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Gene coexpression networks (GCNs) describe relationships among genes that maintain cellular identity and homeostasis.

However, typical RNA-seq experiments often lack sufficient sample sizes for reliable GCN inference. recount3, a data

set with 316,443 processed human RNA-seq samples, provides an opportunity to improve network reconstruction.

However, GCN inference from public data is challenged by confounders and inconsistent labeling. To address this, we

develop a pipeline to annotate samples based on cell-type composition. By comparing aggregation strategies, we find

that regressing confounders within studies and prioritizing larger studies optimizes network reconstruction. We apply these

findings to infer three consensus networks (universal, cancer, noncancer) and 27 context-specific networks. Central genes in

consensus networks are enriched for evolutionarily constrained genes and ubiquitous biological pathways, whereas context-

specific central nodes include tissue-specific transcription factors. The increased statistical power from data aggregation

facilitates the derivation of variant annotations from context-specific networks, which are significantly enriched for com-

plex-trait heritability independent of overlap with baseline functional genomic annotations. Although data aggregation

led to strictly increasing held-out log-likelihood, we observe diminishing marginal improvements, suggesting that integrat-

ing complementary modalities, such as Hi-C and ChIP-seq, can further refine network reconstruction. Our approach out-

lines best practices for GCN inference and highlights both the strengths and limitations of data aggregation.

[Supplemental material is available for this article.]

Critical cellular processes including the maintenance of cellular
identity, homeostasis, and the cellular response to external stimuli
are orchestrated through complex transcriptional coregulation of
multiple genes (Hartwell et al. 1999; Hasty et al. 2002; Oltvai
and Barabási 2002; Alon 2003). Gene coexpression networks
(GCNs) are a commonly used framework to describe gene-gene re-
lationships and are comprised of nodes that represent genes and
edges linking coexpressed genes (Stuart et al. 2003). A comprehen-
sive catalog of gene coexpression relationships has the potential to
characterize genes with unknown functions (Schlitt et al. 2003),
identify regulatory genes (Narang et al. 2015), determine changes
in regulatory mechanisms that are key to cellular identity (Wang
et al. 2021), and prioritize genes that drive phenotypic variability
(van Dam et al. 2017).

Despite the utility of GCNs in understanding biological sys-
tems, network inference is still a challenging problem and suffers
from both false positive and negative edges (Diaz and Stumpf
2022). In particular, the typical sample size of most RNA-seq stud-
ies is orders of magnitude smaller than the number of gene pairs
over which regulatory relationships are inferred, making network
inference an underdetermined problem. Additionally, factors

such as the stochastic nature of gene expression, experimental
noise, missing data, and unobserved technical confounders
make it difficult to avoid false positives or negatives.

Because the number of possible gene-gene interactions scales
with the square of the number of genes examined, a potential sol-
ution to increase statistical power by reducing network complexity
has been to utilize methods such asWGCNA that infer modules or
groups of coexpressed genes that are regulated byone ormore tran-
scription factors rather than individual gene interactions (Segal
et al. 2003). Although this approachhas been successful at decreas-
ing the number of hypotheses tested and thereby increasing
statistical power (Wolf et al. 2014), it does not identify detailednet-
work structure or distinguish between direct and indirect gene in-
teractions. In contrast, network inference by graphical lasso
(Friedman et al. 2008; Hastie et al. 2013) results in the identifica-
tion of pairwise edges reflecting direct effects, such that the ab-
sence of an edge implies the conditional independence of the
genes when all other genes are observed. Further, the formulation
of graphical lasso enables flexible penalization based on the num-
ber of edges found in the network, which aids in the identification
of a network structure that improves the discovery of true gene-
gene interactions while reducing false positives (Huang et al.
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2020). Here, we focus on improving the statistical power of net-
work inference by significantly increasing the number of samples
used in network inference, leveraging large-scale publicly available
and uniformly processed RNA-seq data from recount3 (Wilks et al.
2021) which includes human RNA-seq samples from GTEx (The
GTEx Consortium 2020), TCGA (Tomczak et al. 2015), and the
NCBI Sequence Read Archive (SRA; https://www.ncbi.nlm.nih
.gov/sra) (Kodama et al. 2012; Katz et al. 2022).

Public RNA-seq data resources such as recount3 offer an
unprecedented opportunity to improve GCN inference but also
present major challenges due to heterogeneity in sample prepara-
tion, sequencing protocols, missing or inconsistent metadata, and
variation in biological and technical factors across studies.
To address these challenges, we set out to develop a data prepro-
cessing pipeline that can identify and exclude outliers, harmonize
expression measurements across studies, and group samples
into biologically meaningful contexts appropriate for network
reconstruction.

Although statistical methods for confounder correction have
beenwidely appliedwithin individual studies (Parsana et al. 2019),
it remains unclear how best to account for confounding and inte-
grate data across multiple studies in a way that preserves true bio-
logical signal and enhances the quality of network inference. This
motivated us to systematically evaluate strategies for confounder
adjustment and data aggregation across studies. Finally, to assess
the utility of these networks for downstream biological discovery,
we examined the relevance of inferred network features, such as
node centrality, to known regulatory roles and their enrichment
for complex trait heritability using stratified LD score regression
(S-LDSC) (Finucane et al. 2015). In summary, our study seeks to
provide a carefully annotated RNA-seq data set, outline best prac-
tices for GCN inference by leveraging publicly available RNA-seq
data, and a set of consensus and context-specific networks that
will aid the scientific community in achieving the full potential
of GCN inference in biomedical research.

Results

Manual annotation and clustering of RNA-seq data from

recount3 identifies 27 unique tissue contexts

We downloaded uniformly processed RNA-seq samples from hu-
mans using the recount3 R package (Wilks et al. 2021) comprised
of experiments from three data sources—The Sequence Read
Archive (SRA) (Kodama et al. 2012; Katz et al. 2022), Genotype-tis-
sue Expression (GTEx, version 8) (The GTEx Consortium 2020),
and The Cancer Genome Atlas (TCGA) (Tomczak et al. 2015)—
and selected 1747 projects that included 30 or more samples
each. Following quality control (Methods), 95,280 human bulk-
RNA sequencing samples remained from 50 GTEx tissues (18,828
samples), 33 TCGA cancer types (11,091 samples), and 884 SRA
studies (65,361 samples) (Fig. 1A). The number of genes present
following data preprocessing varied by study and is summarized
in Supplemental Figure S1. The aggregated data includes samples
from a wide array of tissues, cell types, and diseases. Whereas
GTEx and TCGA studies included metadata specifying the tissue
of origin and disease status for all samples, SRA studies had incon-
sistent nomenclature. Therefore, to obtain reliable labels for SRA
samples, wemanually parsed sample descriptions to obtain sample
characteristics corresponding to tissue type and disease status for
65,361 SRA samples (Methods). Based on curated annotations,
93.5% of TCGA samples and 30.4% of SRA samples were cancer-

ous. In contrast, all GTEx samples were noncancerous, as expected
(Fig. 1B). Tissue labels with the greatest number of samples across
all three data sources included blood, central nervous system,
breast, skin, and lung (Fig. 1C). SRA included 224 distinct tissue la-
bels derived from manual annotation that was not observed in
GTEx or TCGA and reflected a wide range of disease states, includ-
ing Type I diabetes, Alzheimer’s disease, bipolar disorder, arthritis,
cancer, and infectious conditions (Fig. 1D). We grouped SRA sam-
ples based on their study accession IDs, GTEx samples by tissue,
and TCGA samples by cancer code (Methods). To simplify termi-
nology, we defined each group of samples from a data source as
a single study. To leverage the extensive biological diversity in
the data, we inferred two broad types of networks: consensus
and tissue context-specific (context-specific). Our universal con-
sensus network included all samples, regardless of tissue or disease.
Our noncancer consensus network included healthy samples
and sampleswith disease status other than cancer. Finally, our can-
cer consensus network solely included cancerous samples. We re-
stricted our context-specific networks to noncancerous samples
grouped by tissue context.We did not examine differential coregu-
lation resulting from noncancer disease and regressed these effects
from gene expression. Thus, by including SRA, recount3 provides
an unprecedented opportunity to examine unique contexts that
were not previously studied in GTEx and TCGA.

Across the three data sources, SRA, GTEx, and TCGA, we ob-
tained 266 uniquemanually annotated tissue labels with amedian
sample size of 31, which was much lower than the number of pro-
tein-coding genes. Therefore, we used a study-pooling strategy
based on related tissue contexts to increase power (Methods).
Specifically, in this work, we define a tissue context as a group of
samples with similar cell-type composition, which we infer com-
putationally. Mapping manual annotations to tissue contexts
(Supplemental Table S1) generated 48 tissue contexts across
63,193 noncancerous samples for context-specific network analy-
sis. In each context, to ensure that a tissue context represented
samples with similar cell-type composition as estimated by xCell
(Aran et al. 2017) deconvolution, we learned a joint lower-dimen-
sional t-SNE embedding using cell-type deconvolution scores, and
for 25 contexts with more than 500 samples before outlier exclu-
sion, we detected and excluded outliers (Supplemental Fig. S2).
For the immune context, we observed that samples displayed ex-
tensive heterogeneity in cell-type composition. Thus, we further
separated this group into B cells, PBMCs/ T cells, andmyeloid cells
(Supplemental Fig. S3). Finally, we examined the differences in the
empirical covariance estimates obtainedwhenwe considered alter-
nate thresholds to exclude outliers and found that, whereas we ob-
served minor differences across covariance estimates obtained by
varying the exclusion criterion, these differencesweremuch small-
er than the differences in empirical covariance matrices between
unrelated contexts. Hence, samples that were found to be outliers
by fewer than twomethods were selected, to ensure we considered
the maximum possible number of samples for each context, while
minimizing outliers that may truly reflect different contexts
(Supplemental Fig. S4).

In total, we obtained 27 contexts including seven tissue con-
texts that were not present in GTEx: airway, eye, human embryon-
ic stem cells, induced pluripotent stem cells, multipotent cells,
myeloid cells, and PBMCs/T cells (Fig. 1E). The number of samples
present in each tissue context following outlier exclusion varied
from8797 (blood) to 485 (multipotent cells) (Fig. 1F). Of the tissue
categories present in GTEx, we were able to significantly increase
the number of samples for several tissue contexts including blood,
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Figure 1. Overview of data preprocessing and annotations. (A) Gene expression data was RPKM normalized and log-transformed along with gene-spe-
cific and sample-specific filters. Based on the data source, normalized gene expression was processed to merge replicates and exclude miRNA and scRNA-
seq samples. (B) Number of samples which were annotated to be noncancerous and cancerous based on available metadata across GTEx, SRA, and TCGA.
Sixty-three SRA samples did not have an associated annotation corresponding to cancer status. (C) Top 10 tissue labels by sample size across all three data
sources: SRA, GTEx, and TCGA. (D) Top 20 diseases by sample size found in SRA that are not cancer. (E) t-SNE projection of xCell deconvolution scores of
63,193 noncancerous samples colored by the tissue of origin. (F) Increase in the sample size of 27 tissue contexts by using SRA samples compared to GTEx
only. SRA studies included seven novel contexts which were not available in GTEx.
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central nervous system, skin, and liver (Fig. 1F). These harmonized
samples have increased context resolution (i.e., include novel con-
texts which were not examined in GTEx) and increased sample
size, which can be used to improve the inference of consensus
and context-specific networks.

Data aggregation improves the inference of consensus

and context-specific GCNs

Themedian study-specific sample size across the three data sources
was 44 for SRA, 309 for TCGA, and 285 for GTEx. Further, 766 of
884 SRA studies had a sample size <100. PC-based data correction
has been used within a single study to reduce potential false-posi-
tive gene regulatory associations (Leek et al. 2012; Parsana et al.
2019), but best practices for applying PC-based data correction in
the context of aggregating multiple studies to infer GCNs have
not been fully examined. First, we sought to determine whether
data correction should be performed jointly across all samples,
across samples belonging to a specific tissue context and multiple
studies, or across samples from a specific tissue context and a spe-
cific study. We observed that PCs recapitulate different sample
characteristics depending on the level at which data aggregation
is performed. PCs calculated across all samples were driven pre-
dominantly by tissue labels followed by technical confounders
(e.g., study and data source) (Supplemental Figs. S5A–D, S6A).
PCs whichwere calculated across samples belonging to a single tis-
sue context (blood) but multiple studies were predominantly driv-
en by study and data source. Further, accounting for tissue
heterogeneity enabled us to better model cancer status and disease
annotations using PCs (Supplemental Figs. S5E–H, S6B). Finally,
when we limited samples to a specific tissue context and a specific
study (GTEx-skeletal muscle), we found that the top PCs were sig-
nificantly associated with age, cause of death, and technical batch,
consistent with the findings of Parsana et al. (2019) (Supplemental
Figs. S5I–L, S6C). Thus, regressing PCs computed by accounting for
tissue and cross-study heterogeneity from expression is integral to
excluding technical effects and unwanted biological signals.

We examined the effect of PC-based data correction when in-
ferring GCNs by aggregating data across diverse sources by com-
paring PC-based correction applied to either aggregate data, or
individual studies followed by aggregation, where the number of
PCs regressed is based on the permutation method described by
Buja and Eyuboglu (1992) and Leek et al. (2012). Additionally,
we compared the consequences of aggregating empirical covari-
ance matrices inferred from PC-corrected data by either treating
all studies irrespective of sample size equally (unweighted aggrega-
tion), or upweighting the covariance estimates from studies with a
greater sample size (weighted aggregation). Thus, we used four par-
adigms: (1) Aggregating data before PC-based data correction fol-
lowed by estimation of empirical covariance from residual
expression; (2) PC-based data correction applied to individual
studies followed by aggregation of residual expression and joint es-
timation of empirical covariance; (3) unweighted aggregation of
covariance matrices inferred from each study separately after
study-specific PC-based correction; and (4) weighted aggregation
of covariance matrices computed from individual studies follow-
ing study-specific PC-based data correction, where the weights
were the ratio of the study sample size to the total number of sam-
ples used in network reconstruction (Fig. 2A; Methods).

To compare strategies, we split noncancerous samples into
two data splits, GTEx and SRA (Supplemental Fig. S7), followed
by network inference by graphical lasso on one of the two data

splits and evaluation with the held-out split by computing the
held-out log-likelihood. Details pertaining to the number of stud-
ies, samples, andmedian PCs regressed for incremental data aggre-
gation are provided in Supplemental Table S2. Additionally, we
assessed the recapitulation of known biological pathways by com-
puting the F1-score of finding canonical gene-gene relationships
compiled from KEGG (Kanehisa and Goto 2000), Biocarta, and
Pathway InteractionDatabase (Schaefer et al. 2009) obtained using
Enrichr (Supplemental Table S3; Chen et al. 2013; Kuleshov et al.
2016). Paradigms in which PC-based data correction preceded ag-
gregation led to a strict increase in held-out log-likelihood and F1-
scores of known gene relationships from canonical pathways with
the addition of more studies (Fig. 2B,C; Supplemental Figs. S8, S9).
Additionally, we found that the low F1-scores were attributed to
lower recall while the precision remained high, in accordance
with previous studies that utilize graphical lasso to infer GCNs
(Parsana et al. 2019). Further, we observed an increase in the preci-
sion with data aggregation for a particular value of recall across all
strategies which performed PC-based data correction on individual
studies (Supplemental Figs. S10, S11). This suggests that data aggre-
gation resulted in GCNs with greater generalizability and recapitu-
lated known biology better when technical confounders were
estimated and regressed for individual studies. Because data aggre-
gation led to a decrease in the number of edges found in the net-
work for a particular value of the penalization parameter
(Supplemental Fig. S12), we tested whether estimating denser net-
works would result in higher held-out log-likelihood specifically
when the networks were inferred over a greater number of samples
but instead observed that a larger number of edges led to overfit-
ting and lower generalizability (Supplemental Fig. S13). Further,
the marginal improvement in network reconstruction diminished
with the subsequent rounds of aggregation. Although all methods
that estimated technical confounders within each study per-
formed similarly and were superior to estimating technical con-
founders across all samples when evaluated by held-out log-
likelihood (Fig. 2D), we found that weighted aggregation of covari-
ance matrices led to a slight improvement in the F1-score of the
networkswhen compared to canonical pathways (Fig. 2E), suggest-
ing that this is the optimal strategy among the alternatives
compared.

Although our primary analysis concerns the recapitulation of
individual, direct gene-gene edges through graphical lasso, which
we expected to be heavily impacted by sample size, we also per-
formed a limited evaluation of the effects of data aggregation
with weighted gene coexpression network analysis (WGCNA)
(Langfelder and Horvath 2008), a popular method for identifying
modules of coexpressed genes. We inferred WGCNA modules by
sequentially aggregating GTEx tissues and SRA studies following
PC correction (Methods). We discovered that data aggregation
led to an improvement in the recapitulation of known gene rela-
tionships from KEGG (Kanehisa and Goto 2000), Biocarta, and
Pathway Interaction Database (Schaefer et al. 2009) for both
GTEx and SRA. However, we note that this improvement is not
strictly monotonic, particularly at the highest levels of data aggre-
gation, in contrast to graphical lasso. Thismaybe expected asmod-
ule detection for WGCNA combines information across multiple
gene pairs to identifymodules andhas been shown towork reason-
ably well even at small sample sizes. WGCNA module detection
simply may not benefit as much from increased sample sizes.
Thus, we conclude that PC-correction followed by data aggrega-
tion can potentially lead to an improvement in network perfor-
mance for multiple network inference methods (Supplemental
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Figure 2. Comparison of aggregation strategies to optimize network reconstruction. (A) Outline of strategies to compare data correction before and after
aggregation and weighted and unweighted aggregation of single tissue/ study covariance matrices included: (1) aggregating data before PC-based data
correction followed by estimation of empirical covariance from residual expression (aggregating data, orange); (2) PC-based data correction applied to in-
dividual studies followed by aggregation of residual expression and joint estimation of empirical covariance (aggregating data adjusted for confounding,
brick red); (3) unweighted aggregation of covariance matrices inferred from each study separately after study-specific PC-based correction (unweighted
covariance aggregation, purple); and (4) weighted aggregation of covariancematrices computed from individual studies following study-specific PC-based
data correction (weighted covariance aggregation, magenta). (B) Held-out log-likelihood of networks inferred by sequentially aggregating either 10 GTEx
studies or 100 SRA studies at a time versus the log of the number of edges (|E|) found in networks obtained by varying the penalization parameter λ (C) F1-
score of networks inferred by sequentially aggregating either 10GTEx studies or 100 SRA studies at a time versus the log of the number of edges (|E|) found in
networks obtained by varying the penalizationparameter λwhen compared to canonical pathways compiled fromKEGG, Biocarta, and Pathway Interaction
Database. (D) Comparison of held-out log-likelihood corresponding to networks inferred over 49GTEx studies or 566 SRA studies versus the log of the num-
ber of edges (|E|) found in networks obtained by varying the penalization parameter λ using four different aggregation strategies including aggregating
data, aggregating data adjusted for confounding, unweighted, andweighted aggregation of covariancematrices. (E) Comparison of F1-scores of obtaining
edges corresponding to canonical pathways from KEGG, Biocarta, and Pathway Interaction Database in networks inferred over 49 GTEx studies or 566 SRA
studies versus the log of the number of edges (|E|) found in networks obtained by varying the penalization parameter λ using four different aggregation
strategies including aggregating data, aggregating data adjusted for confounding, unweighted, and weighted aggregation of covariance matrices. (F)
Total number of samples, number of individual studies, and the median sample size of each study which were used in the inference of universal consensus,
noncancer consensus, and cancer consensus networks. (G) Comparison of F1-scores of obtaining edges corresponding to canonical pathways in the three
consensus networks—universal, noncancer, and cancer—across networks with number of edges (|E|) varying between 5 × 103 and 5 × 106 edges. (H) Log-
likelihood of GTEx blood samples based on networks inferred by sequentially aggregating SRA blood studies five at a time for number of edges ranging from
103 to 105 edges. (I) Log-likelihood of GTEx CNS samples based on networks inferred by sequentially aggregating SRACNS studies five at a time for number
of edges ranging from 103 to 105 edges. (J) Odds ratio of finding edges corresponding to tissue-specific protein-protein interactions (PPIs) derived from
SNAP in tissue-context-specific networks inferred using all available samples versus only samples found in GTEx for six tissue contexts.



Fig. S14), but the improvement plateaus more quickly when infer-
ringmodules withWGCNA than when inferring direct edges with
graphical lasso.

Finally, because graphical lasso can potentially identify edges
reflecting direct gene-gene interactions, we evaluated the impact
of data aggregation by weighted aggregation of covariance matri-
ces, which were estimated from SRA studies following PC correc-
tion, on recapitulating known transcription factor (TF)–target
gene relationships that were curated by Liska et al. (2022) based
on experimental evidence such as ChIP-seq.Weobserved amodest
improvement in the precision of predicting direct gene-gene rela-
tionships at higher values of recall with sequential data aggrega-
tion. Although we do see improvement, the identification of
direct gene interactions remains challenging in the presence of un-
known technical and biological confounders (Supplemental Fig.
S15A; Kernfeld et al. 2024).

We inferred consensus GCNs across diverse tissues by weight-
ed aggregation of covariance matrices estimated from residual ex-
pression and graphical lasso (Methods). In addition to a universal
consensus network, which was inferred across 966 studies with
sample size greater than or equal to 15, amounting to 95,276 sam-
ples across 48 tissue contexts, we constructed a noncancer consen-
sus network and a cancer consensus network. The noncancer
consensus network reflects data aggregated across 629 studies
and 63,031 samples, and the cancer network reflects 386 studies
and 29,967 samples (Fig. 2F). The number of genes which were in-
cluded in the inference of the three consensus networks is summa-
rized in Supplemental Table S4. We evaluated each consensus
network’s ability to recapitulate previously reported gene-gene in-
teraction using the F1 score. Across a range of networkswith a vary-
ing number of edges, we obtained a higher estimate of the F1 score
from the universal consensus network, followed by noncancer and
cancer consensus networks, which mirrors differences in sample
size (Fig. 2G). We observed that the universal consensus and non-
cancer consensus networks performed better than the cancer con-
sensus network at recapitulating potential TF–target relationships
obtained from TFLink (version 1.0) (Liska et al. 2022). However,
this could be either due to differences in sample size or the lack
of cancer samples in the reference (Supplemental Fig. S15B).

We inferred networks across 27 tissue contexts and examined
the impact of data aggregation on context-specific network recon-
struction by considering GTEx samples (GTEx only) or by aggre-
gating across samples from all data sources for that tissue
context. The number of samples, studies, andmedian study-specif-
ic sample size for each tissue context in either aggregation setting
are provided in Supplemental Figure S16. The number of genes
over which context-specific networks was inferred is summarized
in Supplemental Table S4. As in the consensus network inference,
we used weighted aggregation of covariance matrices as the input
to network inference by graphical lasso (Methods). To quantify the
improvement in network reconstructionwith data aggregation,we
examined two tissue contexts with the largest sample size: blood
and central nervous system (CNS). In both cases, we sequentially
aggregated the blood or CNS SRA studies and computed the
held-out log-likelihood utilizing context-matched GTEx samples.
Similar to the results obtained from our consensus network analy-
ses, we found that data aggregation led to a strict increase in held-
out log-likelihoodwith additional studies and the greatest increase
was observed while aggregating the first 20 studies (blood) and 15
studies (CNS) (Methods; Fig. 2H,I). Further, we examined the im-
pact of data aggregation on inferring a context-specific network,
specifically, if PC-based data correction sufficiently accounts for

interstudy heterogeneity andminimizes the discovery of false pos-
itives, while improving the detection of true positive edges, when
compared to alternate approaches tominimize false positives such
as tuning the penalization parameter to be sufficiently large. Thus,
we compared a blood-specific network inferred across all available
samples to a blood-specific network inferred from a single study
with a large sample-size (GTEx) in recapitulating known gene-
gene interactions. We found that increasing the penalization pa-
rameter to improve the precision led to lower recall, a limitation
that was overcome by data aggregation, which led to higher values
of precision even for higher recall values. Finally, we observed that
the optimal F1 score obtained by data aggregation exceeded the
optimal F1 score obtained by tuning the penalization parameter
(Supplemental Fig. S17).

Orthogonally, we verified that our networks recapitulated
known context-specific gene relationships by examining the en-
richment of previously known tissue-specific protein-protein inter-
actions (PPIs) from SNAP (Leskovec and Sosič 2016) in edges
belonging to six tissue context-specific networks (adipose, blood,
CNS, liver, lung, and skin) (Methods). Details of the SNAP PPI terms
that were mapped to specific tissue-contexts can be found in
Supplemental Table S5. Data aggregation and increased sample
size in the network significantly increased the estimated odds ratio
of tissue-specific PPIs in the liver (median GTEx OR=7.85, median
aggregatedOR=38.85, P=0.03) and skin (medianGTExOR=21.83,
median aggregatedOR=27.09,P=0.05), and therewasweak enrich-
ment in adipose (medianGTExOR=18.49,median aggregatedOR=
21.14, P=0.06). In other tissue contexts, we observed a higher me-
dian odds ratio of PPI enrichment in networks inferred by data ag-
gregation compared to GTEx-only networks (Fig. 2J). Finally, we
observed that context-specific networks obtained from blood,
skin, central nervous system, liver, lung, and adiposewere able to re-
capitulate knownTF–target relationships fromTFLink tovarying de-
grees. The tissue with the highest number of samples, blood,
resulted in networks with the best performance in reproducing
TF–target relationships as indicated by precision and recall
(Supplemental Fig. S15). Thus, we demonstrated that data aggrega-
tion led to the improved inference of consensus networks that cap-
ture canonical gene interactions and tissue context-specific
networks that capture tissue biology by observing better network
generalizability and reproduction of known biological processes.

Central network nodes are evolutionarily constrained and include

genes that are critical to tissue identity

The biological information captured by aGCN can be evaluated by
comparing individual network edges, by examining whether there
are edges between genes that are known to interact in a particular
cellular pathway (Ha et al. 2015), or by examining the properties of
network nodes with a high number of connections or hubs
(Pastor-Satorras et al. 2003; Chou et al. 2014; Oh et al. 2015).
Because eukaryotic transcriptional networks typically consist of a
subset of genes, often transcription factors, that regulate many
downstream target genes (Albert 2005), we chose specific values
of the penalization parameter λ and number of resulting network
edges such that the selected networks are approximately scale-
free (Methods; Supplemental Fig. S18; Supplemental Tables S6,
S7). We computed different measures of centrality corresponding
to each network node and tested for the enrichment of genes in-
volved in GO terms that reflect ubiquitous or context-specific pro-
cesses (Supplemental Table S8) among network nodes selected
with progressively increasing thresholds for degree centrality
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against a background of all 18,882 protein-coding genes
(Methods). Central nodes from all three consensus networks were
strongly enriched for genes involved in functions such as microtu-
bule-based process, chromosome organization, and regulation of or-
ganelle organization (Fig. 3A; Supplemental Fig. S19). In contrast, we
found that central nodes from blood context-specific networks were
enriched for genes associated with platelet activation, leukocyte dif-
ferentiation, and leukocyte chemotaxis to a greater extent than cen-
tral genes derived from either consensus or a discordant context-
specific network (CNS) (Fig. 3B). Further, these trends were reflected
across multiple tissue contexts; context-specific networks corre-
sponding to CNS (Fig. 3C), skin, liver, and lung were enriched for
genes associated with tissue-matched GO terms (Supplemental Fig.
S20). In addition, we examined the enrichment of central genes
from tissue-specific gold standards obtained from HumanBase
(https://hb.flatironinstitute.org/). We observed that network nodes
with a higher degree of centrality were enriched for hub nodes
(with a degree in the top 80th percentile) of concordant tissue-specif-
ic reference networks, as evidenced by an odds ratio>1 (Supplemen-
tal Fig. S21). Thus, whereas central genes from consensus networks
included genes involved in essential cellular processes, context-spe-
cific gene relationships are lost with global aggregation and are un-
likely to be recovered by increasing the sample size.

Next, we evaluated whether hub genes were evolutionarily
constrained and whether they have known roles in complex traits
or diseases (Methods). We first binned network nodes such that
genes with a closeness centrality of 0 were assigned to Quintile
1, and those with at least 1 connecting edge were grouped based
on estimated quantiles of closeness centrality. We then computed
the excess overlap of a particular gene set among network nodes
binned by closeness centrality, as the ratio of the fraction of genes
from the set found among the network nodes in a particular bin to
the fraction of genes from the gene set found among all network
nodes (Methods). Consensus network hub genes (Quintile 5)
had a significantly higher excess overlap (>1) with evolutionarily
constrained gene sets than peripheral nodes (Quintiles 1–3), using
metrics including high pLI genes, high shet genes, and high mis-
sense Z-score genes. These trends were similar in context-specific
networks, with some variation in the strength of the trend across
tissues likely driven by sample size differences and differential
power in inferring these networks (Fig. 3D; Supplemental Fig.
S22). We then examined the enrichment of eQTL-deficient,
ClinVar, OMIM, and FDA drug-targeted genes across quintiles
of network centrality (Supplemental Figs. S22 and S23;
Supplemental Table S9). We observed that peripheral genes
(Quintile 1) and central genes (Quintile 5) of consensus networks
exhibited an excess overlap >1 of eQTL-deficient genes (those
which lacked significant cis-regulatory variants), whereas genes
with intermediate connectivity were depleted of eQTL-deficient
genes, whereas the six context-specific networks had widely vari-
able trends. Although central genes from consensus networks
were weakly depleted for OMIM and FDA drug-targeted genes,
we observed an excess overlap >1 of hub genes belonging to con-
text-specific networks. This could be explained by our earlier ob-
servations that central nodes from consensus networks were
involved in essential and nonspecific cellular processes, whereas
central nodes from context-specific networks were both specific
and critical to tissue identity; thus altering central consensus net-
work hub nodes may have widespread and potentially deleterious
off-target effects whereas context-specific hub nodes may identify
targetable genes with tissue-specific effects. Finally, we observed
that matched tissue-specific transcription factors from Pierson

et al. (2015) (Supplemental Table S10) had a significantly greater
number of neighbors than 88 general TFs for context-specific net-
works corresponding to blood (P<1×10−4), lung (P< 1×10−4),
and skin (P<0.01), whereas in other tissues, except for CNS, the
median degree of tissue-specific TFs was greater than general TFs
and nontranscription factors (Methods). In contrast, whereas tis-
sue-specific and general TFs hadmore neighbors in consensus net-
works when compared to nontranscription factors, we found no
significant differences in the degree distribution of tissue-specific
TFs to general TFs in either the universal or noncancer consensus
network (Fig. 3E). Therefore, whereas both consensus and con-
text-specific central genes were enriched for genes under high se-
lection pressure, context-specific hub nodes were more likely to
be OMIM genes, drug targets, and tissue-specific TFs.

We examined similarities and differences between network
architectures of the noncancer consensus and cancer consensus
networks based on shared and distinct hub genes, because central
genes are likely to be more relevant to network functionality
(Pastor-Satorras et al. 2003), and the identification of hubs has
led to the discovery of genes involved in cancer (Chou et al.
2014; Oh et al. 2015), tissue regeneration (Rodius et al. 2016),
and other diseases (Keller et al. 2008; Presson et al. 2008).
Specifically, we found 296 shared hubs between cancer (λ=0.24,
7552 edges) and noncancer (λ=0.18, 7355 edges) consensus net-
works and 312 hubs which were specific to the cancer consensus
network (Supplemental Table S11). Cancer-specific hub genes
were enriched for pathways such as ncRNA metabolic processing
(GO:0034660, P=5.2 ×10−2) which is believed to play a role in
metabolic reprogramming in cancer, DNA damage response
(GO:0006974, P=1.17×10−12) which has been posited to play a
role in cancer cell survival in nonoptimal conditions, and response
to ionizing radiation (GO:0010212, P=6.1 ×10−4). Further, we
found that cancer-specific hub genes were enriched for a plethora
of DNA repair and replication pathways, including double-strand
break repair via homologous recombination (GO:0000724, P=
6.36×10−6), recombinational repair (GO:0000725, P= 1.35×
10−6), interstrand cross-link repair (GO:0036297, P=5.48×10−3),
and double-strand break repair via break-induced replication
(GO:0000727, P=1.36×10−3) (Supplemental File 1).

To examinewhether network properties were shared between
related tissues, we analyzed the overlap of hub genes by focusing
on those identified as hubs in at least two tissue contexts (N=
1956). Details of the penalization parameter selected for tissue-
context specific networks used in this analysis are summarized in
Supplemental Table S12. Grouping tissue contexts based on hub
genes using nonnegative matrix factorization with eight latent fac-
tors (Methods) led to the grouping of related tissues such as blood
and PBMCs/T cells (Factor 7) (Fig. 3F; Supplemental Table S13). As
expected, we found that hub genes that led to the group-
ing of blood and PBMCs/T cells were enriched for defense response
(GO:0006952, P=2.7–24) and cytokine production (GO:0001816,
P =9.9×10−7) (Supplemental File 2). Further, Factor 6, which led
to the grouping of hESCs, iPSCs, and multipotent cells, comprised
hub genes which were enriched for gastrulation (GO:0007369,
P = 5.9×10−4) and circulatory system development (GO:0072359,
P=6.2×10−3) (Supplemental File 3).

Genes with high network centrality are proximal to variants

enriched for complex trait heritability

Previous work by Kim et al. (2019) reported that network topology
annotations did not contribute to heritability once the LDSC
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Figure 3. Properties of central network nodes of consensus and context-specific networks. (A–C) Enrichment of genes involved in GO processes among
network genes selected with increasing thresholds of node degree in three consensus networks: universal (λ =0.18, 7087 edges); noncancer (λ=0.18,
7355 edges); and cancer (λ=0.24, 7552 edges), as well as two context-specific networks: blood (λ =0.24, 7283 edges); and CNS (λ =0.28, 8430 edges).
Tissue-context-specific networks were inferred only using noncancerous samples. Blood (GTEx) or CNS (GTEx) networks were inferred using samples only
found in GTEx whereas blood and CNS networks were inferred using samples from GTEx and SRA. (D) Distribution of the excess overlap of evolutionarily
conserved gene sets (Methods) for network nodes binned by the number of neighbors (degree) corresponding to universal consensus networks (λ =0.14,
0.16, 0.18, 0.20), noncancer consensus networks (λ=0.14, 0.16, 0.18, 0.20), cancer consensus networks (λ=0.20, 0.22, 0.24, 0.26), blood networks (λ=
0.18, 0.20, 0.22, 0.24, 0.26), and CNS networks (λ=0.24, 0.26, 0.28, 0.30, 0.32). Quintile 1 reflects nodes with no neighbors. Nodes with nonzero neigh-
bors are split based on the degree quartile they belong to (Quintiles 2–5). We evaluated the excess overlap of 3104 loss-of-function (LoF) genes with pLI >
0.9, 2853 genes with a Shet > 0.1, 588 genes with a Phi-score >0.95, and 1440 genes strongly depleted for missense mutations (high missense Z-score).
(E) The degree distribution of network nodes that are tissue-specific transcription factors (TFs) in blood (52 TFs), lung (58 TFs), skin (10 TFs), pancreas
(16 TFs), cardiac (17 TFs), muscle (7 TFs), CNS (51 TFs), general transcription factors (88 TFs), and protein-coding genes which are not transcription factors
in universal consensus (λ =0.18, 7087 edges), noncancer consensus (λ=0.18, 7355 edges), skin (λ=0.26, 7567 edges), skeletal muscle (λ =0.26, 6254
edges), pancreas (λ=0.32, 7615 edges), lung (λ=0.30, 6349 edges), CNS (λ=0.30, 6316 edges), cardiac (λ=0.30, 6481 edges), and blood (λ =0.24,
7283 edges). Pairs with no significance reported were not statistically distinct (P>0.1). (F ) Factor weights were obtained by nonnegative matrix factori-
zation of the presence of hub genes in tissue-specific networks with∼7000 edges. Details of the penalization parameter λ and the number of edges of
selected networks for each tissue context are provided in Supplemental Table S7.
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baseline model (Finucane et al. 2015) was included. We examined
whether data aggregation would increase the utility of network
features for heritability analysis independently of baseline func-
tional annotations. For each network, we calculated centrality
annotations by computing six different centrality measures, in-
cluding, degree, maximum weight, strength, closeness, between-
ness, and PageRank. The correlation between the different
centrality measures is summarized for select networks in
Supplemental Figure S24.Wemeta-analyzed estimates of heritabil-
ity enrichment, the ratio of the proportion of heritability ex-
plained by SNPs belonging to an annotation to the proportion of
SNPs in the annotation, and τ∗, an estimate of the heritability of
SNPs unique to the annotation (Finucane et al. 2015), using a ran-
domeffectsmodel to obtain a summary of effect sizes estimated for
a set of 42 independent traits considered by Kim et al. (2019)
(Methods; Supplemental Table S14). We estimated both heritabil-
ity enrichment and τ∗ by either conditioning an annotation corre-
sponding to whether a variant was located in a 100-kb window of
all protein-coding genes (all-genes annotation), or conditioning
on 97 functional annotations such as known enhancer and pro-

moter regions which are included in the baseline-LD model and
the all-genes annotation (all-genes +baseline). Similar to the re-
sults found by Kim et al. (2019), we observed a significant estimate
τ∗ corresponding to our consensus network-derived annotations
when conditioning on just the all-genes annotation. However,
when conditioning on the baseline-LD model, the τ∗ observed
for consensus network-derived annotations were no longer signif-
icant (Fig. 4A). Whereas we found no significant differences in en-
richment across a varying number of edges present in the network
when conditioned on the all-genes annotation, we observed that
τ∗ decreased as the number of network edges decreased. There
were no significant differences in either enrichment or τ∗ with
the number of edges found in the network when conditioning
on the baseline-LD annotations (Supplemental Fig. S25). Further,
our observations were not dependent on the traits studied and re-
mained consistent when we applied s-LDSC to 219 UKBB traits
(Supplemental Table S15; Supplemental Fig. S26).

A possible explanation for the lack of heritability enrichment
signal unique to network annotations is the redundancy between
the baseline LD annotations and network topology annotations.

A

B

C

Figure 4. Heritability enrichment of network annotations. Mean and standard deviation of heritability enrichment and the coefficient τ∗, an estimate of
the heritability of SNPs unique to the annotation. All genes: whether a variant was located in a 100-kb window of all protein-coding genes (translucent), all
genes + baseline: all-genes annotation in addition to 97 functional annotations such as known enhancer and promoter regions (opaque). (A) Meta-analysis
of 42 independent traits for six centrality measures obtained from the universal consensus network and noncancer consensus networks corresponding to
values of the penalization parameter λ between 0.14 and 0.20. (B) Meta-analysis of nine blood-related traits, including Crohn’s disease, ulcerative colitis,
rheumatoid arthritis, allergy eczema, eosinophil count, red blood cell count, white blood cell count, red blood cell width, and platelet count for network
annotations from blood GTEx (λ=0.24–0.32), Blood consensus (λ=0.18–0.26), and universal consensus network (λ =0.14–0.20). (C ) Meta-analysis of
nine CNS-related traits, including Alzheimer’s disease, epilepsy, Parkinson’s disease, bipolar disorder, smoking cessation, waist-hip-ratio adjusted BMI,
schizophrenia, major depressive disorder, and number of alcoholic drinks per week, for network annotations corresponding to six centrality measures de-
rived from CNS GTEx (λ =0.26–0.32), CNS (λ=0.20–0.28), and universal consensus network (λ=0.14–0.20).
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Therefore, we hypothesized that context-specific data aggregation
could prioritize variants enriched for heritability of concordant
traits independent of baseline annotations. We applied s-LDSC
to network centrality annotations derived from networks inferred
only fromGTEx blood samples (bloodGTEx), networks inferred by
aggregating recount3 blood samples (blood), and, as a control, net-
works inferred by aggregating all samples (universal consensus),
for a subset of nine blood-related traits from the 42 independent
traits (Crohn’s disease, rheumatoid arthritis, ulcerative colitis, eo-
sinophil count, platelet count, red blood cell count, red blood
cell width, white blood cell count, and eczema) (Supplemental
Table S16). As with the consensus networks, tissue-specific net-
works displayed similar trends in heritability estimates with the
number of edges found in the network (Supplemental Figs. S27,
S28). When we conditioned on the baseline-LD annotations, we
observed that annotations derived from the blood consensus net-
works had a significant τ∗ across all centrality annotations,whereas
blood GTEx networks had a significant τ∗ for strength, degree,
maximum weight, and PageRank (Fig. 4B). In contrast, we did
not observe a significant τ∗ corresponding to annotations derived
from the universal consensus network. We examined the general-
izability of our results by conducting a similar experiment in CNS
samples, another tissue with a large sample size. We applied
s-LDSC to annotations derived from CNS networks inferred from
GTEx samples (CNS GTEx), CNS networks inferred by aggregating
samples from recount3 (CNS consensus), and the universal con-
sensus networks for CNS-related traits which included waist-hip
ratio-adjusted BMI from the earlier set of 42 traits, as well as seven
traits from the Psychiatric Genomics Consortium (Alzheimer’s, ep-
ilepsy, Parkinson’s, bipolar disorder, smoking cessation, schizo-
phrenia, major depressive disorder, and number of alcoholic
drinks per week) (Supplemental Table S17).We found that annota-
tions derived fromboth universal consensus and CNS-specific net-
works led to significant nonzero τ∗ when conditioning on the
baseline-LD model. Although we note that significant nonzero τ∗

was observed for the consensus networks for the chosen set of
CNS traits in contrast to the 42 independent traits, possibly due
to power, study quality, and other attributes of the GWAS, we
found that annotations from tissue-specific networks led to signif-
icantly higher estimates of τ∗ and outperformed consensus net-
works (Fig. 4C) for all centrality measures except closeness.
Further, for betweenness, maximum weight, and PageRank
centrality, CNS consensus networks outperformed CNS GTEx net-
works, similar to the results in blood, demonstrating context-
specific data aggregation results in network annotations that are
enriched for trait heritability across tissue contexts. Across both
sets of blood- and CNS-related traits, we found that PageRank cen-
trality-derived annotations, which captured both the number of
connections that a node has in addition to the centrality of its
neighbors to determine the importance of a connection, per-
formed consistentlywell.We conclude that context-specific aggre-
gation results in the identification of the central genes of the
network, which are enriched for the heritability of concordant
traits, and an increased sample size leads to a greater heritability
enrichment signal.

Discussion

GCNs aid in determining changes in regulatory mechanisms that
are key to cellular identity and prioritizing genes that drive pheno-
typic variability. However, conventional network analyses are
often too underpowered to reliably discover gene-gene

relationships and are compromised by spurious false-positives
and false-negatives that result from limited power, noise, and un-
observed technical confounders. We leveraged publicly available
RNA-seq data from recount3 and manually curated tissue/cell
type annotations to improve the inference of consensus and con-
text-specific GCNs. Utilizing data splits, we demonstrated that ac-
counting for confounders within individual studies followed by
weighted aggregation of empirical covariance matrices led to the
best improvement in network characteristics with data aggrega-
tion across multiple paradigms.

We then inferred three consensus networks (universal, non-
cancer, and cancer networks) that recapitulated ubiquitous biolog-
ical processes. Further, we aggregated data belonging to individual
tissue contexts to infer 27 tissue context-specific networks that
were enriched for matched tissue-specific PPIs and shared similar-
ities across related tissues. All networks and sample annotations are
made publicly available as a resource for future studies.

Central genes from both consensus and context-specific net-
works were enriched for high PLI and high Phi genes, indicating
that hub genes are enriched for genes under high selective pres-
sure. Context-specific hub genes were enriched for FDA-approved
drug targets and OMIM genes whereas central genes from consen-
sus networks whichwere inferred over a greater number of samples
were depleted for both categories. Thus, context-specific informa-
tionwas lost by global aggregation, cannot be recovered by data ag-
gregation or increased sample sizes, and is important to identifying
drug targets and disease mechanisms. Although the central genes
of the network as determined by global data aggregation in the
consensus network did not explain trait heritability independent
of known functional annotations in the baseline-LD model, we
found that context-specific data aggregation prioritized variants
enriched for concordant trait heritability that did not overlap
with previously known functional annotations. Thus, topological
properties of genes from context-specific GCNs hold significant
promise as a functional annotation for identifying genetic varia-
tion that contributes to complex trait heritability.

A commonly used approach to identify genes associated with
complex traits is to use colocalization analysis between GWAS and
eQTL studies. However, often only about half of the signals coloc-
alize with an eQTL (Mostafavi et al. 2023). Recent work by
Mostafavi et al. (2023) demonstrated that genes driving GWAS sig-
nals were often genes with complex context-dependent regulatory
architecture and were depleted for eQTL variants. This has raised a
call in the computational genomics community for orthogonal ap-
proaches to identify genes involved in complex traits. We found
that annotations derived from context-specific GCNs are informa-
tive of trait heritability independent of context-agnostic function-
al annotations. This suggests that tissue- and context-specific
network centrality and other network properties could be used
to help prioritize genes near GWAS loci (Zhu et al. 2021) or supple-
ment eQTL data.

One of the major challenges in network inference remains
the presence of unobserved technical confounders and undesir-
able biological signals, which lead to spurious network edges and
precludes causality claims. Although PC-based data correction
has been extensively utilized to reduce false-positives resulting
from confounding, recent work by Cote et al. (2022) suggests
that PC-based data correction, and related methods such as PEER
(Stegle et al. 2012) and CONFETI (Ju et al. 2017), may overcorrect
expression data and remove biological coexpression of potential
interest. Correcting or modeling confounders is essential to net-
work accuracy; therefore, tuning parameters such as the number
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of latent factors to correct as well as exploring alternative methods
will continue to be important. Alternate approaches to handle
confounding and infer causal regulatory relationships include in-
strumental variable analysis through the construction of local ge-
netic instruments as outlined by Luijk et al. (2018). However,
because central network nodes are evolutionarily constrained
and tightly regulated, it can be challenging to construct well-track-
ing genetic instruments for central genes. Publicly available
RNA-seq data including recount3, the extensive annotations we
provide, and recent work which illustrated genotype calling using
RNA-seq data (Deelen et al. 2015) could improve our ability to
detect context-specific cis-regulatory effects, the reconstruction
of local genetic instruments, and hence causal regulatory network
inference.

Future directions aimed at improving GCN inference could
leverage our extensively annotated sample characteristics and
data aggregation strategies with complementary strategies, includ-
ing sharing information between related contexts (Omranian et al.
2016) to increase the effective sample size, introducing constraints
or priors corresponding to known regulatory relationships
(Hellstern et al. 2021), and using alternate statistical measures of
expression similarity that capture nonlinear associations between
genes (Margolin et al. 2006). Additionally, heuristic algorithms
such as the one proposed by Opgen-Rhein and Strimmer (2007)
could be utilized to enrich our current networkswith directionality
information. Finally, while we studied tissue contexts, we provide
annotations of disease status which can be utilized to infer disease-
specific GCNs.

Our finding that marginal improvement in network recon-
struction decreases with continued data aggregation suggests
that simply addressing statistical considerations due to sample
size may have limitations for improving GCNs. Including orthog-
onal sources of information such as gene-enhancer associations in-
ferred from Hi-C data (Babaei et al. 2015), transcription factor
binding sites fromChIP-seq data (Zhou et al. 2017), and regulatory
information derived from other epigenetic data types, in addition
to gene expression quantified by RNA-seq in both bulk and single-
cell studies, might result in a more accurate understanding of the
shared regulatory architecture between genes. An example of inte-
grating orthogonal information sources is found in recent work by
Fu et al. (2025), which leverages paired scATAC-seq and snRNA-seq
data across 213 fetal and adult cell types along with prior knowl-
edge of TF motifs, to computationally infer local chromatin envi-
ronments. The resulting model can then be used to predict gene
expression in new cell types and TF regulators of downstream
genes. This method and related approaches based on epigenetic
data and TFmotif information to infer targets of well-characterized
TFs can be viewed as complementary to our approach, which is
able to capture regulatory and coexpression relationships ge-
nome-wide based on large-scale RNA-seq data. Future methods
may unify these approaches and incorporate both sources of infor-
mation. Additionally, experimental protocols such as Perturb-seq
(Dixit et al. 2016), which quantifies the transcriptional changes
mediated by genetic manipulations on genes, processes, and
states, could provide a new avenue for network inference and sug-
gest causal mechanisms and edge directionality (Ota et al. 2025).

In conclusion, the growing availability of publicly shared
RNA-seq data presents a valuable opportunity to improve gene
GCN inference through data aggregation. AlthoughGCNs offer in-
sights distinct from eQTL analyses and hold promise for uncover-
ing the regulatory mechanisms underlying complex traits, their
utility has been limited by challenges in data integration and var-

iability across studies. In this work, we addressed these challenges
by developing an approach that accounts for latent confounding
and study-specific variability, enabling the construction of con-
text-specific GCNs enriched for complex-trait heritability beyond
baseline functional annotations.

Methods

Data preprocessing and quality control

We downloaded uniformly processed human RNA-seq samples us-
ing the recount3 R package (version 1.0.7) (Wilks et al. 2021), run-
ning on R version 4.0.2 (R Core Team 2020) under Rocky Linux
8.8, and selected 1747 projects that included 30 or more samples
each (Fig. 1A). Before normalization, we excluded samples with
zero expression across all genes and genes that had zero expression
across all samples in a project. We used built-in functions from the
recount3 package to compute the RPKM transformed count ma-
trix, selected genes that were protein-coding, autosomal, and un-
ambiguously mapped to the reference genome (Saha and Battle
2018, 2019), and generated the log2(RPKM + 1) count matrix for
each project.

Following preliminary processing, we applied a unique data
processing pipeline based on the data source. For projects belong-
ing to GTEx, we excluded duplicates (labeled as STUDY_NA) and
samples derived from the chronic myelogenous leukemia (CML)
cell line. We grouped samples by the tissue of origin to obtain 50
groups and 18,828 samples.

For TCGA, we excluded 67 samples missing sample type and
39 samples lacking patient ID. Replicates were identified as sam-
ples sharing both patient ID and sample type, and their gene ex-
pression was aggregated using the median. We grouped TCGA
samples by cancer code, resulting in 33 groups and 11,091
samples.

For SRA, we first removed samples obtained via size fraction-
ation. Replicates were defined by identical experiment accession
numbers and aggregated using the median expression. Further,
we excluded 89,101 samples where >50% of genes showed zero ex-
pression, which we used as a threshold to eliminate likely
microRNA or degraded samples. To further restrict the data set to
bulk RNA-seq, we used predicted experiment-type labels from re-
count3 and excluded samples predicted as single-cell or small
RNA-seq. If predicted labels were unavailable, we excluded samples
with keywords such as “single cell,” “scRNA,” “snRNA,” or “single
nucleus” in the study abstract. Additionally, we retained only
those samples whose library selection metadata contained either
cDNA or RT-PCR, when available. We also excluded studies which
are known scRNA-seq experiments including: SRP096986,
SRP135684, SRP166966, SRP200058, and SRP063998. For the re-
maining studies, we performed a text-based analysis to obtain
the study, tissue, organ, biopsy, cell, disease, source and descrip-
tion from the metadata sample_description field. We then manu-
ally annotated 10,179 unique combinations of these fields to
obtain tissue, cancer status, and disease type. In this manner, we
were able to obtain labels for 65,361 samples which we grouped
on the basis of the study accession IDs to form 884 SRA studies
(Supplemental File 4).

We groupedGTEx samples by tissue of origin, SRA samples by
study accession ID, and TCGA samples by cancer accession code
and have referred to each individual group of samples as a “study”
to simplify nomenclature. We did not distinguish on the basis of
disease state or cancer status while organizing the data, until we
proceeded to compute the inputs to network inference. The num-
ber of genes retained after filtering varied by study, particularly in
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smaller SRA projects with limited sample size. These gene count
distributions are summarized in Supplemental Figure S1.

Identifying tissue type and cancer status

Wilks et al. (2021) demonstrated that, for human bulk RNA-seq
data, tissue or cell type of origin is the dominant source of gene ex-
pression variation, with clear tissue-specific clustering visible in
the top four principal components. Building on this, wemanually
refined annotated labels (Supplemental File 4) and grouped 95,484
samples and 5999 genes (with nonzero variance) using t-SNE di-
mensionality reduction and clustering. Because cancerous and
noncancerous samples did not separate distinctly in the t-SNE
space, we used manually annotated labels to restrict the analysis
to 63,193 noncancerous samples.

To maximize sample size, we merged similar tissues into
broader tissue contexts (Supplemental Table S1), defined as
a group of samples with similar cell-type composition. Recogniz-
ing that gene expression can also vary due to technical factors
such as batch effects and library size, we estimated the relative en-
richment of 64 stromal and immune cell types using xCell gene
signatures (Aran et al. 2017). Enrichment vectors for each sample
were then used for visualization and clustering via t-SNE, allowing
us to group samples by shared cellular composition into distinct
tissue contexts.

For 24 contexts with more than 500 samples, we removed
outliers using six different outlier detection methods
(SupplementalMethods: “Outlier callingmethods to refine sample
selection”; Supplemental Fig. S2). We examined whether selecting
outliers based on any metric, including outliers labeled by one,
two, or three metrics significantly impacted our estimate of the
empirical covariance matrix from the data. We compared the
Frobenius norm of the differences in empirical covariance estimat-
ed for a particular tissue context with varying stringency on the in-
clusion criterion to the difference in the empirical covariance
matrix estimated across contexts.We observed that the differences
in the covariance estimates for varying the exclusion criterion
were, in general, much smaller than the differences between two
unrelated contexts, and hence we included samples within a tis-
sue-specific context if it was labeled an outlier by two or fewermet-
rics to maximize the number of samples available for downstream
analysis (Supplemental Fig. S4).

Although this works with simpler tissue categories such as
blood, skeletal muscle, or colon, where the samples have relatively
homogenous cell-type compositions, for the immune system,
which comprises samples from the distinct myeloid, lymphoid,
and innate immune systems, these outlier metrics failed due to
large intersample variation. Therefore, for immune cell types, we
first performed k-means clustering with three centroids using the
in-built kmeans() function.We annotated the three resulting clus-
ters based on the representation of manually annotated labels in
each cluster as either B cells, myeloid cells (including monocytes
and macrophages), or PBMCs w/T cells (Supplemental Fig. S3).
For each cluster, we performed outlier detection using all sixmeth-
ods outlined above and excluded samples that were found to be
outliers in any two methods.

Data correction and aggregation

Principal component (PC)-based correction methods can account
for technical and biological artifacts that confound gene expres-
sion measurements and reduce false-positives in gene network in-
ference (Parsana et al. 2019). However, these methods have been
applied to one experiment and not across multiple experiments
from disparate sources.We systematically compared four strategies

of data aggregation. In the first approach (aggregating data), ex-
pression data were pooled across all studies of interest, and con-
founders were estimated jointly from the combined data set.
This strategy reflects a global correctionmodel inwhich confound-
ing structure is assumed to be shared across data sets.

In the second approach (aggregating data adjusted for con-
founding), confounder correction was performed independently
within each study before combining the corrected data. This ad-
dresses the possibility that latent structure differs across studies.
The third and fourth approaches involved aggregating covariance
matrices rather than gene expression matrices. In the unweighted
aggregation of covariance matrices strategy, we treated each study
equally and computed the average of study-level covariancematri-
ces after within-study correction. In contrast, the weighted aggre-
gation of covariance matrices strategy assumed that larger studies
yieldmore reliable estimates, and weweighted each study’s contri-
bution by its sample size. Both approaches avoid direct normaliza-
tion across heterogeneous data sets and instead pool structure at
the level of gene–gene covariance. Complete implementation de-
tails for all four strategies are provided in the Supplemental
Methods: “Detailed procedures for data correction and aggregation
strategies.”

Network reconstruction with graphical lasso

Following the computation of aggregate covariancematrices using
the strategies outlined in Supplemental Methods: “Detailed proce-
dures for data correction and aggregation strategies,” we inferred
gene regulatory relationships using graphical lasso (Friedman
et al. 2008). The desired network structure is obtained by identify-
ing the precision matrix, Θ=Σ−1 that maximizes the penalized log-
likelihood given by Equation 1, whereC is the estimated covariance
matrix

Q̂ = argminu tr(C.Q) − log |Q| + l||Q||1. (1)

We estimated the precision matrix Θ across a range of λ between
0.04 and 1.00 in intervals of 0.02using the RpackageQUIC (version
1.1.1). For genes p and q, an edge connecting them exists if the cor-
responding entry in the precision matrix is nonzero, as given by
Equation 2:

N̂ p, q = 1, if |Q̂ p, q | . 0
0, otherwise

. (2)

Network evaluation to determine the optimal

aggregation strategy

To evaluate the impact of different data correction and aggregation
strategies on network quality, we applied all four approaches (see
Supplemental Methods: “Detailed procedures for data correction
and aggregation strategies”) to noncancerous samples from two
partitions: GTEx and SRA. GTEx samples were organized by tissue
type, excluding tissues with fewer than 15 samples (e.g., kidney
medulla), resulting in 49 tissue-level groups. For the SRA non-
cancer partition, we selected 566 studies with noncancer annota-
tions and at least 15 samples per study.

To assess how increasing sample size affects network perfor-
mance, we constructed aggregate networks by sequentially adding
studies or tissues in order of increasing sample size. For SRA, we
evaluated networks at one, 100, 200, 300, 400, 500, and all 566
studies. For GTEx, we tested one, 10, 20, 30, 40, and 49 tissues.
Each network was inferred using graphical lasso over a grid of pe-
nalization parameters between 0.04 and 1.00. Supplemental
Table S2 summarizes the number of samples, studies, median sam-
ple size, and principal components regressed at each aggregation
level.
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To compare network quality across aggregation strategies and
sample sizes, we used two evaluation criteria: (1) held-out log-like-
lihood on independent data sets to measure generalizability; and
(2) biological validity based on (a) enrichment for known pathway
comembership, and (b) transcription factor–target interactions.
Precision, recall, and F1-score were computed for each network us-
ing standardized reference sets. Full computational details for all
evaluation metrics are provided in the Supplemental Methods:
“Detailed evaluation metrics to determine the impact of data
aggregation.”

Network inference with WGCNA

To evaluate the effect of data aggregation on module-based gene
coexpression networks, we used the WGCNA R package (version
1.72-5) (Langfelder and Horvath 2008).We constructed consensus
networks by aggregating samples incrementally across three set-
tings: (1) GTEx tissues in batches of one, three, 10, 30, and all 49
tissues; (2) noncancerous SRA studies in batches of one, 10, 20,
30, 100, 300, and all 566 studies; and (3) SRA studies annotated
as blood in batches of one, 20, 40, 60, and 65. For each aggregation
level, we applied principal component correction to the individual
studies or tissues before combining them. We retained only genes
that were present in all data sets being aggregated. After perform-
ing standard WGCNA preprocessing, we estimated the adjacency
matrix for each individual data set using a power parameter select-
ed to ensure approximate scale-free topology. Consensus networks
were then constructed by aggregating topological overlapmatrices
(TOMs) across studies. Modules were identified by hierarchical
clustering followed by dynamic tree cutting from the WGCNA
package, and similar modules were merged based on eigengene
correlation. For each inferred network, we evaluated functional rel-
evance by computing precision, recall, and F1-score based on
known gene-gene interactions obtained by curating pathway in-
formation from KEGG, Biocarta, and Pathway Interaction
Database from Enrichr and selected those pathways that were an-
notated as canonical pathways by MSigDB. Full computational
procedures and parameter thresholds are provided in the
Supplemental Methods: “Detailed procedures for WGCNA-based
aggregation and evaluation.”

Inference of consensus and tissue context-specific networks

We inferred consensus networks across samples from disparate tis-
sues and cell types to capture shared biological pathways across
contexts. Because weighted covariance aggregation yielded the
best performance among the four data correction and aggregation
strategies, we grouped SRA samples by study accession ID, GTEx
samples by tissue of origin, and TCGA samples by cancer code.
We inferred the network structure over a range of penalization pa-
rameters from 0.08 to 1.00. We constructed three types of consen-
sus networks (universal, noncancer, and cancer), each defined by
different sample inclusion criteria (see Supplemental Methods:
“Construction of consensus networks” for details).

We inferred context-specific networks in 27 contexts with
500 or more samples. Details of the number of samples, studies,
and median sample size across studies for each context are provid-
ed in Supplemental Figure S16. For 20 contexts including adipose,
B cells, blood, breast, cardiac, central nervous system, colon,
esophagus, fibroblasts, intestine, kidney, liver, lung, nervous sys-
tem, pancreas, prostate, skeletal muscle, skin, stomach, and vascu-
lar, we inferred networks either using GTEx sample only or by
aggregating context-specific samples from recount3 which includ-
ed GTEx. For each context-specific network, we first performed
PC-based data correction within each study followed by covari-

ance estimation and aggregation by weighting the covariance ma-
trix with the proportion of study-specific sample size to the total
number of samples, as detailed in Supplemental Methods:
“Detailed procedures for data correction and aggregation strate-
gies.” We then inferred GCNs using graphical lasso using
Equations 1 and 2.

Evaluating the impact of data aggregation on the inference of

consensus and context-specific networks

To evaluate whether aggregating samples across studies improves
the performance of consensus and context-specific networks, we
computed the precision, recall, and F1 score of observing known
gene coregulatory relationships annotated in canonical biological
pathways compiled across KEGG, Biocarta, and the Pathway
Interaction Database, as detailed in Supplemental Methods:
“Detailed evaluation metrics to determine the impact of data ag-
gregation.” For consensus networks, we compared F1 scores across
the universal, noncancer, and cancer networks over a range of net-
work sizes from 5000 to 500,000 edges.

To test context-specific network performance we focused on
the two largest contexts: blood and CNS. For each of these con-
texts, we sequentially aggregated SRA studies by increasing sample
size and inferred networks. We then evaluated the generalizability
of the networks inferred across varying numbers of samples by
computing the held-out log-likelihood using the corresponding
GTEx tissues as held-out test sets (Supplemental Methods:
“Computation of held-out log-likelihood for content-specific
networks”).

Additionally, for six contexts (adipose, blood, CNS, liver,
lung, and skin), we compared contex-specific networks construct-
ed solely from GTEx to those derived through data aggregation by
assessing the enrichment of tissue-specific protein-protein interac-
tions from the SNAP database. Odds ratios for enrichment were
computed using Fisher’s exact test. Additional statistical proce-
dures, including two types of permutation testing and a
Wilcoxon rank-sum test for comparing aggregated versus GTEx
only networks, are described in the Supplemental Methods:
“Determining enrichment of known tissue-specific PPI
interactions.”

Sparsity parameter selection for consensus and context-specific

networks

For each of the three consensus networks and 27 context-specific
networks, we evaluated the degree distribution of inferred net-
works across a range of penalization parameters. Specifically,
we identified scale-free networks as those where the degree distri-
bution followed a power law with an estimated scaling exponent
between 2 and 3 and a coefficient of determination (R2) >0.8.
Additional methodological details, including model fitting and
confidence interval calculations, are provided in the Supplemental
Methods: “Detailed description of sparsity parameter selection.”
Summary statistics and selected network parameters are reported
in Supplemental Tables S6 and S7.

Computing gene centrality measures based on network structure

We computed measures of network connectivity for each gene in
the network with the igraph R package (version 1.3.5) (Csardi
andNepusz 2006).We used the absolute value of entries in the pre-
cision matrix (Methods: “Network reconstruction with graphical
lasso”) to define edgeweights between genes andnormalized these
values by themaximumedgeweight across the entire graph. Using
these weights, we calculated gene-level centrality using several
standard metrics: betweenness, closeness, degree, strength,
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maximum edge weight, and PageRank. For each gene, we used dis-
tance-based weights to compute betweenness and closeness cen-
trality, whereas normalized edge weights were used for the
remaining centralitymeasures. Details of how each centralitymet-
ric was computed, including mathematical formulas and algo-
rithms used, are provided in the Supplemental Methods:
“Computation of centrality measures.” Correlations between cen-
trality measures across select networks are shown in Supplemental
Figure S24.

Enrichment of specific pathways among central genes in

consensus and context-specific networks

To assess whether highly connected genes in inferred networks
were enriched for known biological functions, we developed a ge-
neral framework to test for the enrichment of functional gene sets
among central genes. For each network, we estimated node degree
(seeMethods: “Computing gene centrality measures based on net-
work structure”) and assessed functional enrichment at a series of
increasing degree thresholds (SupplementalMethods: “Functional
enrichment analysis of central genes”). For the consensus net-
works, we first selected the value of the penalization parameter
such that the resulting network had∼7000 edges. We then deter-
mined the odds ratio of finding genes belonging to ubiquitous bi-
ological processes among network nodes selected by successively
increasing degree thresholds and compared the results to those ob-
tained fromblood- and CNS-specific networks with a similar num-
ber of edges. Full details of GO terms corresponding to ubiquitous
biological processes are provided in Supplemental Table S8.

We extended this analysis to context-specific networks by se-
lecting GO terms relevant to each context and testing for enrich-
ment among high-degree nodes. For each of six contexts (blood,
CNS, skin, lung, liver, and adipose), we selected one network in-
ferred solely fromGTEx samples and one inferred from aggregated
samples (including GTEx) with ∼7000 edges. For example, in the
blood context, we tested enrichment for GO terms such as leuko-
cyte migration, leukocyte activation, and blood coagulation
among high-degree nodes. As negative controls, we compared
the observed enrichment in the blood-specific networks to that
found in an unrelated context-specific network inferred across ag-
gregated samples, as well as the universal and noncancer consen-
sus networks. A complete list of GO terms tested for each
context is provided in Supplemental Table S8.

In a separate analysis, we compared inferred context-specific
networks to gold standard tissue-specific networks from
HumanBase (Greene et al. 2015). For each inferred network, we as-
signed nodes to degree-based bins and tested whether high-degree
genes in our networks were enriched for hub genes (defined as
those above the 80th percentile in degree) in the corresponding
HumanBase network. Enrichment was tested across bins to assess
the degree towhich centrality in inferred networks aligns with reg-
ulatory importance in an external reference. Detailed procedures
for these enrichment analyses are described in Supplemental
Methods: “Enrichment of HumanBase hub nodes among central
network nodes.”

Excess overlap of genes grouped by centrality measures

with known evolutionarily constrained and functionally

prioritized gene sets

We grouped genes for each consensus network such that the first
bin includes genes with a closeness centrality of 0, the second
bin contains nodes with closeness centrality in the lowest 25th per-
centile, the third bin includes genes with closeness centrality in
the 25th–50th percentile, the fourth bin includes genes with close-

ness centrality in the 50th–75th percentile, and the fifth and final
bin includes genes with closeness centrality greater than the 75th

percentile.
For each bin, we computed the excess overlapwith evolution-

arily constrained and functionally prioritized gene sets as defined
in Kim et al. (2019). We quantified enrichment by comparing
genes in bin i, Gi

b with each reference gene set j, Gj
r , relative to

the set of all genes in the network Gtot, using the following equa-
tions:

Pd = |Gj
r > Gi

b|
| Gi

b|
, (3)

Ptot = |Gj
r > Gtot|
|Gtot| , (4)

excess overlap (Gi
b, G

j
r) =

Pd
Ptot

, (5)

SE excess overlap (Gi
b, G

j
r) =

�������������

Pd(1− Pd)
|Gi

b|

√

/Ptot. (6)

Details on the reference gene sets are provided in the
SupplementalMethods: “Reference gene sets used for overlap anal-
ysis” and in Supplemental Table S9.

Identifying biological processes associated with shared

and distinct hub genes from noncancer and cancer

consensus networks

In accordance with the scale-free criterion, we selected the non-
cancer network inferred using a penalization parameter λ=0.18,
resulting in a network with 7355 edges, and the cancer consensus
network corresponding to the penalization parameter λ=0.24 and
a network with 7552 edges to compare the biological processes
which are represented by shared and distinct network hubs.
First, we defined hub genes as network nodes with a closeness
centrality in the 90th percentile independently for each consensus
network, such that the noncancer hub genes are given by HN

and the cancer hub genes are given by HC. We then identified
hub genes shared between cancer and noncancer consensus
networks HS = HN > HC, noncancer-specific hub genes
HNS = HN > H ′

C, and cancer-specific hub genes as HCS = HC >
H ′

N (Supplemental Table S11). We then used the GOTermFinder
tool (Boyle et al. 2004) to identify GO terms that are shared by
the genes in the sets HS, HNS, and HCS.

Examining the differences in the degree distribution

of tissue-specific versus general transcription factors

in consensus and context-specific networks

We selected context-specific networks inferred from CNS, blood,
cardiac, skin, lung, skeletal muscle, and pancreas samples from re-
count3 which each had approximately 7000 edges (Supplemental
Table S12). Additionally, we selected values of the penalization pa-
rameter λ which yielded universal and noncancer consensus net-
works with∼7000 edges. We referred to Pierson et al. (2015) to
obtain a list of tissue-specific and general transcription factors
which are provided in Supplemental Table S10. To select a back-
ground set of non-TFs, we first obtained the intersection of genes
which were included in each network considered. Then, we
excluded both general and tissue-specific TFs from this list and ran-
domly selected 100 of these genes. The selected background is pro-
vided in Supplemental Table S10. For each network, we compared
the degree distribution of tissue-specific and general transcription
factors to non-TFs and the degree distribution of tissue-specific to
general transcription factors using the Wilcoxon rank-sum test.
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Across all tests, we adjusted for multiple hypothesis correction us-
ing the Holm-Bonferroni method.

Nonnegative matrix factorization to determine shared

coregulatory relationships in similar tissues

We selected context-specific networks with ∼7000 edges across 27
contexts for which we inferred GCNs by aggregating samples as-
signed to the context from recount3 (Supplemental Table S12).
Further, the selected networks were in accordance with the scale-
free selection criterion detailed in Methods: “Sparsity parameter
selection for consensus and context-specific networks.” For each
network, we identified hub genes as network nodes with a degree
centrality in the 95th percentile. Across the 27 contexts, we found
3682 unique hubs.We subsetted to hubs that are present in at least
two contexts, which resulted in 1956 hubs. We then used the R
package RcppML (version 0.3.7; https://cran.r-project.org/web/
packages/RcppML/index.html) to perform nonnegative matrix
factorization to learn eight underlying factors to group similar pat-
terns of hub genes. Specifically,H is a binarymatrix of dimensions
NHubs × Nc, where Nc is 27 (i.e., the number of contexts). Hi, j = 1
when the ith gene is a hub gene in context j andHi, j = 0 otherwise.
We then obtain matricesW of dimensions NHubs × 8, and C of di-
mensions Nc × 8 by solving the following optimization function

min ||H −WCT || such that W ≥ 0, C ≥ 0. (7)

Finally, we chose a solution after 10 iterations that resulted in
the greatest sparsity, that is, smallest values of W‖ ‖1 and C‖ ‖1. To
interpret the resulting context cluster, we examined the genes that
contributed the most to the corresponding factor. Specifically, for
a given factor,W[:, p], we first obtained genes with loadings in the
80% percentile. Then, for each gene we computed the maximum
difference between the loading of the gene on factor p to all other
factors and selected geneswhere this difference is≥ 5 ×10−5. Thus,
we obtained a set of factor-specific hub genes Gp (Supplemental
Table S13). We then used the GOTermFinder tool (Boyle et al.
2004) to identify GO terms that were more likely to be present in
the set Gp than a background of all protein-coding genes by esti-
mating the odds ratio and P-value by applying the hypergeometric
test.

Stratified LD-score regression to quantify the heritability

enrichment of variants proximal to central network genes

in consensus and context-specific networks

We applied stratified LD-score regression (Finucane et al. 2015) to
assess whether SNPs near central genes in inferred networks con-
tributed disproportionately to complex trait heritability. For the
following networks—universal consensus, noncancer consensus,
blood-specific (inferred fromonlyGTExdata and across aggregated
data from recount3), and CNS-specific (inferred from only GTEx
data and across aggregated data from recount3)—we obtained
annotations corresponding to six different centrality measures,
that is, degree, betweenness, closeness, maximum edge weight,
strength, and PageRank (Methods: “Computing gene centrality
measures based on network structure”) by transforming the cen-
trality scores to lie between 0 and 1. Each SNPwas annotated based
on the centrality of genes within 100 kb, taking the maximum
value when multiple genes were nearby. These annotations were
tested for heritability enrichment and standardized effect (tc∗) us-
ing s-LDSC under two models: (1) one including only an all-genes
annotation; and (2) another including the all-genes annotation
and 97 annotations from the baseline-LD v2.2 model (Villar
et al. 2015; Gazal et al. 2017; Marnetto et al. 2018; Hujoel et al.
2019). Trait sets (Supplemental Methods: “Description of trait

sets used in sLDSC”) included 42 curated traits (Kim et al. 2019;
Supplemental Table S14), 219 UK Biobank traits (Supplemental
Table S15), nine blood-related traits (Supplemental Table S16),
and nine CNS-related traits (Supplemental Table S17). All net-
works used in the analysis satisfied the scale-free degree criterion
(see Methods: “Sparsity parameter selection for consensus and
context-specific networks”). Final enrichment and tc∗ estimates
were summarized using random-effects meta-analysis by using
the function meta.summaries() from the R package rmeta (version
3.0; https://cran.r-project.org/web/packages/rmeta/rmeta.pdf).
Full procedural details and model specifications are provided
in Supplemental Methods: “Stratified LD score regression
procedures.”

Data access

Scripts to reproduce the analysis and figures included in this paper
are available in the Supplemental Code and can also be accessed at
GitHub (https://github.com/prashanthi-ravichandran/recount3_
networks). Networks and annotations used in this project can be
obtained from Zenodo (https://zenodo.org/records/10480999).
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Tomczak K, Czerwińska P,WiznerowiczM. 2015. The Cancer Genome Atlas
(TCGA): an immeasurable source of knowledge.ContempOncol 19:A68–
A77. doi:10.5114/wo.2014.47136

van Dam S, Võsa U, van der Graaf A, Franke L, de Magalhães JP. 2017. Gene
co-expression analysis for functional classification and gene–disease
predictions. Brief Bioinform 19: bbw139. doi:10.1093/bib/bbw139

Villar D, Berthelot C, Aldridge S, Rayner TF, Lukk M, Pignatelli M, Park TJ,
Deaville R, Erichsen JT, Jasinska AJ, et al. 2015. Enhancer evolution
across 20 mammalian species. Cell 160: 554–566. doi:10.1016/j.cell
.2015.01.006

Wang X, Choi D, Roeder K. 2021. Constructing local cell-specific networks
from single-cell data. Proc Natl Acad Sci 118: e2113178118. doi:10.1073/
pnas.2113178118

Wilks C, Zheng SC, Chen FY, Charles R, Solomon B, Ling JP, Imada EL,
ZhangD, Joseph L, Leek JT, et al. 2021. recount3: summaries and queries
for large-scale RNA-seq expression and splicing. Genome Biol 22: 323.
doi:10.1186/s13059-021-02533-6

Wolf DM, Lenburg ME, Yau C, Boudreau A, van ‘t Veer LJ. 2014. Gene co-
expression modules as clinically relevant hallmarks of breast cancer
diversity. PLoS One 9: e88309. doi:10.1371/journal.pone.0088309

Zhou K-R, Liu S, Sun W-J, Zheng L-L, Zhou H, Yang J-H, Qu L-H. 2017.
ChIPBase v2.0: decoding transcriptional regulatory networks of non-
coding RNAs and protein-coding genes from ChIP-seq data. Nucleic
Acids Res 45: D43–D50. doi:10.1093/nar/gkw965

Zhu X, Duren Z, Wong WH. 2021. Modeling regulatory network topology
improves genome-wide analyses of complex human traits. Nat
Commun 12: 2851. doi:10.1038/s41467-021-22588-0

Received April 18, 2025; accepted in revised form July 8, 2025.

Data aggregation improves network inference

Genome Research 2103
www.genome.org


