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Dr. Joaqúın Sanz Remón

Grado de F́ısica.
2021-2022
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1. Pipeline ingredients (i): data types under analysis

1.1. Measuring gene expression through RNA-seq

The main goal of this TFG is the analysis of the co-variation patterns of pairs of genes in
a given experimental cohort, and the implementation of a statistical method to infer causal
directions between the genes conforming the different pairs in a genome-wide gene co-expression
network. Gene Co-expression Networks (GCN) are concerned with describing the correlation
patterns of gene expression across sets of samples in which the expression of a large number of
genes has been measured simultaneously.

Nowadays, the technologies of choice to characterize genome-wide expression levels in ar-
bitrarily large cohorts of experimental samples are the so-called Next Generation sequencing
technologies, or NGS, whose output is the sequencing of all the messenger RNA present in a
given sample (RNA-seq). Using NGS technologies, it is nowadays possible to identify which of
the genes encoded in our DNA are expressed in a given tissue, and to what extent, unlocking
the interrogation of tens of thousands of genes in thousands of samples at once (1).

Figura 1: RNA-sequencing process.

RNA sequencing follows 5 main steps. From a sample of single-stranded RNA molecules we
obtain cDNA (complementary DNA). The cDNA strand is synthesized to have double-stranded
cDNA molecules whose nucleotide sequence is complementary to the original RNA. It is then
chopped, adapters are placed at the ends of each fragment to facilitate sequencing and the
resulting fragments, which constitute the so called sequencing library, are finally sequenced. In
the following, we will look further into the process described.

The first 4 steps are part of what is called library preparation. From a given biological sample,
cells are broken and their total RNA is extracted. This RNA is of many types: rRNA (ribosomal),
tRNA (transfer RNA; small RNAs that carry amino acids to ribosomes for translation), mRNA
(messenger) and other types. Since RNA-seq is typically bound to the sequencing of messenger
RNA alone, we need a method to separate them so that we are left with only the mRNA
that we are looking to sequence. This is done by an enrichment process. In our case we start
with eukaryotic cells, whose mRNA molecules have a poly-A tail, which is leveraged using a
Thymine-type bait to precipitate the mRNA we need and isolate.

Next, the sample, already strongly enriched in mRNA content, is incubated with reverse
transcriptase to synthesize a cDNA strand. When it is completed, the RNA strand is hydrolyzed
and a second (complementary) cDNA strand is generated. Then cDNAmolecules are fragmented,
generating short reads of homogeneous size. At this point, adapters are added to the fragments.
These are small oligonucleotides that have different functions, including ensuring the hybridiza-
tion of the fragments to complementary sequences that have been seeded in the surface of the

2



sequencing flowcell. Others are primer sequences that serve to start a complementary synthesis
reaction. As sequencing denatures the strands (separates them), primers are needed to synthesize
the complementary strands.

Once the library is prepared we move on to sequencing. In sequencing by synthesis -which is
the method used in Illumina sequencing, the technology used in this study-, we start from a flow
cell, that is, a surface seeded with DNA sequences complementary to the adapters placed at the
ends of the fragments. The adapters adhere to these sequences. The number of strands in the
sample needs to be increased for the signal to have sufficient amplitude to be detected. To do
this, the amplification process begins. The parallel strand that remains attached to the floor of
the flow cell is sequenced. This is folded and hybridizes with the nearby complementary adapter
and generates the chain again as can be seen in Figure 2a. Then, the corresponding sequences
are denatured which translates into two strands with the same sequence covalently attached to
the flow cell. Finally, this process is repeated until enough copies of the original fragment are
synthesized. This process is named bridge amplification.

For sequencing we pull nucleotides (Adenine, Guanine, Cytosine, Tinine) which are labeled
with different colored fluorescent labels. They also have a radical that prevents further nucleo-
tides from binding to the sequencing chain, therefore, when the corresponding nucleotide is
anchored, it prevents the binding of the next nucleotide in the chain. The flow cell is then sti-
mulated with a laser in such a way that the nucleotide returns the color of its fluorescent label
and is recognized, and sequenced (Figure 2b). Then, the radical stopping further reactions is
removed, and the process is iterated to continuing reading nucleotides. In this way the sequence
of nucleotides in each cluster of the flow cell, is registered.

Once all the fragments have been sequenced, a final step prior to statistical analysis is
the mapping to a reference genome. This step briefly consists of the identification of the most
likely genomic location, or locations, each fragment maps to, counting the number of fragments
mapping into each gene or transcript. The result of that process is the matrix of expression data
that we use as input for our analyses.

(a) Amplification process. (b) Sequencing by laser method.

Figura 2: Parts of the RNA-sequencing process.

1.2. Genotyping chips

A single nucleotide polymorphism (SNP) is a type of single nucleotide variant (that is: a
genomic position whose genotype is variable in a population), whose less frequent alelle, is
present in more than 1% of the population. SNP chips are DNA microarrays that test genetic
variation at thousands, or millions of specific locations across the genome(2), which makes them
an excellent tool for studying common genetic variation, which can be used to assess ancestry
as well as predisposition to many complex multifactorial diseases. (3)
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A SNP chip briefly consists of an array of dwells containing a matrix of beads, on top of
which, pairs of specific DNA sequences are seeded. These sequences are different in each dwell,
and correspond to the complementary sequences immediately preceding the SNP you want to
detect in each dwell (Figure 3).

Figura 3: Genotyping chips for SNP sequencing process.

After loading the chip with a solution containing fragments of DNA of a given individual,
the fragments that will hybridize to each bead will have the SNP of interest as the first free
nucleotide that is not hybridized. Once you have hybridized the molecules, you pour a soup
of labelled nucleotides of the 4 types onto the chip and each one is added to the strands that
were originally linked to the SNP. Guanines and Cytosines are labeled with one color marker
and Adenines and Thymines with another color. The original molecule hybridizing to the chip
is washed and the fluorescent signal is amplified by the addition of further molecules to each
bead. Finally, the distinction between nucleotides of each color allows the identification of the
genotype of each SNP, either homozygous or heterozygous, what is commonly referred to as
SNP-calling.

1.3. Genomic feature data and samples meta data

In addition to raw expression tables and SNP genotypes, in order to complete our analytical
pipeline, we need to know certain attributes of the genomic features (genes and SNPs), as well
as certain key information of our samples (sample metadata).

The only genomic features needed for completing these study are three: chromosome and
genomic locations for genes and SNPs, (in order to distinguish between putatively cis- and -
trans tests from the gene-SNO distances, and to exclude co-expression pairs involving nearby
genes), and gene biotypes as well, since we will focus only on protein coding genes in our study.

Concerning sample meta.data, our samples come from an homogeneous panel of blood de-
rived macrophages from male donors with balanced biological determinants, such as age and
sex (all male). The only relevant metadata for our study in the sequencing batch each sample
corresponds to among n=9 different batch levels.

2. Pipeline ingredients (ii): Analytic modules

2.1. Phenotypes correlations: Co-expression networks analysis.

A gene co-expression network (GCN) is an undirected graph, where each node corresponds
to a gene, and a pair of nodes is connected with an edge if there is a significant co-expression
relationship between them. (4) Having gene expression profiles of a number of genes for several
samples or experimental conditions, a gene co-expression network can be constructed by looking
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for pairs of genes which show a similar expression pattern across samples, since the transcript
levels of two co-expressed genes often show significant co-variation patterns across samples, even
when these are biological replicates. Gene co-expression networks are usually constructed using
datasets generated by high-throughput gene expression profiling technologies such as RNA-Seq.
(5). One of the most relevant approaches to the analysis of co-expression networks is based
on modularity analysis, which, broadly speaking, aim at identifying groups of proteins whose
interaction patterns in the network are stronger and more frequent than with the remaining of
the system. Their characterization and functional characterization through ontology enrichment
analyses constitutes a valuable tool to understand gene variation patterns in a given cohort.

In spite of its wide utility, co-expression networks are, per se, barely informative of causa-
lity relations across genes. To that end, more sophisticated inference approaches are needed to
complete the transition from the (undirected) co-expression networks, -capturing correlations-
to the (directed) regulatory networks (GRNs) -capturing causality-. In a GRN, a directed edge
connects two genes, representing a biochemical process such as a reaction, transformation, in-
teraction, activation or inhibition, or a set of them, that translates into a causal effect bounding
the activity of the link sender to that of the link receiver. Compared to a GRN, a GCN does
not attempt to infer the causality relationships between genes and in a GCN the edges represent
only a correlation or dependency relationship among genes.

In this work, through Mendelian Randomization we seek to infer causality in a gene co-
expression network (GCN).

2.2. Control variables: eQTL-mapping

It is known that SNPs located in regulatory regions, e.g. transcription factor (TF) binding
sites, are often eQTLs (Expression quantitative trait loci), as they modulate gene expression.(6)
An eQTL is a locus that explains a fraction of the genetic variance of a gene expression phe-
notype. Standard eQTL analysis involves a direct association test between markers of genetic
variation with gene expression levels typically measured in tens or hundreds of individuals. This
association analysis can be performed proximally (cis) or distally (trans) to the gene. (7)

Figura 4: Illustration of an cis- and trans-eQTL concept (8).

Starting point at Figure 4 shows a transcription factor that regulates two copies, A and B, of
the same gene: one inherited from the mother and the other from the father. In the first case we
see what happens when you have a SNP (triangle) attached at the place where a TF has to bind
nearby the target gene. The top row represents a case where regulation of both copies works
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equally. In the bottom row, the presence of a cis-genetic variant nearby the gene inherited from
the mother, translates into a difference in the expression levels between both copies (cis-EQTL).
This situation represents what we know as cis-eQTL: it is a genetic variant that affects the ex-
pression level of a gene only in the same molecule in which the variant is found and not in another.

Finally, in the last row, we see a case when a variant is found in the coding part of the
regulator, which, specially if this changes an amino acid of the TF which, in turn, modifies its
affinity for the binding site of the target gene, resulting in less expression in both cases. Here the
variant works in trans because it lies on one molecule but generates effects on other molecules. In
this case the expression of both genes would be the same, if interrogated in a single individual,
and we would only see differences when comparing with the levels across individuals. Typically
cis-eQTLs are related as genetic variants close to a gene and trans as distant. Although not
correct by definition, in practice this is true in the vast majority of cases.

3. Trimmed M Means algorithm (TMM)

The weighted and trimmed mean of M values, or TMM(9), is an algorithm implemented in
the edgeR(10) software package that use scale factors per sample to normalize gene expression.
These factors allow to transform the raw reads data to a relative measurement such as read
counts per million reads sequenced, enabling comparisons of gene expression across samples
of different complexity. To divide the observed number of counts (Yg,k) of gene g in library k
summarized from the raw reads by the total number of reads in the k − th library, Nk, is not
enough to produce reliable comparisons across samples. Instead, we can define µg,k as the true
and unknown expression level of the gene of interest g in sample k; then, if Lk is the length of
gene g, we can model the expected value of as follows:

E(Ygk) = Nkµg,kLg/Sk (1)

Where
Sk =

∑
g′

µg′,kLg′ (2)

Although the total RNA production Sk′ cannot be directly estimated, it is possible to estimate
the relative production of two samples, Sk/Sk′ = ρ(k, k′). Clearing the true expression level of
gene g in library k from 1 as below:

µg,k ≈
Ygk · Sk

NkLg
(3)

the ratio of expression of that gene between two libraries k and k’ remains:

µg,k

µg,k′
=

Ygk
Nk

/
Ygk′

N ′
k

ρg(k, k
′) (4)

Now we use the approximation µg,k = µg,k′ assuming that all genes in our dataset have the same
true expression between samples k and k′, i.e. the genes are not differentially expressed, and we
can rewrite an independent estimation for the true ratio:

Ygk′

N ′
k

/
Ygk
Nk

= ρg(k, k
′) (5)

This approximation is not quite correct, as it is not valid for all genes, for some may be
strongly differentially expressed between samples in many cases. To overcome this limitation,
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the extreme values of the distribution of ρg(k, k
′) values are trimmed (30% of them, by default),

and the rest are averaged. The statistic that will be trimmed is:

log(ρg(k, k
′)) = log(

Ygk′

N ′
k

)− log(
Ygk
Nk

) (6)

In this way, the most extreme estimates across all genes that are sufficiently expressed are exclu-
ded. The trimmed values will be averaged, and the weights of each observation will be extracted
from the expected statistical uncertainty, expressed as the expected variance, associated to each
of the observations:

V ar(log(ρg(k, k
′))) = (

1

E(ρg(k, k′))
)2 · V ar(ρg(k, k

′)) =
Nk′ − Ygk′

Nk′ · Ygk′
+

Nk − Ygk
Nk · Ygk

(7)

From this equation, the weights will be obtained as the inverse values of those variances:

wg,k′ = V ar(log(ρg(k, k
′)))−1 (8)

Now, once the weights, and the set G∗ of genes that survive the trimming are defined, we
defined the global trimmed-M-means, which is the final estimator of :

TMMk′ =

∑
g∈G∗ wg,k′ρg(k, k

′)∑
g∈G∗ wg,k′

(9)

Finally, the coefficients of all samples k′ are calculated with respect to the common reference
sample k using these TMMk′ values as relative normalization coefficients (in the sense that
TMMk = 1). Once multiplied by the library depths (number of fragments per sample) they
constitute suitable denominators for normalization of gene expression for comparisons across
samples in each library. These normalization factors, in our case, are used to build log2 counts
per million (cpm) expression estimates as:

log2(cpm)gk = log2(1E6 ·
Ygk + 0,5

NkTMMk + 1
) (10)

Where the ”+0,5” and \+1” are introduced to avoid computational singularities when pro-
cessing big datasets. In the context of our pipeline; coefficients are estimated using the function
calcnormfactors, in the bioinformatic package edgeR(10), while the log2(cpm) transformation of
eq. 10 is done using voom, in the limma (11) package.

4. Benjamini-Hochberg against Storey-Tibshirani as the method
for FDR estimation

Now comes the first alteration we make to the work proposed by Regina Santesteban(12).
In her case, she uses the Benjamini-Hochberg (BH)(13) correction on the vector of p-values.
We will use the Storey-Tibshirani (ST)(14) for multiple testing correction method for greater
precision. What are the differences between these two methods?
The BH method [5a] is equally useful for analyzing uniform null distributions and empiric nulls
coming from permutations. However, this method is too conservative. The approach implicity
assumes that the true fraction of null hypothesis in your data (π0) is 1. This is f(p) = π0f0. On
the other hand, the ST method [5b] drops the assumption of π0 = 1 and move towards a two
component model: f(p) = π0f0(p) + (1− π0)fA(p).
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(a) Benjamini-Hochberg

(b) Storey-Tibshirani

Figura 5: Differences between the two methods: BH & ST

Both methods offer their own definition of the FDR. For BH: fdr(p) = F0(p)/F (p) and for
ST: fdr(p) = π0(p)F0(p)/F (p).
The ST method provides an often considerably larger amount of statistical power with respect
to BH. Contrary to BH, it also allows a straightforward definition for the False Non Discovery
Rate: FnDR(p) = 1−π0/π̂0(p) where π̂0(p) =

1−F (p)
1−F0(p)

. On the downside, ST is only implemented
against a uniform null distribution: a problem in some cases, when flat null distributions are not
a good idea.
But what exactly do FDR and FnDR mean? If you look at the table below, the test correctly
deemed significant are given by a. The ones correctly deemed not-significant are given by d.
Type I errors (not-significant test called significant) in this case are given by b and type II
(significant test called not-significant) by c. The value of the π0 used before in this terms would
be π0 = b + d. Finally, the FDR is defined by the fraction of type I errors one makes after
calling significant everything under a give p-value threshold, i.e. fdr = b/(a+ b). The FnDR is
the fraction of type II errors one makes after calling non-significant everything above a given
p-value threshold: fndr = c/(d+ c).

True alternative hypothesis HA True null hypothesis H0

Called significant a b

Called not-significant c d

Tabla 1: Significance elements through true null and alternative hypothesis.

False non discovery rates should be used for defining condition-specific tests: e.g. a gene is
condition specific if we can confidently assure we can accept it as an alternative hypothesis under
condition A (i.e. it is under FDR threshold at A), and, at the same time, we can confidently
reject it at condition B (It is under FnDR threshold at B). This will be used later when the
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definition of directionality is imposed.

5. Implementation of balanced-SNPs algorithm

1) Starting from the entire list of FDR of 
every SNPs corresponding to each gene of 
each pair being studied.

2) From the list ordered from most 
significant to least significant, we selected 
the most significant SNP for each gene.

3) Out of these two, the one of less significance is 
the one chosen. In the figure, it is in gene B, which 
will act as “guide" in the following SNP selection.

4) We match the selected SNP with the SNP of 
the other gene of closest value. These two 
SNPs may not be paired with any other SNPs 
throughout the process.

5) The process is repeated N-1 more times, 
matching the SNPs that follow in order of 
significance of the "guide" gene (gene B) with 
those of the other (gene A).

6) In the end, one is left with a list 
of N SNPs for each gene, whose 
significance is pairwise balanced.

Figura 6: Process of balancing SNPs FDR for each pair of genes.

6. Link direction inference under different genetic variable se-
lection criteria

The results presented in the report are reproduced by changing the forward/backward linkage
definition strategy. In this case, instead of comparing the two most significant SNPs of each pair,
we took the logarithmic sum of the significance of the N SNPs of each gene. These results are
similar in magnitude to those presented in the main paper, noting again that the bias given by
the balanced-SNPs algorithm is much smaller.
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(a) Top SNPs (b) Balanced SNPs

Figura 7: Fraction of links of defined direction results using the mean of each N SNP to discern
hypothesis null or alternative.

(a) Top SNPs (b) Balanced SNPs

Figura 8: Fraction of links of defined forward/backward using the mean of each N SNP to discern
hypothesis null or alternative.
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28



29



30



31



32



33



34



35



7.5. Mendelian Randomization for Balanced-SNPs method

36



37



38



39



40



41



42



43



7.6. Implementation of empirical null models to quantify directional bias in
link prediction for Top-SNPs method

44



45



7.7. Implementation of empirical null models to quantify directional bias in
link prediction for Balanced-SNPs method

46



47



Referencias

[1] Getting started with RNA-sequencing. Wang Z., Gerstein M. & Snyder M., ”RNA-seq:
a revolutionary tool for transcriptomics”. Nat. Rev. Genet, 2009;10(1), 57–63. Retrieved in
August 2022 from https://www.technologynetworks.com/genomics/articles/rna-seq-basics-
applications-and-protocol-299461

[2] Getting started with SNP-chips. ”Use of SNP chips to detect rare
pathogenic variants: retrospective, population based diagnostic evaluation”.
https://www.bmj.com/content/372/bmj.n214

[3] Thomas LaFramboise, ”Single nucleotide polymorphism arrays: a decade of biological,
computational and technological advances, Nucleic Acids Research”., Volume 37, Issue 13, 1
July 2009, Pages 4181–4193, https://doi.org/10.1093/nar/gkp552

[4] Stuart, Joshua M; Segal, Eran; Koller, Daphne; Kim, Stuart K. (2003) ”A gene-
coexpression network for global discovery of conserved genetic modules”.

[5] Weirauch, Matthew T (2011). ”Gene coexpression networks for the analysis of DNA
microarray data”. Applied Statistics for Network Biology: Methods in Systems Biology. pp.
215–250.

[6] Gorlov, I., Xiao, X., Mayes, M. et al.”SNP eQTL status and eQTL density in the
adjacent region of the SNP are associated with its statistical significance in GWA studies”.,
https://bmcgenomdata.biomedcentral.com/articles/10.1186/s12863-019-0786-0

[7] Alexandra C. Nica Emmanouil T. Dermitzakis ,”Expression quantitative trait loci:
present and future”.

[8] Consulting about eQTLs in https://es.wikipedia.org/wiki/eQTL
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