting for the varying number of gene pairs they identified and accounting for the inherent expression-level biases within ground truth
biological networks. Our study provides a practical guide for researchers to select reliable correlated gene pairs for downstream study and
establishes a more rigorous standard for the evaluation and comparison of gene co-expression network estimation methods.
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Background

more robust, a formal comparison to quantify the practical difference

With the development of single-cell technology and the potential of ~ between these two approaches is lacking in the context of cell-type-

inferring cell-type-specific gene co-expression networks from these
data to understand relationships among genes, many methods have
been developed for estimating such networks through single-cell RNA-
sequencing (scRNA-seq) data. These methods typically result in a
dense network with a value for each possible gene pair. Therefore,
the accurate identification of co-expressed gene pairs from the ini-
tial network is a critical step for downstream analyses and method
benchmarking. However, this post-selection step introduces two key
challenges. First, there is no consensus approach for selecting truly
co-expressed gene pairs. Second, there is no standard for the fair
comparison of the gene co-expression estimation methods.

There are two commonly used approaches for selecting correlated
gene pairs in real data analysis, p-value-based and correlation-
strength-based. The correlation-strength-based approach selects
correlated gene pairs based on the estimated correlation strength, and
is more commonly used because of its convenience [1-8]. However,
the correlation-strength-based approach does not consider false
positive control. Although a p-value-based approach is theoretically

specific single-cell analysis to the best of our knowledge. Furthermore,
a rigorous p-value-based approach is hampered by the fact that
many methods do not provide p-values (e.g. propr [9]) or the p-
value is not well-controlled (e.g. Pearson/Spearman correlation on
log-normalized data, Noise Regularization [6], and Pearson correlation
on the analytic Pearson residuals [10]) as shown in Su et al. [11]. These
issues are further complicated during method evaluation. Standard
benchmarks are often biased not only because different methods
identify widely varying numbers of correlated gene pairs, but also
because the biological databases used as ground truth can have their
own expression biases, making direct comparisons unfair.

To address these critical gaps, we propose a unified, p-value-driven
framework for post-selecting and evaluating cell-type-specific gene
co-expressions. We first establish our primary finding that p-value-
based thresholding is superior to correlation-strength-based thresh-
olding using one exemplar of the co-expression network estimation
method, which uniquely provides both estimates and well-calibrated
p-values (Section 2.1). To generalize this finding, we address the lack of
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well-calibrated p-values in other co-expression estimation methods by
generating empirical p-values. To do this robustly, we first conduct a
benchmark of simulation methods and identify scSimu as the optimal
choice for this task (Section 2.2). Next, using scSimu to generate well-
calibrated empirical p-values for all methods, we generalize our initial
finding in Section 2.1 (Section 2.3). Finally, we extend this frame-
work to enable fair method comparison, introducing a necessary
adjustment that accounts for method-specific differences in statistical
power (Section 2.4). Our work provides both a practical workflow for
researchers and a more rigorous standard for the benchmarking of
gene co-expression estimation methods.

Results

A lack of type I error control in identifying correlated
gene pairs can lead to misleading results

In this section, we demonstrate the critical need for using p-values
to control false positives in the evaluation of gene co-expression
network estimation methods. We focused our analysis on CS-CORE,
a method that provides well-calibrated p-values for cell-type-specific
gene co-expressions [11]. Because we do not know the ground truth of
correlated gene pairs in real data, we used simulations that mimicked
real data to better understand the impact of appropriate control of
false positives (see Methods for details). For the evaluation measures,
we focused on two most commonly used ones, reproducibility [1, 4,
5, 12] and overlap with known biological networks (STRING [13] and
Reactome [14]) [1, 2, 4, 6, 7, 15].

We used these simulations to directly compare the performance
of the correlation-strength and p-value-based approaches. In the
correlation-strength-based approach, selecting a larger number of
top pairs leads to higher reproducibility and more overlaps with
biological networks (Figs 1A and 1F). However, it may include more
false positives. As shown in Figs 1A and 1F, an increasing number
of reproducible pairs and a higher number of overlaps with STRING
are both associated with a lower precision. We also observe higher
reproducibility and more overlaps when the p-value-based approach
with a less stringent cut-off is used (Figs 1B and 1G), but there is a less
decline in precision (Figs 1B and 1G).

To understand the influence of these false positives in the
evaluation process, we investigated the proportion of misidentified
reproducible pairs (see Methods for details). As expected, there is an
increased proportion of misidentification with a growing number
of gene pairs selected (Fig. 1C). We find that the proportion of
misidentified reproducible pairs based on p-value-based approach
is much lower than that based on the correlation-strength-based
approach (Fig. 1D). The results are similar to those comparing overlaps
with STRING (Figs 1H-I) and overlaps with Reactome (Fig. S2). Even
though the correlation-strength-based approach has a much higher
number of reproducible pairs and overlaps with known biological
networks, the large discrepancy in precision and proportion of
misidentification at different thresholds necessitates more careful
threshold selection. Additionally, variations in the density and
magnitude of the correlation matrix across datasets further complicate
threshold selection, making applying the same threshold to different
datasets questionable.

As shown in Fig. 1, there is a potential trade-off between the
proportion of false identification and the number of true reproducible
pairs or true overlaps with known biological networks, i.e. a lower

proportion of false identification may correspond to a lower number
of true reproducible pairs or true overlaps. To better quantify this,
we compared the number of true reproducible pairs identified by the
correlation-strength-based approach and the p-value-based approach,
ensuring that their proportions of false identifications are the same
in Fig. 1E. This comparison is functionally equivalent to a precision-
recall analysis and further supports that selecting correlated gene
pairs based on p-value is better than that based on correlation
strength. Similarly, we observe a higher number of true overlaps with
known biological networks when using the p-value-based approach
(Figs 1] and S2E).

A validated simulation to enable p-value selection
across all methods

While our results demonstrated the superiority of using p-value-
based approach, its practical application is often limited as many co-
expression estimation methods do not provide p-values. Among those
that do, p-values are often derived from theoretical null distributions,
such as the Student’s t-distribution, which may not be suitable for
sparse and complex scRNA-seq data. This is further supported by
Su et al. [11], which examined the p-value distribution of many co-
expression estimation methods on permuted single-cell RNA count
data. It was found that only Normalisr [16], Pearson correlation on the
sctransform normalized data [17], and CS-CORE have well-calibrated
type I errors [11].

Even though Pearson correlation on sctransform normalized data
was shown to have well-calibrated type I errors, the p-values are
derived from a theoretical Student’s t-distribution. As shown by ¢ =
:/%’ this p-value only depends on the correlation coefficient (1)
and the number of single cells used (n). This means that two gene
pairs with the same r and n will yield identical p-values, regardless
of other inherent differences in their expression distributions, such as
mean and variance (Figs S3A and S3B). There are similar concerns for
the Spearman correlation. Therefore, a data-driven empirical p-value,
which can account for these specific data characteristics, is necessary
to provide a more robust and appropriate measure of statistical signif-
icance. To address this need, we employed a simulation-based frame-
work to generate well-controlled empirical p-values, thereby enabling
a rigorous and significance-based selection for any co-expression
estimation methods.

Many methods have been developed for simulating count data in
the context of scRNA-seq. Crowell et al. [18] found that ZINB-WaVE
[19] and scDesign2 [20] were the top two methods for simulating data
containing cells from a single batch and cluster. In another benchmark
paper, ZINB-WaVE and SPARSim [21] were found to exhibit greater
similarity to the original data in terms of both data properties and
biological signals [22]. More recently, scDesign2 has been further
developed into scDesign3 [23]. Even though these methods can closely
mimic real data, some limitations exists. ZINB-WaVE [19] does not
consider the correlation structure, whereas scDesign2 [20] and scDe-
sign3 [23] are computationally demanding requiring several hours
for a single simulation (Figs 2C and 2D). SPARSim’s [21] assumption
of a fixed sequencing depth per cell is a key limitation, as this does
not align with the stochastic nature of sequencing in real datasets.
Therefore, we introduce scSimu (Single-Cell SIMUlation), an improved
and extended version of the simulation method used in our previous
publication [11] (see Methods for details), which serves as an accurate
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Figure 1 Comparison of correlation-strength and p-value-based approaches for selecting co-expressed gene pairs. Using results from CS-CORE, the
performance of the correlation-strength-based and the p-value-based approach was evaluated by reproducibility (A-E) and overlap with the STRING
database (F-)). A-B. Total number of reproducible pairs (blue bars, left y-axis) and precision (red line, right y-axis) for the correlation-strength (A) and
p-value (B) approaches. The x-axis represents the number of top pairs selected by correlation strength or the p-value cutoff. (Precision in PNAS data

can be found in Fig. S1) C-D. Number of true reproducible pairs (blue bars, left y-axis) and the proportion of misidentified pairs, 1-%

(red line, right y-axis). E. Direct comparison of the number of true reproducible pairs versus the proportion of misidentified pairs. F-G. Total number of
overlaps with the STRING and precision for the correlation-strength (F) and p-value (G) approaches. H-I. Number of true overlaps with STRING and the
proportion of misidentified overlaps for the correlation-strength (H) and p-value (I) approaches. J. Direct comparison of the number of true overlaps
versus the proportion of misidentified overlaps.

and efficient tool for evaluating co-expression networks by simulating Based on its balance of accuracy and computational efficiency, we
realistic ScCRNA-seq count data under the null hypothesis. selected scSimu as the null data generator for our p-value framework.
To validate the accuracy of scSimu in mimicking real data, we To provide a further validation for this purpose, we examined the
benchmarked its ability to simulate both independent and correlated distribution of empirical p-values of independent gene pairs from a
genes against a total of 13 other simulation methods (Table S1; see scSimu generated real data simulation. As shown in Fig. 3, the result-
Methods for details). As a baseline check, we first confirmed that ing p-value distribution for independent gene pairs almost aligns with
all simulation methods in the independent comparison successfully a Uniform(0,1) distribution. Furthermore, this holds true for all seven
generated a null dataset of independent genes (Table S2 and Fig. S4). As gene co-expression estimation methods we considered, regardless of
shown in Figs 2A and 2B, scSimu, SPARSim, and scDesign3 achieve the whether they originally provided p-values. This demonstrates that
greatest similarity with real data for both tasks. This is in line with the scSimu provides effective and consistent control over type I error,
observation of Song et al. [23] that scDesign3 had better performance making it a reliable tool for generating the empirical p-values needed
and that of Cao et al. [22] where SPARSim was the second best method. to test for significant co-expression.
However, ZINB-WaVE, the best method in two benchmark papers
[18, 22], is not among the top three methods in our comparisons.
Our benchmark exclusively evaluates methods on data from droplet-
based technologies, as their high throughput and cost-effectiveness
make them widely used in the field. The model assumption for scRNA- ~ To determine if the superiority of the p-value approach is a general
seq data differs across sequencing platforms. For example, a zero- principle, we extended our comparison to several other co-expression
inflated model is used for the Smart-Seq data [24, 25]. In the two estimation methods. In Section 2.1, we showed that a p-value-based
benchmark papers [18, 22], different types of scRNA-seq data were approach is better than the correlation-strength-based approach
considered, likely contributing to conclusions that were inconsistent ~ under CS-CORE. In this section, we extended this argument to a more
with ours. Although scSimu, SPARSim, and scDesign3 show similar general case by comparing the correlation-strength-based approach
performance, SPARSim’s generating mechanism is unrealistic and and the p-value-based approach using empirical p-values for six
scDesign3’s extensive computational time makes it impractical for additional methods, including propr, Noise Regularization, Pearson
simulating null distributions (Figs 2C and 2D). Separated results for ~ correlation on log-transformed data (Pearson), Spearman correlation
the KDE and KS tests (Fig. S5) confirm these findings. on log-transformed data (Spearman), Pearson correlation on the

p-value-based approach consistently outperforms and
avoids benchmark distortions
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4.4,

analytic Pearson residuals (Analytic PR), and Pearson correlation
on the normalized data obtained via sctransform (sctransform). We
also included CS-CORE using empirical p-values to further test if
the previously drawn conclusion is specific to CS-CORE provided
p-values.

The results are consistent with the findings from Section 2.1. For
every method tested, the correlation-strength-based approach identi-
fies alarger number of reproducible pairs and overlaps with biological
networks, but at the cost of significantly lower precision and a higher
proportion of misidentified pairs (Figs 4, 5, 6, S7, S8, and S9). In
addition, the proportion of misidentification is especially high for
certain gene co-expression estimation methods (Fig. 4D). This finding
indicates that some gene co-expression estimation methods, when
using a correlation-strength-based approach, may seem artificially
more effective due to not accounting for false positives. We estimated
empirical p-values through scSimu and evaluated the p-value-based
approach. Conversely, the p-value-based approach consistently main-
tains a lower proportion of false identifications, even when the p-
value cutoff is relaxed to select more pairs (Figs 4, 5, 6, S7, S8, and S9).
We further validated these results using a cell-type-specific TF-target
database and observed similar phenomena (S10 and S11). This con-
firms that the advantage of using statistical significance to control for
false positives is a robust and generalizable finding, not specific to a
single co-expression estimation method.

Without considering the p-value in selecting correlated gene pairs
can also affect the benchmark results across gene co-expression
estimation methods. The ranks of estimation methods at the same

cutoff vary substantially in the number of reproducible pairs and
the number of true reproducible pairs when we use the correlation-
strength-

based approach (Figs4A and 4C), i.e. a method that exhibits the
highest reproducibility may not be the best method since many of
the reproducible pairs may be false positives. On the contrary, the
ranks are rather consistent when we use the p-value-based approach
(Figs 4E and 4G). We observe the same pattern through overlaps with
known biological networks (Figs 5 and S7). Our observation also
explains the inconsistent results between the benchmark study of
gene association estimation methods conducted by Skinnider et al.
[1], which found propr to be superior, and the study conducted by Su
etal [11] where propr did not perform well, due to the lack of controls
of false positives. Our study highlights the importance of considering
statistical significance in gene pair selection. By selecting correlated
gene pairs based on the p-value, as we demonstrated above, more
reliable evaluation results can be achieved.

We further compared the two approaches for selecting correlated
gene pairs using real data, focusing on oligodendrocytes and excita-
tory neurons in the ROSMAP data. To perform the comparison, we
calculated the number of shared Gene Ontology (GO) terms for gene
pairs identified exclusively by either the p-value-based approach or
the correlation-strength-based approach. A higher number of shared
GO terms indicates a stronger likelihood that two genes are correlated.
Overall, gene pairs uniquely identified by the p-value-based approach
exhibit a higher number of shared GO terms, suggesting that the p-
value-based approach identifies more reliable correlated gene pairs
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(Figs 7 and S12). Furthermore, through clustering analysis of the iden-
tified correlated gene pairs in excitatory neurons, we found that the
p-value-based approach identifies gene clusters more directly related
to the excitatory neuron functions (Fig. S13).

Consideration of the overlap by chance and bias in the
biological networks in the evaluation process

The p-value-based approach will cause a large discrepancy in the
number of identified correlated gene pairs between different estima-
tion methods. This introduces a critical bias in performance evalua-
tions, as methods that identify more pairs will have a higher chance
of random overlap with known biological databases or results from
other replicate datasets. Therefore, a fair comparison necessitates an
adjusted framework that normalizes for these differences to account
for this statistical artifact.

In addition to the statistical artifact of random overlaps, a fair
evaluation is further complicated by a previously overlooked issue,
the inherent expression bias within the biological databases that com-
monly used for validation. We observe that the known biological net-
works are biased toward genes and gene pairs with certain expression
levels. To illustrate this, we calculated the average expression levels of
the genes based on the lung dataset [26]. We contrast the expression
levels of genes within biological networks versus the other genes and
find that genes in biological networks are biased toward a higher
expression level (Fig. 8A and 8D). We further consider pair-level bias.
We established the background expression level for gene pairs by
calculating the geometric mean of the expression levels for every

possible combination, using the genes present in the biological net-
work. As shown in Figs 8B and 8E, the genes in the biological network,
which are already biased in expression levels, exhibit an additional
tendency toward higher expression at the pair level. Although there
is a general tendency for genes and gene pairs in known biological
networks to have higher expression levels, the degree of such bias
varies across datasets. For example, while there is an expression bias
across a broad range of genes for the lung dataset (Fig. S14), the bias
is negligible for the top 1000 or 5000 genes in the ROSMAP dataset
(Figs S15 and S16). This dataset-specific nature of the bias means that
a one-size-fits-all correction is inadequate and necessitates a more
flexible approach.

To address the biases from both random overlaps and expres-
sion levels, we developed a flexible adjustment strategy based on a
stratified hypergeometric model. This model allows us to estimate
the expected number of random overlaps and its standard deviation
after accounting for expression-level bias, ultimately providing a stan-
dardized Z-score for evaluation. We first categorize gene pairs into k
expression bins based on their mean expression levels. Within any
given bin i, the number of overlaps that would occur by chance can be
modeled precisely. Let n; be the total number of gene pairsin bin i, b; be
the number of those pairs that are in the known biological network,
and c¢; be the number of identified correlated gene pairs. Then, the
number of random overlap with the biological network in bin i fol-
lows a hypergeometric distribution, Hypergeometric(n;, b;, ¢;). The total
expected random overlap and its variance can be calculated by sum-
ming the expectations and variances from all k bins as the sampling
process is independent across bins. From this, we derive a Z-score that
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quantifies the significance of the observed overlap, corrected for both
the total number of identified pairs and expression bias.

Our adjustment strategy is designed to correct for two distinct
sources of bias. Therefore, we demonstrate its importance in a two-
step comparison. First, we compared the observed overlap counts of
different methods with their calculated non-stratified Z-scores, which
were generated without adjusting for expression level bias. As shown
in Figs 8C and 8F, a naive comparison based on observed overlap
counts can be misleading. For example, while CS-CORE with empirical
p-values identifies the highest number of overlaps with known bio-
logical networks, its Z-score is not among the top-ranked. This occurs
because a larger set of identified gene pairs inherently increases
the chance of random overlaps, confirming that an adjustment for
network size is crucial for a fair comparison.

We next demonstrate the necessity of our stratified approach for
correcting expression-level bias by comparing its results to those from
a non-stratified Z-score. When there is no apparent expression bias in
a dataset, both the stratified and non-stratified approaches produce

consistent method significance and rankings (Figs S17A and S17B).
However, in the presence of strong expression bias, the stratifica-
tion step becomes critical for an accurate evaluation. Applying our
expression level adjustment has a significant impact on the evalua-
tion outcomes. As shown in Fig. 8F, the Z-scores for some methods
become statistically insignificant, and the overall ranking of the meth-
ods changes. This demonstrates that the stratified approach is essential
for disentangling a method’s true performance from the confounding
effects of expression bias in validation databases. Furthermore, we
found that this adjustment is robust to the choice of interval size
(Fig. $18).

The flexibility of our stratified framework allows it to be applied to
other evaluation metrics, such as reproducibility. To demonstrate this,
we compared the observed number of reproducible pairs between
the ROSMAP and PNAS datasets with the Z-scores. The results again
show that the raw counts can be misleading. While the Spearman
method identifies a high number of reproducible pairs, its Z-score is
comparable to that of other methods (Fig. S17C). Furthermore, some
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co-expression estimation methods are inherently biased towards
finding correlations among highly-expressed genes (Fig. S19). Our
stratified adjustment corrects for this by evaluating performance
within different expression bins, providing a much fairer test. As
seen with the Spearman that has a more obvious expression bias
(Fig. S19), its Z-score drops more after our adjustment is applied
(Fig. $17C).

Discussion

In this study, we first established that, for cell-type-specific analysis
of scRNA-seq data, selecting correlated gene pairs based on p-values
is a more robust and biologically meaningful approach than relying
on correlation strength. This is because p-values, unlike correlation
strengths, provide a statistical measure of confidence that accounts
for both the effect size and the variability of the data. Our initial
results confirm that a p-value-based selection consistently yields a
higher proportion of true positives for CS-CORE. However, the prac-
tical application of this is limited, as many co-expression estimation
methods either do not provide p-values or provide ones that are not
well-controlled. To overcome this, we proposed scSimu, an accurate
and efficient simulation method that can generate reliable empirical
p-values for any co-expression estimation methods. This enabled us
to demonstrate the superiority of the p-value-based approach across
all estimation methods, and provide a universal and accessible frame-
work to move beyond simple correlation strength and identify more
robust correlated gene pairs.

Building on this p-value-based foundation, we next addressed the
challenges in the fair method comparison. A simple comparison of
overlaps is often misleading, as a method that identifies a larger
number of gene pairs will have a higher chance of random overlaps.
Furthermore, we illustrated the potential expression bias in the val-
idation databases. To correct for both of these confounding factors,
we proposed a stratified hypergeometric model to ensure that the
methods are evaluated by their true ability to detect co-expressions,
rather than artifacts.

However, some limitations should be noted. First, the validation
of scSimu was primarily performed on the droplet-based scRNA-
seq data. Although we demonstrated its applicability to plate-based
data like Smart-seq (Fig. S21), a more extensive benchmark across
a wider range of simulation methods, protocols and datasets would
further evaluate its generalizability. Second, our empirical p-value
approach, while robust, is computationally expensive (More details
can be found in Fig. S22). This may make it less practical for co-
expression methods that already have extensive running times, for
example, baredSC [27] and 1ocCSN [28]. Third, our framework is not
compatible with methods that rely on quantile normalization, such as
SpON [7], as this transformation alters the data distribution in a way
that makes the simulated null data incomparable to the observed data.
Finally, while our stratified model mitigates the impact of expression
bias in validation databases, we still recommend considering diverse
evaluation metrics as it is still unknown whether this bias is an artifact
or represents real biology.

Ultimately, our study provides a rigorous workflow for co-
expression analysis (Fig. S23), moving from the initial principle of
p-value superiority to a comprehensive framework for robust gene
pair selection and unbiased method benchmarking. By providing
both a practical guide and a new standard for evaluation, we hope

to improve the reliability of co-expression analysis in the single-cell
genomics fleld.

Methods
Datasets and preprocessing

Our study utilized three droplet-based datasets, including two
single-nucleus RNA-sequencing (SnRNA-seq) datasets of the human
prefrontal cortex from the ROSMAP cohort [29] and a study by
Lau et al [30] (PNAS), and one scRNA-seq dataset from lung tissue
[26]. To ensure consistency, we restricted our analysis to control
subjects from each study. Detailed preprocessing steps are provided
in Supplementary Note S1.

Biological networks. We obtained the human protein-protein
interaction network from STRINGv12 [13], filtering for interactions
with a combined score greater than 500. The other biological network
we considered was a pathway database, Reactome [14]. By combining
each pair within the same pathway, we constructed an interaction net-
work [1]. We also utilized the CollecTRI database [31] to generate a cell-
type-specific TF-target reference by subsetting for oligodendrocyte
marker genes identified from ROSMAP single-cell data, with additional
details provided in Supplementary Note S1.

GO terms. The genes’ GO terms were obtained from the R package
biomaRt version 2.58.0.

scSimu

For celliand gene j, scSimu simulates the observed count, x;;, from the
following distributions,

zjj ~ F; = Gamma(a;, ), )

Xijlzijg ~ Poisson(sl-zl-j),

where z;; is the corresponding relative underlying expression, e; is
the dispersion parameter, p; is the mean expression, and s; is the
sequencing depth. We model the dependence structure between genes
at the relative underlying expression level using a copula, which
can introduce the dependence among genes while preserving the
marginal distributions. Based on Sklar’s theorem, the joint cumula-
tive distribution function (CDF) of the relative underlying expression
for p genes can be written as Fzy,....2p) = C(F1zZ0), - - -, FpZip)),
where C(-) is a copula. By employing a Gaussian copula with a target
gene correlation matrix R, this relationship is defined specifically as
Fzy,...,2p) = <I>R(<I>*1(F1(Zi1)),...,<I>*1(Fp(zl-p))), where @ is the
CDF of multivariate normal distribution with mean vector zero and
covariance matrix equal to the correlation matrix R, and &1 is the
inverse CDF of standard normal distribution. Therefore, we can use
an inverse procedure to generate a multivariate distribution with the
specified correlation structure and marginal distributions.

Compared with the simulation method used in our previous publi-
cation [11], here we updated the Gaussian copula process to allow for
the case that the correlation matrix is not positive semi-definite given
that some gene co-expression estimation methods sacrifice positive
semi-definite to accommodate the noise and sparsity in scRNA-seq
(e.g. CS-CORE, SpQN). Additionally, after applying a threshold based on
significance or correlation strength, a positive semi-definite correla-
tion matrix may no longer remain positive semi-definite. Our updated
Gaussian copula process addresses this by employing eigendecompo-
sition to replace any negative eigenvalues with zero. This procedure
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provides a simulation with a correlation structure that is more similar
to the true one compared to our previous method of iteratively adding
small values to the diagonal (Fig. S20). In addition, unlike methods
such as SymSim [32], ZINB-WaVE, powsimR [33], and muscat [34],
scSimu preserves all original genes and cells in the output, which is
critical for accurate downstream comparisons.

The detailed simulation procedures and the zero-inflated model are
described in Supplementary Note S2.

Benchmark simulation methods

To evaluate the performance of different simulation methods, we com-
pared the simulated data with real data from eight data summaries:

* Mean(logCPM): mean expression of genes estimated via log-
normalized data.

* Var(logCPM): variance of genes estimated using log-normalized data.

* Coefficient of variation: ./Var(logCPM)/Mean(logCPM).

¢ Zero fraction (cell): fraction of cells with zero counts.

* Zero fraction (gene): fraction of genes with zero counts.

¢ Library size: total gene counts per cell.

* Cell correlation: Spearman correlation between cells based on
log-normalized data. The number of cells used to estimate cell
correlation was capped by 500.

* Gene correlation: correlations estimated by CS-CORE for the top
1,000 highly expressed genes determined by Mean(logCPM).

To quantify the similarity between simulated and real data dis-
tributions, we employed both Kolmogorov-Smirnov (KS) and Ker-
nel Density Estimation (KDE) tests. These tests offer complementary
insights, with the KS test measuring the largest discrepancy between
distributions and the KDE test assessing overall divergence. To ensure
comparability across different datasets and metrics, KS and KDE statis-
tics were min-max normalized separately by dataset and metric, then
averaged to combine them. The overall performance of each simu-
lation method was evaluated based on the mean score across eight
data metrics. Comprehensive details and the benchmark for Smart-
Seq data simulation are presented in Supplementary Note S3.

Empirical p-value estimation

The empirical p-values were estimated in three steps. (1) Generate k
independent datasets corresponding to the real data using scSimu and
estimate the correlations. For each gene pair, gather k estimates from
these independent datasets alongside one from the real data. (2) Esti-
mate the mean pg and variance Uoz of these k estimates for each gene
pair. (3) The empirical p-value is calculated using a normal distribution
with the estimated mean and variance, where the p-value = P(1X| >
|Estimate,p,|) and X ~ N(uo,ag). See Supplementary Note S4 for the
analysis of type I error control.

Evaluation of estimated gene co-expression networks

To compare the performance of p-value-based and correlation-
strength-based approaches, we generated synthetic datasets with
known ground truth based on oligodendrocytes from ROSMAP and
PNAS control subjects. We created a sparse ground truth by setting
weak correlations to zero in the real data and simulating new counts
using scSimu. We then estimated co-expression networks for the top
1,000 highly expressed shared genes using seven different methods.
More details can be found in Supplementary Note S5.

Briefings in Bioinformatics, 2026, Vol. 27, Issue3 | 9

Reproducibility. We used the simulated PNAS data as independent
validation data. The reproducibility was evaluated based on the num-
ber of reproducible pairs, which are gene pairs identified as correlated
in both datasets.

Precision. Precision is the ratio of true positives to inferred posi-
tives. For reproducibility, the precision values in the main text were
based on the ROSMAP data, while those from the PNAS data were
displayed in Figs S1 and S6.

Proportion of misidentification. Let A and B be the sets of iden-
tified correlated gene pairs from two datasets, with Ay and By repre-
senting their respective true positives. The proportion of misidentified
reproducible pairs is calculated as (JANB|—|ArNBr|)/|ANB|. Similarly,
for a biological network C, the proportion of misidentified overlaps is
(1ANCI = 1ArNCD/IANCI

Expression bias in biological networks

To demonstrate the expression bias in the STRING and Reactome, we
estimated the mean expression level for each gene using monocytes
from the lung dataset and a Gamma-Poisson GLM. We first assessed
the gene-level bias by comparing the expression distributions of genes
in these biological networks versus those that are not. We then focused
on genes within the networks to evaluate pair-level bias. We further
investigated the bias by repeating the pair-level analysis on subsets of
genes, including the top 100, 1,000, and 5,000 most highly expressed
or highly variable genes. For each of these analyses, the biological
network was correspondingly filtered to include only interactions
among the selected top k genes. The background was generated based
on this sub-network. To confirm that these findings were not dataset-
specific, we also studied the observed bias using mean expression
levels from oligodendrocytes in the ROSMAP.

A stratified hypergeometric model for bias
adjustment.

First, all gene pairs are categorized into k bins based on their
mean expression level. The number of random overlaps is then
modeled by a separate hypergeometric distribution within each bin
i, Hypergeometric(n;, b;,¢;). The total expected number of random
overlaps and its variance are calculated by summing the expectations
and variances from all k bins, E(Random overlaps) = > | C;l—ll" and
Var(Random overlaps) =>"% C;Tl:l'“%lblg:cf This yields a stratified
Z-score corrected for both network size and expression bias. We
validated the stratified framework using the lung dataset by assessing
the overlap of identified networks with the STRING and Reactome
databases. Details regarding the baseline non-stratified model and the
application to real data are provided in Supplementary Note S6.

Key Points

® Our results demonstrate that selecting correlated gene pairs
based on p-values is more robust and biologically meaningful than
relying on the commonly used correlation strength.

®* We reveal expression bias in standard biological validation
databases and propose a stratified hypergeometric model to cor-
rect for this confounding factor during benchmarking.
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® This study improves the reliability of co-expression analysis by
establishing a comprehensive workflow for unbiased method eval-
uation and reliable gene pair selection.
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