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A BSTRACT
Expression quantitative trait loci (eQTLs) have been identified for most genes in the
human genome across nearly 50 tissues or cell types. While most of the eQTLs are near
the associated genes, some can be far away or on different chromosomes, with the regulatory mechanisms largely unknown. Here, we study cis- and trans-regulation of eQTLs
across multiple tissues and cell types. Specifically, we constructed trios consisting of an
eQTL, its cis-gene and trans-gene and inferred the regulatory relationships with causal
network inference. We identify multiple types of regulatory networks for trios: across all
the tissues, more than half of the trios are inferred to be conditionally independent, where
the two genes are conditionally independent given the genotype of the eQTL (cis-gene
← eQTL → trans-gene). Around 1.5% of the trios are inferred to be mediation (eQTL
→ mediator → target), around 1.3% fully connected among the three nodes, and just a
handful v-structures (eQTL → gene 1 ← gene 2). Unexpectedly, across the tissues, on
average more than half of the mediation trios have the trans-gene as the mediator. Most of
the mediators (cis and trans) are tissue specific. Furthermore, cis-gene mediators are significantly enriched for protein-coding genes compared with the genome average, whereas
trans-gene mediators are significantly enriched for pseudogenes and depleted for long noncoding RNAs (lncRNAs).
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1. I NTRODUCTION
Gene expression is regulated by genetic variants, among many factors. Expression
Quantitative Trait Loci (eQTLs) have been identified to be widespread in the genome
by several other consortia [1, 2, 3, 4, 5, 6]. In particular, the Genotype-Tissue Expression
(GTEx) Consortium examines the expression profiles and identifies regulatory variants in
around 50 tissues and cell types. They have identified at least one cis-eQTL (i.e., the eQTL
is near its target gene, which is the cis-gene of this eQTL) for nearly all the protein-coding
genes and nearly 70% of the long intergenic noncoding RNA (lincRNA) genes, as well
as a small number of interchromosomal trans-eQTLs (i.e., the eQTL is far away from its
target gene, which is the trans-gene of the eQTL). On the other hand, trans-eQTLs are
enriched in the GWAS (genomewide association study) Catalog variants [2], suggesting
potentially important roles of trans-eQTLs in complex traits and diseases.
However, the relationship between the cis- and trans-gene of the same eQTL remains
unclear. A popular model is cis-gene mediation, where eQTL regulates the cis-gene (e.g.,
a transcription factor), which acts as the mediator and regulates the trans-gene [3, 7, 8,
9, 10, 11, 2, 12], possibly through regulatory elements (such as cis-regulatory domains,
which may contain transcription factor binding sites) on the genome [11]. However, other
modes of relationships have also been observed: Bryois et al. (2014) [3] analyzed 869 lymphoblastoid cell lines with a highly conservative approach and identified 49 cases where
the eQTL regulates the cis-gene and the trans-gene independently, and 2 cases where the
eQTL affects the trans-gene, which in turn affects the cis-gene, in addition to 19 cis-gene
mediation trios. Delaneau et al. (2019) also estimated a high probability of 0.86 for an
eQTL to regulate the cis- and trans-gene independently [11]. Furthermore, there is experimental evidence supporting functionally important inter-chromosomal interactions exist.
For example, enhancers located on multiple chromosomes may converge and regulate the
expression of olfactory receptor genes in cis and in trans [13, 14], suggesting that transregulation may be complex and much of it remains unknown.
Analyses of the multiple tissues and cell types of the GTEx consortium have further
demonstrated tissue sharing and tissue specificity in the effect of eQTLs: around 80% of
all the eQTLs found are shared in more than five tissues, and 25-30% of all the eQTLs are
shared in nearly all the GTEx tissues [2]. To better understand regulation of cis- and transgenes across tissues, we take a network approach to classify possible causal relationships
in trios of an eQTL and its cis- and trans-target genes using 48 tissues and cell types in the
GTEx version 8 data [2]. Our analysis goes beyond cis-mediation and also accounts for
potential confounding from other genes. Our analysis further examines tissue sharing and
specificity of these causal relationships.
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2. R ESULTS
2.1. Multiple types of regulatory networks are identified for trios. Using our MRPC
(incorporating the principle of Mendelian Randomization into the PC algorithm [15]; the
PC algorithm is named after developers Peter Spirtes and Clark Glymour [16]) method
(version 3.0.0; https://cran.r-project.org/web/packages/MRPC/index.html) and
accounting for potential confounding variables, we were able to identify multiple types
of regulatory networks for trios (see Section “MRPC analysis accounting for confounding" in Methods for a detailed explanation of why we used MRPC for inference). The
more interesting types among them are mediation (M1 ), v-structure (M2 ), conditional independence (M3 ), and fully connected (M4 ) (Figure 1A). In these networks, the two genes
have correlated expression levels, although the correlation arises from different regulatory
mechanisms. Specifically, in the mediation network, the eQTL acts as the instrumental
variable, and one gene acts as the mediator between the eQTL and the other gene. When
conditioned on the mediator, the downstream target is determined only by the mediator
and is independent of the eQTL. In the network of conditional independence, the two
genes are regulated by the same eQTL, inducing correlation between the two genes, even
though there is no direct relationship between them. In the fully connect network, the two
genes are not only regulated by the same eQTL, but also influence by additional, unknown
processes between the two genes that lead to extra correlation between them. By contrast,
in the v-structure network, both the eQTL and a gene are the parents of the other gene.
Whereas the eQTL and the “parent" gene are independent, their information becomes dependent when the expression of the “child" gene is given. Apart from these networks,
there are also inferred networks with only one edge – these are under the null model (M0 )
category or the “other" category.
Across tissues, the number of trios we selected for network inference varies from 1,729
to 13,224 (median: 6,230; mean: 6,738; Supplementary Table 1). This number generally
increases with the sample size (median: 235; mean: 315.2; Supplementary Figure 1). We
further derived principal components (PrCs) from the whole-genome gene expression data
in each tissue. Using Holm’s method to control the familywise error rate across all the
p-values at 5% [17], we identified PrCs that are highly significantly associated with the
eQTLs or genes in all the trios of that tissue. We then applied MRPC to each trio, together
with the associated PrCs. The number of PrCs included in the trio analysis varies from 0
to 13 across tissues (median: 0-2; Supplementary Table 2).
Among these trios (Figure 2, Supplementary Table 1), over half are inferred to be conditionally independent (median: 56.5%; mean: 55.3% across tissues), around 1.5% to be
mediation (median: 1.5%; mean: 1.6% across tissues), about 1.3% to be fully connected
(median: 1.3%; mean: 1.3% across tissues), and just a handful v-structures (median: 4;
mean: 4.5 across tissues). Examples are provided in Figure 3; the same eQTLs or genes
may appear in multiple tissues.
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2.2. Cis- versus trans-gene mediation. The mediation network type is of particular interest, as in general the hypothesis is that an eQTL regulates its trans-gene target through
the cis-gene, which acts as a mediator. We term this the “cis-gene mediation" (Figure 1B).
A trans-gene may also act as a mediator; we term this type of mediation the “trans-gene
mediation" (Figure 1B). Several studies have examined cis-gene mediation [3, 10, 2]. In
particular, Yang et al. [10] systematically identified trios of cis-gene mediation across
GTEx tissues, using their GMAC (Genomic Mediation analysis with Adaptive Confounding adjustment) method, which is also based on the principle of Mendelian randomization
and accounts for confounding variables. However, Yang et al. focused on trios with strong
associations and examined a much smaller number of trios in each tissue (median: 1,112.5;
mean: 1,473; around one fifth of the number of trios we examined). On the other hand,
at 5% FDR, they identified more trios of cis-gene mediation than we did in more than
half of the tissues: specifically, they identified a median of 102.5 (mean: 140.0) cis-gene
mediation trios, whereas we identified a median of 98.5 (mean: 91.7) mediation (of both
types) trios across all tissues. Take whole blood for example, they identified 281 trios of
cis-gene mediation, whereas we identified 131 mediation trios of both types.
Unexpectedly, our inference results include a large number of trios of trans-gene mediation (Figure 4; Supplementary Tables 3, 4 and 5; see examples in Figure 3A). In fact,
often more than half (59% across all tissues; median: 60%; mean: 59%) of the mediation trios are of trans-gene mediation. Specifically, among the mediators, there are 1,005
cis-genes, 1,898 trans-genes, and 91 genes that are both cis- and trans-genes for an eQTL
(Supplementary Table 6). Some of these mediators are shared in more than one tissue;
that is, the same gene is a mediator in a trio in one tissue, and also a mediator in a different trio in another tissue (Figure 5; Supplementary Tables 4 and 5). Among the 1,005
cis-gene mediators, 213 (21%) are shared in more than one tissue, and the distribution of
shared tissues follows an exponential decay. Among the 1,898 trans-genes mediators, by
contrast, only 94 (5%) are shared in more than one tissue, and the distribution follows a
faster exponential decay.
We examined a few examples in detail (Figure 3). The protein-coding gene ICOSLG
(Inducible T Cell Costimulator Ligand) on chromosome 21 is inferred to be the mediator
to ENSG00000277117, a novel gene similar to itself, across multiple tissues (Figure 3A).
The median of the absolute correlations is 0.44 between the eQTL and ICOSLG, and is
only 0.002 between the same eQTL and the trans-gene, supporting the cis-gene being the
mediator. Similarly, the lncRNA MAP3K2-DT (MAP3K2 Divergent Transcript, where
MAP3K2 stands for Mitogen-Activated Protein Kinase Kinase Kinase 2) on chromosome
2 is a mediator to a number of genes in multiple tissues (Figure 3A). The median absolute
correlation is 0.74 between the eQTL and the cis-gene, and is also only 0.002 between the
eQTL and the corresponding trans-gene.
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The correlation patterns are reversed in trans-gene mediating trios. For example, the
pseudogene MTND1P23 (MT-ND1 Pseudogene 23, where MT-ND1 stands for Mitochondrially Encoded NADH:Ubiquinone Oxidoreductase Core Subunit 1) is inferred to be the
mediator in many trios across a large number of tissues, including whole blood, nerve
tibial, skin and so on (Figure 3B). The cis-genes in these trios are often protein-coding
genes: for example, in whole blood, all the cis-genes displayed in Figure 3B are proteincoding genes, except for RPL3P7 (Ribosomal Protein L3 Pseudogene 7), which is also a
pseudogene. In whole blood, the median absolute correlation is 0.30 between the eQTL
and MTND1P23, and is 0.09 between the eQTL and the corresponding cis-gene. In nerve
tibial, the medians are 0.38 and 0.08, respectively. Therefore, the data is consistent with
the trans-gene mediation model, where the association with the eQTL attenuates when the
regulatory signal moves from the eQTL to the mediator and next to the target.
2.3. Gene type enrichment among cis-gene and trans-gene mediators. We next investigated whether the mediators are enriched for a specific type of genes (Figure 6; Supplementary Table 7). We used the Ensembl human gene annotations and grouped the gene
types into four broad categories: protein-coding genes, pseudogenes, lncRNAs, and others. Multiple RNAs, such as miRNA, snoRNA, etc., were lumped into the “other" category
due to low occurrences. The percentages of protein-coding genes and lincRNA are higher
among cis-gene mediators (52% and 26%, respectively) than among the trans-gene mediators (27% and 20%), whereas the percentage of pseudogenes is lower in cis-gene mediators
(19%) than in trans-gene mediators (31%) (Supplementary Table 8). When compared with
the whole genome, we observe statistically significant enrichment of protein-coding genes
among cis-gene mediators, enrichment of pseudogenes among trans-gene mediators, and
depletion of lincRNAs among trans-gene mediators, all with chi-square test p-values less
than 10−6 (Supplementary Table 8).
2.4. Analysis of HiC sequencing data for trios of trans-gene mediation. We also examined the HiC sequencing data for physical interactions in multiple cell types (lung, skin,
lymphoblastoid cells, and fibroblast cells; [18, 19, 20]; see “HiC sequencing data analysis"
in Methods) for potential evidence that may support trans-gene mediation. HiC sequencing reads indicate that two loci on the genome are physically close in space, even when
the loci are far apart on the linear genome [21]. Studies of promoter-enhancer interactions
have suggested that enhancers that may be located far away from a gene can be brought
close to the promoter of this gene through chromatin looping, thus facilitating the regulation of gene expression [13, 14]. Here, we were interested in regulation of an eQTL and its
trans-gene mediators. The hypothesis is that trans-regulation may involve physical contact
between the eQTL and the gene, which may be captured by HiC sequencing. However, we
did not observe significant enrichment of HiC reads for any trio of trans-gene mediation
(Supplementary Tables 9).
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For example, in fibroblasts (Supplementary Tables 9), we were able to extract as many
as 226 HiC reads between a 200kb neighborhood of the eQTL at chr1:46,309,111 and a
200kb neighborhood of its trans-gene UQCRHL also on chr1 at chr1:15,807,169-15,809,348
(30.5 Mb away from the eQTL). When we performed Monte Carlo simulation to generate the null distribution of the HiC reads for chromosome 1, we obtained a Monte Carlo
p-value of 0.07 (with a q-value of 0.54). In skin that is unexposed to the Sun (Supplementary Tables 9), between the eQTL at chr17:28,499,368 and its trans-gene TSPO at
chr22:43,151,547-43,163,242, we were able to extract only 2 reads, although low numbers
of interaction reads are common between two chromosomes. The Monte Carlo p-value
was 0.27 with a q-value of 1.00.

2.5. Sensitivity analysis of the results to the choice of FDR control methods in MRPC.
MRPC allows for different FDR control methods to be incorporated into network inference
(see “MRPC analysis accounting for confounding" in Methods). The LOND (the significance Level based On the Number of Discoveries so far) method ([22]; referred to as
“MRPC-LOND" hereinafter) is known to be conservative: our simulation studies show
that it tends to infer fewer edges than there are, especially in larger networks [15, 23].
Do our conclusions change if the FDR control was less stringent and MRPC inferred
more edges? To examine this question, we re-analyzed the GTEx data, using the ADDIS
(ADaptive DIScarding) method [24] for FDR control; this option is also implemented in
our MRPC package (referred to as “MRPC-ADDIS" hereinafter). Our simulation showed
that MRPC-ADDIS was slightly less conservative than MRPC-LOND on three-node networks, although the difference is more pronounced on a larger network (Supplementary
Figure 2). As expected, MRPC-ADDIS identified more trios (in about 70% of all tissues)
with an interesting network structure (i.e., M1 -M4 ) (Supplementary Figures 3; Supplementary Table 10). Among all the trios, MRPC-ADDIS inferred a similar percentage of
conditional independence and mediation trios: over half are inferred to be conditionally
independent (median: 55.5%; mean: 55.0% across tissues), and around 1.9% to be mediation (median: 1.8%; mean: 2.0% across tissues). More trios were inferred to be fully
connected or v-structures: about 4.5% to be fully connected (median: 4.5%; mean: 4.6%
across tissues), and more v-structures (median: 22.5; mean: 25.88 across tissues).
Furthermore, MRPC-ADDIS identified more trios mediated by trans-genes, accounting
for about 70% of all mediation trios (compared to 60% with MRPC-LOND) (Supplementary Figures 4; Supplementary Tables 3, 11 and 12). This comparison provides additional
evidence that the strong presence of trans-gene mediation is less likely a computational
artifact. Similar to the MRPC-LOND results, cis- and trans-mediators inferred by MRPCADDIS are also often identified in multiple tissues, and the histograms of shared tissues
follow a similarly exponential decay (Supplementary Figure 5). We also observe statistically significant enrichment of protein-coding genes among cis-gene mediators, and
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enrichment of pseudogenes and depletion of lincRNAs among trans-gene mediators (Supplementary Figure 6; Supplementary Tables 6, 7 and 8). Nonetheless, unsurprisingly, HiC
analysis on these mediation trios did not yield positive results, either (Supplementary Table 13).
2.6. Comparing MRPC to GMAC on the mediation trios. To further validate the observation of many trans-gene mediation trios, we applied the GMAC method [10] (version
3.0; https://cran.r-project.org/web/packages/GMAC/index.html) introduced above
to all the candidate trios in five GTEx tissues with the largest sample sizes: adipose subcutaneous, tibial artery, muscle skeletal, sun exposed skin, and whole blood. GMAC aims
to infer in a trio whether the data supports the candidate mediator having an effect on the
target gene, even if the eQTL may also have a direct effect on the target. The candidate
mediator can be either a cis-gene or trans-gene, depending on how the two genes are ordered in the input. In our application, we applied GMAC to each trio twice: first treating
the cis-gene as a potential mediator, and next treating the trans-gene as a potential mediator. With this analysis, we were interested in testing whether a method different from
MRPC also identified many trans-gene mediation trios.
At an FDR of 10%, GMAC identified on average 393 (median: 401) cis-gene mediation
trios and 311 (median: 314) trans-gene mediation trios across the five tissues (Supplementary Table 14). Most of these trios are the same trios, and GMAC inferred mediation
when the cis-gene was the mediator and also when the trans-gene was the mediator. This
means that these trios follow an M4 model in our framework where the edge between the
two genes is bidirected (Figure 1). Nevertheless, this result is consistent with ours and
confirms that trans-gene mediation is at least as common as cis-gene mediation.
3. D ISCUSSION
Using our causal network inference method, we identified multiple types of regulatory
relationships in trios of an eQTL and its cis- and trans-genes, which provides a more
comprehensive picture of the complex relationships in trios. Across the tissues, more
than half of the trios are inferred to be conditionally independent, and around 1.5% of the
trios are inferred to be mediation. Interestingly, on average more than half of the mediation
trios have the trans-gene as the mediator. Furthermore, cis-gene mediators are enriched for
protein-coding genes compared with the genome average, whereas trans-gene mediators
are enriched for pseudogenes and depleted for lincRNAs.
An edge inferred by our statistical method indicates that the relationship is strong enough
not to be explained away by other factors we have considered. Such a strong relationship,
albeit still a statistical result, is therefore more likely to reflect a genuine regulatory relationship. On the other hand, it is very likely that an inferred edge condenses a complex
regulation process, which may involve many genes or processes other than transcription.
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However, although the number of trios we examined is on the order of thousands across
tissues, this is still a very small number of possible trios for the human genome. The trios
we considered here generally have strong association. This is because when multiple SNPs
were identified to be eQTLs for the same cis-gene, we used the SNP with the smallest pvalue. As a result, we may have missed many eQTLs that could have slightly weaker
association than the chosen one, but may have stronger association with trans-genes. The
distribution of the regulation types may be biased due to this omission, but the distribution
from our analysis is quantitatively comparable to that from other studies [3, 11], with the
majority of the trios being the conditional independence type, and a small percentage of
mediation trios.
Although surprising initially, the observation of a large number of trans-gene mediating
trios is consistent with existing literature on the prevalence of trans-regulation. As summarized by Liu et al. (2020) [25], trans-eQTLs contribute to 60-90% of the heritability
in gene expression across multiple studies [26, 27, 28, 29], suggesting that eQTLs often
regulate genes that are far away. Trans-gene mediation has also been identified before by
other studies. For example, [3] applied the CIT method to the lymphoblastoid cell lines
(LCLs) from a cohort of 869 individuals and identified 19 trios of cis-gene mediation, 2
trios of trans-gene mediation, as well as 49 conditional independent trios. The number of
trans-gene mediation trios is low in this study, but the number of conditional independent
trios is also low, suggesting lower power to detect any type. Overall, the observation that
the conditional independent trios are much more frequent than mediation trios is consistent with our findings. Additionally, we detected the enrichment of pseudogenes among
trans-gene mediators. This is also consistent with functional studies that report pseudogenes acting as the trans-regulator of protein-coding genes, although such studies are still
scarce: for example, the pseudogene BRAFP1 (BRAF Pseudogene 1) on chromosome
X can regulate the protein-coding gene BRAF (B-Raf Proto-Oncogene, Serine/Threonine
Kinase) on chromosome 7 in cancer cells [30], and the pseudogene HBBP1 (Hemoglobin
Subunit Beta Pseudogene 1) on chromosome 11 can regulate the transcription factor TAL1
(TAL BHLH Transcription Factor 1, Erythroid Differentiation Factor) on chromosome 1
during erythropoiesis [31]. Although these four genes appeared in tested trios for some
of the GTEx tissues in our analysis, no trios included the two specific pairs, likely due to
two reasons: i) the rather stringent criteria which we used for identifying trans-genes and
subsequently constructing the trios; and ii) the lack of suitable cell types in GTEx.
What is the potential mechanism for trans-gene mediation? GTEx found enrichment of
trans-eQTLs at CTCF (CCCTC-Binding Factor) binding sites, and hypothesized that such
eQTLs may disrupt CTCF binding, which influences the spatial chromatin interaction and
therefore gene expression [2]. Our analysis of the HiC data was inspired by the studies on
distal enhancers for olfactory receptor genes [13, 14], and assumed direct contact between
an eQTL and its trans-gene. Not observing significant HiC enrichment in our analysis
is not necessarily evidence against trans-mediation. The number of reads connecting two
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chromosomes is generally low, and so is the number of reads connecting two distal regions
on the same chromosome. The inconclusive result therefore may have two interpretations:
i) There is genuinely no physical interaction; and ii) Physical interaction is not captured
by current technology. We currently do not have knowledge of which interpretation is
more likely. Furthermore, because of the sparse read counts between distal locations in
existing HiC data, we examined a wide neighborhood of each eQTL in our analysis, and
this neighborhood of 200kb would generally include the cis-gene of the eQTL. The reads
we identified between an eQTL and a trans-gene could also be between the cis-gene and
the trans-gene, or between other genes in the two neighborhoods. Võsa et al (2021) [1]
also examined the HiC enrichment between eQTLs (or equivalently cis-genes) and transgenes, and found significant enrichment compared to all possible gene pairs at the genome
level (p = 2.4 × 10−153 ), which provides global support for spatial interaction, although it
remains difficult to pinpoint which pairs are enriched for such interaction.
We validated the common presence of trans-gene mediation with the GMAC method.
However, it is important to note that GMAC detects mediation by testing for association
between two genes in a trio, in the presence of an eQTL and confounder variables. This
means that GMAC tests only for the edge between the two genes. As long as this edge
is present, GMAC interprets it as mediation; the presence of other edges is less relevant
[10]. Therefore, mediation under GMAC corresponds to M1 , M2 , or M4 (all have an edge
between two genes) under our framework, whereas lack of a mediation relationship under
GMAC corresponds to M0 or M3 (no edge between two genes) under our framework (Figure 1). The comparison of MRPC and GMAC raises the question: what does mediation
mean? GMAC allows an eQTL to regulate a target gene directly and through a mediator,
whereas MRPC requires that all the eQTL effect goes through the mediator and that there
is no edge connecting the eQTL and the target gene. We may consider the former partial
mediation and the latter complete mediation. Partial mediation, however, is a challenge in
statistical inference. Consider the following two models: i) V → T1 , V → T2 , T1 → T2 ; and
ii) V → T1 , V → T2 , T1 ← T2 . These two graphical models always have the same likelihood,
which means that they are Markov equivalent [32] and cannot be distinguished without additional biological information. Both models are interpreted as mediation by GMAC, but
are considered to be statistically unidentifiable under MRPC and will be inferred as M4
(V → T1 , V → T2 , T1 − T2 ; Figure 1) instead.
4. M ETHODS
4.1. The GTEx genotype and gene expression data used for this study. We used the
association test results from GTEx (in *.egenes.txt.gz, where * refers to a tissue or cell
type name) to identify the top eQTL for individual genes [33]. In the files *.egenes.txt.gz,
a single variant is reported for each gene, even though the association may not be strong.
We extracted the genes with an association q-value ≤ 0.05, which resulted in 4,934 genes.

bioRxiv preprint doi: https://doi.org/10.1101/2022.01.24.477617; this version posted January 25, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

10

CIS- AND TRANS-GENE REGULATION OF GENETIC VARIATIONS

4.2. PEER normalization of GTEx gene expression data. We used the transcript TPM
(transcript per million) data for gene expression in 48 tissues (or cell types). A handful
of tissues were removed due to a low sample size (< 100). The sample size of the tissues analyzed here ranges from 114 to 706, with a mean of 315 and a median of 235.
Following the standard procedure adopted by the GTEx consortium, we performed PEER
normalization (probabilistic estimation of expression residuals) [34] on the whole-genome
gene expression data for each tissue. We included the covariates provided by GTEx: sex,
platform, PCR, and the top five principal components from the genome-wide genotype
data, which may contain signals on the potential population structure. We added age to
this list of covariates. Additionally, we included different numbers of PEER factors for
each tissue, depending on the sample size: 15 factors for < 150, 30 for 150 − 250, 45 for
250 − 350, and 60 for ≥ 350.
4.3. Selection and identification of trios. Using the eQTLs reported by GTEx and the
PEER-normalized gene expression described in the two sections above, we next ran the
R package MatrixEQTL [35] to look for trans-genes located 1 Mb away from the eQTLs
with a p-value < 10−5 . Multiple trans-genes may be identified for the same eQTL. We
constructed trios for each eQTL with a cis-gene and a trans-gene. Different trios may
have the same eQTL, or the same gene. A gene may also be a cis-gene in one trio but a
trans-gene in another.
4.4. Identification of associated confounding variables. We performed principal component analysis on the PEER-normalized gene expression in each tissue and then tested
the significance of the three variables in each candidate trio to each PrC using a simple
regression and obtained a p-value. We used Holm’s method to control the familywise error rate across all the p-values at 5% [17]. Each PrC reflects potential impact from a large
number of genes and represents the influence from the larger gene regulatory network to
which a trio may belong. We then included these PrCs as additional nodes in the MRPC
analysis of the trio. Due to the strong control of Holm’s method, the median number of
PrCs included in the end varies between 0 and 2 across tissues.
4.5. MRPC analysis accounting for confounding. We used our R package MRPC [15,
23] to perform the network inference for each trio in each tissue, including the associated
principal components as additional nodes. MRPC builds on the classical PC algorithm
(named after its developers Peter Spirtes and Clark Glymour; [16]) for inference of directed acyclic graphs, and incorporates the principle of Mendelian randomization (PMR)
[36]. MRPC therefore combines the strengths of two classes of methods for causal network inference. As discussed in our earlier work [15, 23], one class is the general-purpose
network inference methods, such as the PC algorithm and its variants (e.g., methods implemented in R packages bnlearn [37] and pcalg [38]). Existing methods in this class are
computationally efficient but difficult to modify to account for the PMR. The other class
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is developed for genomic data and explicitly accounts for the PMR (e.g., CIT [39], QPSO
[40], and findr [41]). However, the types of causal networks detected by existing methods
are often limited to a subset of the five basic models in Figure 1.
The PC algorithm consists of two main steps: inferring a graph skeleton, where the key
edges are retained but undirected; and determining the direction of the edges. Our MRPC
improves both steps and achieves better power and lower FDR on small networks [15, 23].
The improvement in Step 1 is further explained below. Step 2 in MRPC incorporates the
PMR, which takes advantage of the additional information in eQTLs. Under the PMR, the
genotypes can be reasonably assumed to be randomly allocated in a natural population,
and can therefore be viewed as randomization of the individuals. Since the genotypes
influences the phenotypes, but not the other way around, the PMR then views an eQTL
as an instrumental variable for causal inference. Causal inference on a trio aims to infer a
three-node network for the eQTL and the two genes, with an edge pointing from the eQTL
to one or both genes (Figure 1)
Step 1 in MRPC, as well as other PC-like algorithms, starts from a fully connected
network and performs a series of tests on each edge to see whether the two nodes are
marginally correlated or conditionally correlated, given one other node, or two other nodes,
or any subset of other nodes. If a test produces an insignificant p-value, it means that the
correlation between the two nodes may be not strong enough or can be explained away by
other nodes. The edge would be removed and never tested again. Hypothesis testing in
PC-like algorithms is therefore online, meaning that the number of statistical tests to be
performed is unknown in advance, and that the threshold for a p-value to be considered
significant cannot be fixed beforehand. Several methods have been developed to control
the overall FDR in this online setting. We have implemented such a method called LOND
[22] in MRPC, and demonstrated that LOND achieved better power and lower actual FDR
than existing methods on small networks through extensive simulations [15, 23].
However, LOND may be too conservative and leads to the true edges being missed, especially in larger networks [23]. We have therefore also implemented the ADDIS method
[24], another less-conservative online FDR control method, in MRPC. We used both
LOND and ADDIS in MRPC to control the FDR at 5% for each trio. Our simulation
(Supplementary Figure 2) showed that LOND and ADDIS have similar performance on
three-node networks such as M1 , although ADDIS achieves higher precision (i.e., 1-FDR)
and higher power on larger networks, especially when the sample size is a few hundred.
4.6. Comparison with GMAC. To compare the GMAC and MRPC methods, we applied
GMAC to each of the top five GTEx tissues by sample size. Following the instructions in
the GMAC package and consistent with the application in the GMAC paper [10], we used
all the principle components of the genomewide expression matrix as the covariate pool,
and three additional known covariates: the PCR used, the platform used, and sex of the
individual in each sample.
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For each trio, GMAC identified and removed covariates that were a common child or
intermediate variable to the two genes at an FDR of 10%, and identified confounders
(defined as a parent node to the two genes in GMAC) at an FDR of 5%. The input to
GMAC consisted of the e-QTL and the PEER-normalized expression values of the cis- and
trans-gene. Since the genotypes are missing in some individuals, we performed imputation
using multiple correspondence analysis (MCA; [42]) prior to the GMAC analysis. We ran
GMAC twice on each trio, first with the cis gene as the potential mediator and second with
the trans gene as the potential mediator. GMAC output a p-value for each trio, and Yang et
al. in their original study then used these p-values in two ways to select mediation trios: i)
using these unadjusted p-values and setting p < 0.05; and ii) applying the q-value method
and setting q < 0.05 [10]. Here, we took the middle road and set q < 0.1 for each tissue.
4.7. Gene type enrichment analysis among mediators. Both cis-genes and trans-genes
may be inferred to be the mediator. We used the Ensembl human gene annotations (GRCh38/hg38)
and grouped the gene types into four broad categories: protein-coding genes, pseudogenes,
lncRNAs, and others. Multiple RNAs, such as miRNA, snoRNA, etc., were lumped into
“other" due to low occurrences. We summarized the counts for cis-gene mediators, and
separately for trans-gene mediators. Since we are interested in which type was enriched in
cis-genes and in trans-genes, we next performed a chi-square test with one degree of freedom for each type separately. Take the protein-coding genes for example. We constructed
a 2 × 2 contingency table where the rows indicate whether a mediator is a cis-gene or a
trans-gene, and the columns indicate whether the mediator gene is a protein-coding gene
or not. We also performed the chi-square test to examine whether the enrichment (or depletion) of a certain gene type is higher (or lower) than the genome average. For this test,
each row in the 2 × 2 contingency table shows the proportions of a gene type (e.g., proteincoding vs not protein-coding) among the gene set of interest (e.g., cis-genes) versus the
genome level.
4.8. HiC sequencing data analysis. We downloaded four HiC-sequencing datasets from
the ENCODE consortium: lung (ENCFF366ERB; [18, 19]), skin (ENCFF569RJM; [18,
19]), lymphoblastoid cells (ENCFF355OWW; [18, 19]), and fibroblast cells (ENCFF768UBD;
[20]). We again used the Ensembl human gene annotations (GRCh38/hg38) to determine
the positions of genes. We used the package StrawR [43] to extract reads from positions
along the chromosomes corresponding to the SNP and trans-mediated gene. For all extractions, the resolution, defined as the bin size in the package, was set to 10 kb, which
was the finest resolution shared by all four tissues.
We calculated a Monte Carlo p-value to identify whether an observed number of interactions between a SNP and a trans-gene mediator was significant. These p-values were
formulated from the upper tail probability of the observed number of reads relative to the
empirically generated null distribution. To construct the empirical null distribution for
each pair, we randomly drew 10,000 pairs of neighborhoods of 200 kb uniformly located
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on both the chromosome of the SNP and the chromosome of the trans-gene. The numbers of interaction reads in these neighborhood pairs then constitute the null distribution.
The Monte Carlo p-value is then the proportion of reads exceeding the observed number
of interaction reads. To account for multiple testing, we applied Holm’s method [17] to
control the family-wise error rate at 5%, and the Benjamini and Yekutieli method [44] and
the q-value method [45] to control the false discovery rate at 5%.
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F IGURE 3. Examples of trios inferred for different models. Ovals indicate eQTLs, rectangles with rounded corners indicate cis-genes of the
eQTLs, and rectangles with sharp corners indicate trans-genes. All the
networks are inferred under both MRPC-LOND and MRPC-ADDIS. (A)
Examples of cis-gene mediation. One cis-gene is a protein-coding gene,
and the other lncRNA. Arrows of the same color connect the eQTLs, the
cis-gene and the trans-genes from the same tissue. (B) Examples of transgene mediation. The common trans-gene here is a pseudogene. To reduce
clutter, the dashed circle groups together multiple trios each belonging to
a different tissue. (C) An example of M2 (the v-structure). (D) An example of M3 (a conditional independence network). (E) An example of M4
(a fully connected network). (C)-(E) also demonstrate that due to linkage
disequilibrium, multiple eQTLs in a small neighborhood may be identified
for the same genes.
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Breakdown of Inferred M1 Mediation Types (LOND)
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F IGURE 4. The breakdown of inferred mediation types across GTEx
tissues and cell types
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Distribution of Mediator Gene Types For each Tissue (LOND)
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F IGURE 6. The breakdown of types of cis-gene and trans-gene mediators across GTEx tissues and cell types.
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S UPPLEMENTARY TABLE 1. The breakdown of trio types inferred by
MRPC-LOND across GTEx tissues and cell types.
S UPPLEMENTARY TABLE 2. Number of principal components (PrCs)
associated with trios across tissues.
S UPPLEMENTARY TABLE 3. Summary of cis- and trans-gene mediation trios across GTEx tissues and cell types inferred by MRPCLOND.
S UPPLEMENTARY TABLE 4. Cis-gene mediation trios with summary
statistics across tissues inferred by MRPC-LOND.
S UPPLEMENTARY TABLE 5. Trans-gene mediation trios with summary
statistics across tissues inferred by MRPC-LOND.
S UPPLEMENTARY TABLE 6. Counts of cis- and trans-genes as mediators.
S UPPLEMENTARY TABLE 7. Summary of gene types of mediators.
S UPPLEMENTARY TABLE 8. Gene type enrichment analysis for mediators.
S UPPLEMENTARY TABLE 9. HiC results in four tissues for trans-gene
mediation trios inferred by MRPC-LOND.
S UPPLEMENTARY TABLE 10. The breakdown of trio types inferred by
MRPC-ADDIS across GTEx tissues and cell types.
S UPPLEMENTARY TABLE 11. Cis-gene mediation trios with summary
statistics across tissues inferred by MRPC-ADDIS.
S UPPLEMENTARY TABLE 12. Trans-gene mediation trios with summary statistics across tissues inferred by MRPC-ADDIS.
S UPPLEMENTARY TABLE 13. HiC results in four tissues for trans-gene
mediation trios inferred by MRPC-ADDIS.
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S UPPLEMENTARY TABLE 14. Mediation trios inferred by the GMAC method.
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S UPPLEMENTARY F IGURE 1. The number of trios tested versus the
sample size in each tissue or cell type of the GTEx consortium.
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S UPPLEMENTARY F IGURE 2. Simulation results comparing LOND
and ADDIS. See Figure 3 in [15] for the 22-node network that contains
13 genetic variants and 9 genes. Data were simulated under multiple combinations of the signal strength and sample size. The signal strength is the
coefficient of the parent nodes in the linear model that generates the values for a node, whereas the sample size is the number of values at each
node. We generated 1,000 independent datasets in each scenario, applied
sample_size
each method,
and plotted the mean and a 95% interval for the precision or
power across the datasets.
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S UPPLEMENTARY F IGURE 3. The breakdown of inferred trio types
across GTEx tissues and cell types. MRPC-ADDIS was used for inference.
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Breakdown of Inferred M1 Mediation Types (ADDIS)
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S UPPLEMENTARY F IGURE 4. The breakdown of inferred mediation
types across GTEx tissues and cell types inferred by MRPC-ADDIS.
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Distribution of Mediator Gene Types For each Tissue (ADDIS)
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S UPPLEMENTARY F IGURE 6. The breakdown of types of cis-gene and
trans-gene mediators inferred by MRPC-ADDIS.

