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Abstract

Even within well-studied organisms, many genes lack useful functional annotations. One way to generate
such functional information is to infer biological relationships between genes or proteins, using a network
of gene coexpression data that includes functional annotations. Signed distance correlation has proved
useful for the construction of unweighted gene coexpression networks. However, transforming correla-
tion values into unweighted networks may lead to a loss of important biological information related to
the intensity of the correlation. Here, we introduce a principled method to construct weighted gene coex-
pression networks using signed distance correlation. These networks contain weighted edges only between
those pairs of genes whose correlation value is higher than a given threshold. We analyze data from dif-
ferent organisms and find that networks generated with our method based on signed distance correlation
are more stable and capture more biological information compared to networks obtained from Pearson
correlation. Moreover, we show that signed distance correlation networks capture more biological infor-
mation than unweighted networks based on the same metric. While we use biological data sets to illustrate
the method, the approach is general and can be used to construct networks in other domains. Code and
data are available on https://github.com/javier-pardodiaz/sdcorGCN.
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1. Introduction

Gene expression is the process by which genes in different organisms are activated to produce
proteins when they are needed to carry out their function. Data relating to gene expression data
contains key information about intracellular biological processes (Kothapalli et al., 2002). Gene
coexpression datasets typically describe the expression level of different genes across different
samples often taken under different experimental conditions. Such data are frequently represented
as gene coexpression networks, with nodes representing genes and edges representing correla-
tions in expression between pairs of genes across multiple samples (Lee et al., 2004). Representing
gene coexpression as networks helps in the study and visualization of the expression data and
the exploitation of the structure of interactions between genes at a whole-system level (Weirauch,
2011; Magwene & Kim, 2004). One motivation behind creating these networks is that genes which
are highly coexpressed across multiple samples are likely to have related functions (Hughes et al.,
2000; Stuart et al., 2003; van Noort et al., 2003; Makrodimitris et al., 2020), allowing inference of
gene function using guilt by association approaches (Wolfe et al., 2005). This procedure is espe-
cially useful if the studied organism is poorly annotated. However, the lack of reliable genomic
information can hinder the validation of the accuracy of the network models generated from gene
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Figure 1. Pipeline to construct networks from gene expression data using signed distance correlation, adapted from
Pardo-Diaz et al. (2021). A: We compute the expression distance matrices Y and Y for each gene i,j e {1,...,m}, and
we double center them to obtain Y and Y(). B: We compute the distance correlation matrix D, whose entries Dj; are the
positive root of the Pearson correlation between Y and Y?, for every pair of genes. C: We compute the Pearson correlation
between each pair of rows in the M* to obtain the Pearson correlation matrix P. D: To construct the signed distance corre-
lation matrix S, we multiply every distance correlation between the expression of two genes D;; by the sign of their Pearson
correlation sign(P;).

expression data. Noise in the data makes it difficult to distinguish genes that are expressed at a low
level from those not expressed. Therefore, there is a need for network construction pipelines that
are robust to experimental error, yet capture most of the information in the data.

Multiple strategies to construct a gene coexpression networks from gene expression data are
available (Bar-Joseph et al., 2003; Thmels et al., 2002; Ucar et al., 2007; Langfelder & Horvath, 2008;
George et al,, 2019). A recent novel approach uses signed distance correlation (Pardo-Diaz et al.,
2021). This approach identifies coexpression relationships between genes and produces robust
networks that capture more biological information than those obtained using alternative metrics
such as Pearson correlation, Spearman correlation, and mutual information (Pardo-Diaz et al.,
2021). Signed distance correlation is based on distance correlation (Székely et al., 2007), a mea-
sure that evaluates an association between the pattern of changes in the samples, and provides a
non-negative score that is zero if and only if the expression vectors are statistically independent.
Because it is unsigned, distance correlation values do not permit the differentiation of genes with
the same expression pattern and genes expressed at opposite times. Signed distance correlation
overcomes this problem by combining the distance correlation value with a sign that indicates the
direction of the association. The sign corresponds to the sign of the Pearson correlation between
the expression of the two genes across the samples in the dataset. Figure 1 illustrates how signed
distance correlation is obtained.
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To our knowledge, signed distance correlation has been used in this field only to generate
unweighted networks, using the R package COGENT (Bozhilova et al., 2020). COGENT aids the
selection of a robust network construction method without the need for any external validation
data. The main functions in this package iteratively split the gene expression data into two differ-
ent sets, construct a network from each of them and then evaluate their similarity; the higher the
similarity of the networks, the more robust the construction method. The functions implemented
in COGENT to measure the similarity between the two generated networks are suitable to analyze
only unweighted networks and complete weighted networks.

COGENT assists the selection of the optimal threshold value so that only pairs of genes for
which the correlation value of their expression exceeds the threshold are connected in the net-
work. The use of a threshold to construct networks results in a relatively sparse unweighted
network. However, unweighted networks obtained through thresholding weighted edges may
ignore important information about the strength of the correlation. Avoiding the use of a thresh-
old results in complete weighted networks in which the weights of the edges are proportional to
the correlation values. In this type of networks, it may be difficult to distinguish the signal from the
noise. Thus, there is a need for a method that eases the signal and noise separation while keeping
information about the strength of the correlation.

In this paper, we present a method to construct weighted and thresholded gene coexpression
networks in which the sparsity can be controlled by assigning weighted edges only to those pairs
of genes with an expression correlation higher than a given threshold. The weights of the edges
correspond to the correlation values. To select the threshold value, we have extended COGENT,
including a comparison methodology that allows us to evaluate the similarity between weighted
and thresholded networks.

Using this extension, we construct and compare networks constructed from gene expression
data using Pearson or signed distance correlation. For ease of comparison and breadth, we analyze
the three datasets presented in Pardo-Diaz et al. (2021) as they do not only correspond to different
organisms (bacteria, yeast and human) but also are derived from three different experimental
techniques: microarrays, RNA-Seq and single-cell RNA-Seq. When comparing the networks, we
evaluate the robustness measurement from COGENT and the amount of biological information
they capture according to STRING, a protein—protein interaction database with scores for pairs
of proteins (Szklarczyk et al., 2019). The higher the STRING score for a protein pair, the more
likely the pair is to have a biologically meaningful functional relationship. Using STRING, we
show that for our datasets, networks constructed using signed distance correlation capture even
more biological information and are structurally more stable than networks based on Pearson
correlation.

We also compare the resulting weighted and thresholded networks based on signed distance
correlation to the unweighted networks obtained using the same metric as presented in Pardo-
Diaz et al. (2021). In this comparison, the weighted and thresholded networks capture more
biological information than the corresponding unweighted networks, according to STRING.

While we apply our method to gene expression data, our method to construct networks from
signed distance correlations (in combination with COGENT) can be used in applications beyond
gene expression and beyond bioinformatics.

Data and source code are available from https://github.com/javier-pardodiaz/
sdcorGCN and http://opig.stats.ox.ac.uk/resources.

2. Methodology
2.1 Datasets and pre-processing
We analyze the three datasets employed in Pardo-Diaz et al. (2021):

o RL3841: A collection of 54 microarrays measuring the expression of 7,077 genes of the
bacterium Rhizobium leguminosarum bv. viciae 3841.
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o Yeast: A dataset obtained using RNA-Seq of yeast (Saccharomyces cerevisiae) expressing
pathways designed to increase ATP or GTP consumption. We use all the raw-counts for
experiment E-MTAB-5174 in Expression Atlas (Petryszak et al., 2016) and remove the genes
with zero expression variance. The final dataset which we feed into our pipeline includes the
expression of 6,930 genes across 209 samples.

o Human liver: A dataset obtained using single-cell RNA-Seq of human liver cells (Klimm et al.,
2020). The original dataset measures the expression of 15,353 genes in 1,622 cells.

The three datasets in the form of expression matrices (genes in rows and samples in columns)
are publicly available online. We denote the expression matrices by M.

As detailed in Pardo-Diaz et al. (2021), for the RL3841 and yeast datasets, we apply quantile
normalization (Bolstad et al., 2003) to the gene expression matrix M. This normalization enables
us to compare data from different experiments. To avoid interference from low expression values
in the quantile normalization, we ignore the 20% least expressed genes from each sample before
the normalization step. After the quantile normalization, we set the ignored values to the lowest
expression value in M to decrease the level of noise.

For the human liver dataset, as described in Pardo-Diaz et al. (2021), we follow a different
approach due to differences in the data—the gene expression levels in the dataset correspond to
the expression of the genes in different cells instead of to different samples—and the organism—
while both R. leguminosarum and S. cerevisiae are unicellular organisms, humans are not. Hence,
a considerable proportion of genes are not expressed in the studied cells. For this dataset, we
quantile-normalise the data (Bolstad et al., 2003) to make the measurements in the different cells
comparable. Afterwards, as in Prieto et al. (2008), we identify the non-changing genes. These genes
are those for which the difference between its highest and lowest expression value (“expression
difference”) is lower than the median of all the expression differences calculated for each gene,
and for which the mean expression signal between samples is lower than the median of all the
expression signals calculated for each gene. After removing the “non-changing genes”, we obtain
an already quantile-normalised dataset with information for 8,585 genes.

In all three datasets, we denote the pre-processed gene expression matrix by M*. This matrix
has n rows (genes) and m columns (samples).

2.2 Correlation matrices

From each pre-processed gene expression matrix M*, we compute two correlation matrices S and
P, both of them with dimensions # x n. The matrix S contains the signed distance correlation val-
ues for the expression of each pair of genes, whereas the matrix P includes the pairwise Pearson
correlation values. The matrix S is the result of assigning the sign of the values in the matrix P to
the distance correlation values (Székely et al., 2007) between the expression of the genes. Assigning
a sign to the (unsigned) distance correlation values allows us to differentiate positive and nega-
tive correlation values. The pipeline followed to construct the expression matrices is described in
Pardo-Diaz et al. (2021) and depicted in Figure 1.

2.3 Weighted and thresholded network construction

In each of our three datasets, we use the gene correlation matrices S and P to obtain weighted and
thresholded networks. These networks contain edges only between those pairs of genes that show
a correlation of their expression greater than a given threshold. Unlike in unweighted networks,
we assign a different weight to each edge. The weight of the edge corresponds to the value of
the correlation of the expression between the two genes. The weighted and thresholded networks
obtained using the signed distance correlation matrix S with threshold ¢ have an adjacency matrix

Bs(¢):
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Figure 2. Illustration of a COGENT iteration. At each iteration, from the full dataset M with all m samples we generate two sub-
datasets M; and M,. Each of the subdatasets contains half of the samples included in M (represented in green with dots in the
image). The rest of the samples in M are equally divided between M; (yellow with waves) and M, (pink with stripes), resulting
in the two datasets having the same number of samples. Afterwards, from each dataset, we construct a gene coexpression
network (network H; from subdataset M; and network H, from subdataset M) using the same network construction method,
which might include pre-processing steps. Lastly, we obtain a similarity score based on the overlap between the networks
Hi and Hs.

sim(H,, H)

METHOD

NETWORK
CONSTRUCTION

Si,j ifSi,jZ¢andi75j,

0  otherwise.

Bs(9)ij = 1)

We construct the weighted and thresholded networks from the Pearson correlation matrix P in a
similar way.

We use an extension of COGENT (Bozhilova et al., 2020) to find a threshold value ¢*
that results in a network with optimal self-consistency. The main idea behind COGENT is
that the more similar two networks obtained using the same network construction method
and from different overlapping subsets of the same dataset are, the more self-consistent the
employed method is: despite the changes in the dataset, the topology of the resulting networks
is similar. Heuristically, the networks obtained using a self-consistent construction method are
self-consistent themselves since small changes in the datasets will not affect their structure. Our
contribution to COGENT relies on the addition of a method that allows assessing the similarity
between weighted and thresholded networks (Equation (2)).

As in Pardo-Diaz et al. (2021), we run 25 COGENT iterations in which the samples (columns)
in M are grouped into two overlapping sets M; and M,. Both sets share half of the total number
of samples, and differ in 1/3 from each other. At each iteration, we generate 25 pairs of correlation
matrices S and S, and test different threshold values. For each iteration and threshold value, the
correlation matrices S; and S, are thresholded (Equation (1)) and turned into networks H; and
H,. The processes taking place in each of the COGENT iterations to obtain the networks H; and
H, are depicted in Figure 2. To calculate a similarity between the two networks H; and H,, we use
an adjusted weighted Jaccard index that permits the comparison between networks with different
edge densities:

Z?:l Z;l:lmin(Hl(i>j)> HZ(Z’])) -Y

im(H;, Hy) = ’
sim(H,, Hy) S Z;lzlmax(Hl(i,j),Hz(i,j)) +y (2)

where
y = % ; ;min(Hﬂi,j), Ry(i, ) + ; ;min(Hz(i,j)’ Ri(i ) |, 3)

R; and R, are randomizations of the adjacency matrices H; and H, respectively, and 7 is the
number of nodes in the network. To generate the randomizations, we first permute the rows in
the correlation matrices and then shuffle the columns using the same permutation. The networks
R; and R; have the same topological properties as H; and H; and allow us to estimate the expected
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similarity between the analysed networks and random networks with the same edge weight distri-
bution. Without this correction, the networks derived from low threshold values would have the
highest similarity values.

The similarity score associated with each threshold s(¢) is the average of the similarity of 25
pairs of networks (Equation (2)). Then, to favor signal over noise, we prioritise those networks
with a low sum of edge weights and obtain the Score(¢) value associated to each threshold ¢:

Z?:l Z?:l Bs(#)ij

Score(¢p) = s(¢) — ni— 1)

(4)

where #n denotes the number of nodes in the network (i.e. the number of genes). After computing
the scores for all tested thresholds, we select the threshold value ¢* that results in the highest score
Score(¢*). We denote the optimal weighted and thresholded network obtained using signed dis-
tance correlation as WS(ws). We denote the optimal sum of edge weights for the signed correlation
by ws.

Following the same pipeline, we select the unique threshold value ¢* that results in the optimal
network WP(wp) (sum of edge weights = wp) obtained using the Pearson correlation matrix P.

2.4 STRING evaluation of weighted and thresholded networks

We assess the amount of biological information contained in the just generated weighted and
thresholded networks WS(ws) and WP(wp) using STRING, a database of known and pre-
dicted protein—protein interactions (Szklarczyk et al., 2019). STRING collects information from
numerous sources, including experimental data, computational predictions, and textmining. The
association evidence in STRING is categorized into independent channels, weighted, and inte-
grated to produce a confidence score C for all recorded protein interactions. Interactions with a
high C score are more likely to be true than those with a low score. To evaluate the networks, we
employ the same set of confidence scores as in Pardo-Diaz et al. (2021):

o C: Total scores provided by STRING
o C': Scores that only consider coexpression information
o C*: Scores that exclude coexpression information.

We expect the overlap of our networks with the scores in C' to be higher than the overlap
with the scores in C* since our input datasets contain gene expression information. Nevertheless,
both C' and C¥ are interesting to analyse: the first one might be an indicator of how well the
networks capture coexpression relationships whereas the latter can be used as an indicator of how
well coexpression can predict other types of relationships.

For each network and confidence score set, we compute the dot product of the edge weights
and the STRING confidence score. Afterwards, we divide the result by the sum of the weights of
all edges in the network. Equation (5) indicates how we obtain the STRING score for a weighted
network with adjacency matrix Bs(¢) and confidence score set C:

et 2= Bs(9)ij Cij
i Z?:l Bs()i,

STRING Score(Bs(¢), C) = (5)

where n denotes the number of nodes in the network, Bs(¢);; is the the entry for genes i and j in

Bs(¢), and Cj; refers to the confidence score for the genes i and j in the confidence score set C.
Despite being normalised for the sum of edge weights, the score might be biased towards net-

works with fewer and heavier edges. For this reason, and in order to keep the comparison between
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the networks obtained using Pearson and distance correlation the fairest possible, we construct
and evaluate six additional networks:

o WS(wp): Network from S with the same sum of weights of edges as WP(wp)
o WS(ep): Network from S with the same number of edges as WP(wp)

o WS(ap): Network from S with the same average edge weight as WP(wp)
WP(ws): Network from P with the same sum of weights of edges as WS(wg)
o WP(es): Network from P with the same number of edges as WS(ws)

o WP(as): Network from P with the same average edge weights as WS(ws).

We also generate two sets of 30 random networks to compare the results obtained in the
STRING evaluation with those expected by chance. The sets of random networks have the same
number of edges and distribution of edge weights as WS(ws) and WP(wp), respectively. We gen-
erate the networks by assigning the edges of the original networks to randomly picked pairs of
vertices as a Bernoulli graph with a fixed number of edges and weights, and compute their STRING
scores.

2.5 Comparison of weighted and thresholded networks and unweighted networks

Next, we assess whether the weighted and thresholded gene coexpression networks we obtain
capture more biological information than unweighted coexpression networks. We compare our
networks with the optimal unweighted signed distance correlation networks from Pardo-Diaz
etal. (2021), denoted by NS(ds). We analyse and compare four networks:

o WS(ws): Optimal weighted network from S

o NS(ws): Unweighted network with the same edges as WS(ws)
o NS(ds): Optimal unweighted network from S

o WS(ds): Weighted network with the same edges as NS(ds).

We focus only on signed distance correlation networks because unweighted and weighted
signed distance correlation networks are both more self-consistent and capture more biological
information than their matching Pearson networks (see Results section).

Unweighted networks, by definition, do not have weights associated with their edges; in order
to be able to compare the networks using the scoring function from Equation (5), we assign to
edges of the networks NS(ws) and NS(ds) as weight the average edge weight of the networks
WS(ws) and WS(ds), respectively. All the edges in an unweighted network thus have the same
weight.

3. Results
3.1 Network construction and COGENT evaluation

We evaluate how the score retrieved using COGENT changes across different thresholds in each
dataset and for each correlation matrix. This score depends on the similarity of the networks con-
structed at each COGENT iteration. The similarity is adjusted using the overlap expected between
each of the networks and a network with the same edge weights distributed randomly, and then
adjusted to prioritise sparser networks (see Equations (2) and (4)). Figure 3 illustrates how the
signed distance and Pearson scores change for different edge weight values in the three datasets.
In all the datasets (RL3841, yeast, and human liver), the curve shows a similar shape and there
is an edge weight value for which the scores reach their maxima. The thresholds associated with
those edge weights are the optimal thresholds ¢* and ¢* which we choose when constructing
the networks WS(ws) and WP(wp). The score, threshold, and summaries of these networks are
shown in Table 1. In all cases, the highest scores obtained using signed distance correlation are
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Table 1. Metrics and COGENT score for the optimal networks of the studied datasets. “Corr” indicates the
correlation matrix employed and “Thr” denotes the optimal threshold

RL3841 dataset
COGENT Number of Sum of Average
Network Corr score Thr Edges weights weight
WS(ws) S 0.46 0.60 388,374 263,662 0.6789
WP(wp) P 0.43 0.55 531,374 342,785 0.6451

Yeast dataset

COGENT Number of Sum of Average
Network Corr score Thr Edges weights weight
WS(ws) S 0.76 0.82 405,576 355,227 0.8759
WP(wp) P 0.73 0.81 350,549 303,310 0.8652

Human liver dataset

COGENT Number of Sum of Average
Network Corr score Thr Edges weights weight
WS(ws) S 0.88 0.44 3,320 1734.58 0.5225
WP(wp) P 0.77 0.44 3,047 1567.93 0.5146
RL3841 dataset Yeast dataset
] | 2]
0 . < |
03 T o |
Q ' o J
g | i &°]
5 | 3 g
e 500000 1000000 1500000 © 0 500000 1000000 1500000
Sum of edge weights Sum of edge weights
Human liver dataset
5 ] ‘
g ° —— Signed distance correlation
wn n
F37 —— Pearson correlation
2 ]
S

0 1000 2000 3000 4000 5000
Sum of edge weights

Figure 3. Self-consistency scores for different thresholds and datasets. The blue and red lines show the scores (Equation
(4)) of networks obtained using signed distance and Pearson correlations, respectively, to generate weighted and thresh-
olded networks. The dashed vertical and horizontal lines indicate the optimal sums of edge weights and the highest
scores, respectively. Scores obtained by signed distance correlation are almost uniformly higher than scores from Pearson
correlation.

higher than those for Pearson correlation. Therefore, weighted and thresholded gene coexpres-
sion networks based on signed distance correlation can be more self-consistent than those based
on Pearson correlation.

3.2 STRING evaluation

We assess the amount of biological information contained in the networks following the method-
ology described in the Methods section. Tables 2-4 present the networks constructed using the
different datasets, their metrics, and their STRING scores. The optimal signed distance correla-
tion networks WS(ws) retrieve a higher score than all alternatives based on Pearson correlation for
all the studied datasets. The optimal Pearson correlation networks WP(wp) retrieve a lower score
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Table 2. Metrics and STRING scores for the networks from the RL3841 dataset. RE indicates the expected
result and its standard deviation. C, CT, and C* indicate the scores obtained for each of the different sets of
confidence from STRING. For each set of networks, the highest score values are indicated in bold

Network Science

Number of Sum of Average
Network Corr edges weights weight C ct c*
WS(ws) S 388,374 263,662 0.6789 28.66 8.70 25.72
WP(es) P 388,374 261,723 0.6739 24.49 7.31 22.08
WP(ws) p 391,691 263,662 0.6731 24.43 7.28 22.03
WP(as) p 367,002 249,153 0.6789 24.86 7.52 22.39
RE ws S 388,374 263,662 0.6789 7.51 0.90 7.11
+0.08 +0.02 +0.08
WP(wp) p 531,374 342,785 0.6451 22.39 6.26 20.26
WS(ep) S 531,374 347,174 0.6534 25.64 7.27 23.12
WS(wp) S 523,675 342,785 0.6546 25.78 7.33 23.23
WS(ap) S 585,747 377,861 0.6451 24.78 6.88 22.37
RE wp P 531,374 342,785 0.6451 7.53 0.91 7.12
+0.06 +0.02 +0.05

Table 3. Metrics and STRING scores for the networks from the Yeast dataset. RE indicates the expected
result and its standard deviation. C, CT, and C* indicate the scores obtained for each of the different sets of
confidence from STRING. For each set of networks, the highest score values are indicated in bold

Number of Sum of Average
Network Corr edges weights weight C ct ct
WS(ws) S 405,576 355,227 0.8759 106.40 75.61 62.25
WP(es) P 405,576 347,541 0.8569 105.69 75.60 61.58
WP(ws) P 415,223 355,227 0.8556 104.48 74.52 61.06
WP(as) P 286,663 251,077 0.8759 124.81 92.58 69.84
RE ws S 405,576 355,227 0.8759 13.94 4.77 11.83
+0.14 +0.07 +0.13
WP(wp) P 350,549 303,310 0.8652 113.36 86.36 64.90
WS(ep) S 350,549 309,784 0.8837 114.12 82.30 65.67
WS(wp) S 342,774 303,310 0.8849 115.34 83.36 66.21
WS(ap) S 486,198 420,679 0.8652 97.45 67.98 58.16
RE wp P 350,549 303,310 0.8652 13.96 477 11.84
+0.13 +0.06 +0.13

139

than most of their (signed distance) competitors. The only exception to this trend is the yeast
network WS(ap) (signed distance correlation network with the average edge weight of the opti-
mal Pearson correlation network) which returns a lower score than the network WP(wp) (optimal
Pearson correlation network). These results suggest that using signed distance correlation for gen-
erating weighted and thresholded networks from gene expression data can yield better results than
using Pearson correlation. Figure 4 shows the STRING scores obtained by the networks with the
sum of edge weights ws and wp for the three datasets and the different sets of evidence.

We observe that for both correlation matrices, a higher average edge weight (and a lower num-
ber of edges) implies a higher STRING score. Figure 5 shows the high positive correlation between
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Table 4. Metrics and STRING scores for the networks from the Human liver dataset. RE indicates the expected
result and its standard deviation. C, CT, and C* indicate the scores obtained for each of the different sets of
confidence from STRING. For each set of networks, the highest score values are indicated in bold

Number of Sum of Average
Network Corr edges weights weight C ct ct
WS(ws) S 3,320 1,734.58 0.5225 214.99 188.10 206.18
WP(es) P 3,320 1,686.44 0.5080 199.80 173.09 191.20
WP(ws) P 3,433 1,734.56 0.5053 196.29 169.61 187.86
WP(as) P 2,728 142.28 0.5225 210.24 184.12 201.34
RE ws S 3,320 1,734.58 0.5225 6.90 2.00 6.06
+1.01 +0.29 +0.10
WP(wp) P 3,047 1,567.93 0.5146 202.26 176.67 193.58
WS(ep) S 3,047 1,612.62 0.5292 219.16 192.66 210.57
WS(wp) S 2,949 1,567.93 0.5317 220.92 194.64 212.32
WS(ap) s 3,639 1,872.58 0.5146 210.79 182.78 201.78
RE wp P 3,047 1,567.93 0.5146 6.80 2.00 5.95
+1.00 +0.39 +0.92

the STRING score using the information set C and the average edge weight of the networks for
the RL3841 dataset. Still, often signed distance correlation networks retrieve a higher STRING
score than Pearson networks even when their average edge weight is lower. For example, for the
RL3841 dataset, the only case in which a Pearson correlation network retrieves a higher STRING
score than a signed distance correlation network is when comparing the network WS(ap) (signed
distance correlation network with the average edge weight of the optimal Pearson correlation net-
work, with score 24.78) versus the network WP(as) (Pearson correlation network with the average
edge weight of the optimal signed distance correlation network, with score 24.86). However, this
comparison lacks interest since their average edge weights (0.6789 and 0.6451) are quite different.

The random networks obtain a lower STRING score than Pearson and signed distance correla-
tion networks (see Tables 2-4 and Figure 4). We find the highest difference between the random
expected STRING scores and those retrieved by the networks when using only coexpression infor-
mation (C1). The scores obtained by the networks WS(ws) and WP(wp) are 9.63 and 6.89 times
higher than the score expected by chance in the case of the RL3841 dataset. The smallest differ-
ences correspond to the exclusion of the coexpression information (C*), where the values are 3.62
(WS(ws)) and 2.84 (WP(wp)) times higher than the randomly expected values for the RL3841
dataset.

3.3 Comparison with unweighted networks

Next, we compare the amount of biological information captured by weighted and thresholded
networks, and unweighted networks, constructed using signed distance correlation. We compare
the two groups of networks with the same sets of edges as described in the Methods section:
the optimal set of edges for the weighted and thresholded network and the optimal set for the
unweighted network in Pardo-Diaz et al. (2021). The weights in the unweighted networks are set
to the average weight in the matching weighted and thresholded networks. The results for the
STRING evaluation for the different datasets are shown in Table 5. For the three datasets, the
weighted and thresholded networks can capture more of the biological information and should
therefore be preferred. For the human liver dataset, we present only a set of two networks since
the optimal threshold for the weighted and the unweighted networks is the same and therefore
they have the same edges.
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Figure 4. Scores obtained for the gene coexpression networks obtained from the three datasets using STRING. All panels
show the score for the different networks on the y-axis, and the sum of weights on the x-axis. The scores are the result of
the dot product of the weights of the edges in the networks and the confidence scores with all evidence (C), only coexpres-
sion evidence (C) and everything excluding coexpression (C*) from STRING associated with them, divided by the sum of
edge weights. The black box plots correspond to the scores obtained by 30 random networks. Blue circles and red triangles
represent signed distance correlation and Pearson correlation, respectively.

4. Discussion and conclusions

The method we propose combines the intuitiveness of the unweighted networks, as there are edges
connecting only those pairs of genes with a high correlation in their expression, with the fine-
tuning provided by assigning different weight values to different edges. This combination allows
differentiating genes which are highly coexpressed from genes that, even if they are coexpressed,
are not highly associated. These characteristics can help to study and analyze the networks.

We select the optimal threshold value to generate the weighted and thresholded networks using
an extension of COGENT (Bozhilova et al., 2020) that allows assessing the similarity of this type
of networks. For each correlation matrix, we select the threshold value that results in a high self-
consistency and prioritizes signal over noise. We also normalized the correlation values that are
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Table 5. STRING scores for unweighted and weighted and thresholded networks for the three datasets using
signed distance correlation. C, C*, and C* indicate the scores obtained for each of the different sets of confidence
from STRING. Types “W” and “U” denote whether the networks are weighted or unweighted, respectively. Each
pair of networks have the same edges; for each pair of networks, the highest score values are indicated in bold

RL3841 dataset

Number of Sum of Average
Network Type edges weights weight C ct c*
WS(ws) w 388,374 263,662 0.6789 28.66 8.70 25.72
NS(ws) u 388,374 263,662 0.6789 27.31 7.87 2457
WS(ds) w 313,348 217,914 0.6954 30.97 9.88 27.70
NS(ds) u 313,348 217,914 0.6954 29.61 9.02 26.55

Yeast dataset

Number of Sum of Average
Network Type edges weights weight C ct c*
WS(ws) W 405,576 355,227 0.8759 106.40 75.61 62.25
NS(ws) U 405,576 355,227 0.8759 103.49 72.96 61.12
WS(ds) W 314,771 279,879 0.8892 120.12 87.59 68.19
NS(ds) u 314,771 279,879 0.8892 117.36 85.03 67.14

Human liver dataset

Number of Sum of Average
Network Type edges weights weight C ct ct
WS(ws) W 3,320 1,734.58 0.5225 214.99 188.10 206.18
NS(ds) u 3,320 1,734.58 0.5225 212.02 185.35 203.55

°
Q
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°
°

STRING score (C)
|
O\
>

—e— Signed distance correlation
—a— Pearson correlation

22

T T T T T T T T
0.645 0.655 0.665 0.675

Mean edge density

Figure 5. Distribution of STRING scores using the set of information C and average edge weight of the RL3841 networks. Blue
and circles are for signed distance correlation; red and triangles are for Pearson correlation.

higher than the threshold to lie between zero and one, using these normalized values as, as follows:
edges connecting genes with an expression correlation less or equal to the threshold had a weight
of zero; edges connecting genes with an expression correlation equal to one had a weight of one;
edges connecting genes with a expression correlation between the threshold and one had weights
between zero and one. We evaluated the self-consistency of the obtained network as described
in Section 2.3. We observed that this normalization step resulted in a similar self-consistency.
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For the signed distance correlation network, the optimal threshold was 0.52, resulting in a score
of 0.4582. This value is lower than the one obtained without the normalization: 0.4584. For the
Pearson correlation networks, we also obtained higher values when not using the normalization.
In light of these results, we do not include this normalization step in our pipeline.

The correlation matrices S and P differentiate positive from negative correlations. However, the
threshold value we select to construct the networks is always greater than zero and therefore the
weights of the edges in the network are always positive. As discussed in Pardo-Diaz et al. (2021),
we construct networks that include only positive correlations since negative correlations do not
always imply a functional relationship. Nevertheless, a signed network with weights associated
with its edges might include valuable information since the sign of the weights allow to differ-
entiate positive and negative associations. Exploring a modification of our network construction
pipeline of this type might provide an improvement.

For the three studied datasets, the use of signed distance correlation to generate weighted
and thresholded networks results in a higher self-consistency than the use of Pearson correla-
tion. Regarding the STRING evaluation, most times, the signed distance correlation networks
also obtain a higher score than their competitors constructed using Pearson correlation. The only
exception to this trend is when comparing networks with the same average edge weight in the
yeast dataset. However, overall, the presented results suggest that the networks constructed using
signed distance correlation capture more biological information.

As shown in Table 5, our weighted and thresholded networks capture more biological infor-
mation than unweighted networks. We extract the same conclusion from the analysis of the three
datasets. This result is in line with what we expect since the use of edge weights representing the
strength of the correlation between the expression of the pairs of genes results in an increase in
the amount of information contained in the network.

The threshold values that we select to generate the weighted and thresholded networks from
the three datasets are very similar to those that we use to construct the unweighted networks. This
fact suggests that independently of the construction methodology we follow, the barrier between
signal and noise is in the same range of correlation values for a given correlation matrix.

We use our method to construct a novel weighted and thresholded gene coexpression net-
work for R. leguminosarum. This network promises to reveal rich biological information and
it is, therefore, the starting point for further investigations of the biological mechanisms of this
organism. In particular, we plan to identify groups of genes in R. leguminosarum which are highly
connected in the network, and associate them with specific biological processes. To do so, we
will make use of community detection techniques and new experimental data. For the human
liver dataset one could similarly validate communities by exploring predicting disease-related
biological information; see for example Song et al. (2019), Chen et al. (2018), Li et al. (2019).

Finally, we have showcased our method on gene expression datasets from different organ-
isms obtained using different techniques: microarrays (R. leguminosarum), RNA-Seq (yeast), and
single-cell RNA-Seq (human). However, the methods that we have developed are general, and can
also be used to construct networks in a vast range of domains, such as, for example, economics
(Wang et al., 2018), neuroscience (Bernhardt et al., 2011), climatology (Donges et al., 2009), and
indeed any discipline where networks are constructed from correlation data.
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