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Abstract

Background: Functional networks play an important role in the analysis of biological processes and systems.
The inference of these networks from high-throughput (-omics) data is an area of intense research. So far, the
similarity-based inference paradigm (e.g. gene co-expression) has been the most popular approach. It assumes
a functional relationship between genes which are expressed at similar levels across different samples. An
alternative to this paradigm is the inference of relationships from the structure of machine learning models.
These models are able to capture complex relationships between variables, that often are
different/complementary to the similarity-based methods.

Results: We propose a protocol to infer functional networks from machine learning models, called FuNeL. It
assumes, that genes used together within a rule-based machine learning model to classify the samples, might
also be functionally related at a biological level. The protocol is first tested on synthetic datasets and then
evaluated on a test suite of 8 real-world datasets related to human cancer. The networks inferred from the
real-world data are compared against gene co-expression networks of equal size, generated with 3 different
methods. The comparison is performed from two different points of view. We analyse the enriched biological
terms in the set of network nodes and the relationships between known disease-associated genes in a context of
the network topology. The comparison confirms both the biological relevance and the complementary character
of the knowledge captured by the FuNeL networks in relation to similarity-based methods, and demonstrates
its potential to identify known disease associations as core elements of the network. Finally, using a prostate
cancer dataset as a case study, we confirm that the biological knowledge captured by our method is relevant to
the disease and consistent with the specialised literature and with an independent dataset not used in the
inference process.

Availability: The implementation of our network inference protocol is available at:
http://ico2s.org/software/funel.html
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Background

The inference of biological networks is a highly relevant
and challenging task in systems biology and integra-
tive bioinformatics. Biological networks are graphs in
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which nodes represent genes or proteins, and a con-
nection between them indicates some kind of biologi-
cal relationship, e.g. regulatory or functional. The net-
work inference is, in an essence, an attempt to reverse
engineer the biological relationships from the high-
throughput biological data [1].

Most biological network inference methods focus on
the definition of gene regulatory networks, in which
edges represent direct regulatory interactions between
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Fig 1 Two approaches to functional network inference: one based on the expression profile similarity and the other based on the
extraction of knowledge from machine learning models. The similarity-based methods construct a new network edge X ↔ Y , when
the similarity between the expressions of genes X and Y across the samples is above a threshold. Methods based on machine
learning, first build a predictive model, in this example a rule-based model, using the samples phenotype information (class labels)
and then construct a network edge X ↔ Y , when genes X and Y are used together within that model to classify the samples. As
these two approaches lead to different functional networks, it is possible that they capture complementary knowledge.

genes [2–4]. Far less effort has been put into the de-
sign of methods to build functional networks in which
a connection indicates a functional relationship, e.g.
membership in the same pathway or protein complex.
One of the typical uses of these networks is the iden-
tification of functional modules (subset of genes with
multiple internal connections and a few connections
with genes outside the module that describe, explain
or predict a biological process or phenotype.).

One of the earliest (but still widely used) approach to
infer functional networks is the ”guilt-by-association”
principle [5]. That is, if two genes show similar expres-
sion profiles, it is assumed they are also functionally
related (via a direct or indirect interaction). Initially,
this paradigm was applied to infer networks from tran-
scriptomics data, and this is why in most of the liter-
ature it is known as the co-expression network infer-
ence principle. Nevertheless, it is abstract enough to
be applied to all kinds of biological data. It has been
demonstrated that co-expression networks are able to
effectively identify pathways and candidate biomark-
ers [6] or reveal gene modules representing a biological
process perturbed in a disease [7], just to name a few
examples, and the similarity-based approach remains
the dominant method of functional network inference
today, with many recent examples: [8–12].

A different approach that is recently gaining popu-
larity, is the use of machine learning techniques to
infer biological networks. Due to the wide range of

knowledge representations used within machine learn-
ing methods (e.g. classification rules, decision trees, ar-
tificial neural networks, SVM kernels, etc.), they can
discover more complex and diverse relationships, and
overcome the limitations of the similarity-based meth-
ods. This is possible since within machine learning
models the attributes are associated not because they
are similar (e.g. have similar expression profiles), but
because together they detect strong patterns. In addi-
tion, if learning is supervised, it can take advantage of
the additional phenotype information (class labels of
the samples, e.g. case and control) available with the
data. Therefore, by mining the complex machine learn-
ing models, it should be possible to uncover new and
different (biological) knowledge, that is likely to escape
the traditional approaches. Figure 1 illustrates these
differences between the two approaches (similarity-
based methods vs. knowledge extraction from the ma-
chine learning models).

Alternative strategies exist to infer networks using
machine learning. One approach is to train machine
learning models that directly predict network edges
[13], but this process requires an experimentally ver-
ified ”ground truth” of known interactions and suit-
able controls. A different approach, which is the focus
of this work, is to generate machine learning models
from the biological data and then mine the structure
of the models to infer networks. Several types of ma-
chine learning have been successfully applied to this
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task: unsupervised learning in the form of association
rules [14], supervised learning using regression (model
trees [15]) or classification (random forest [16]).

The specific focus of this paper is the network infer-
ence from rule-based machine learning models. Such
models have been successfully applied before to ex-
tract knowledge from genetic data [17] and identify
disease risk factors in a bladder cancer study [18]. The
methods presented in these works share some pipeline
components with our current work, such as the per-
mutation test and a 2-phase learning strategy. In our
previous works we applied rule-based machine learning
to transcriptomics [19, 20], proteomics [21], lipidomics
[22] and protein structure data [23]. We formulated
a paradigm called co-prediction (in opposition to the
classic co-expression) in which the prediction rules of
a classification algorithm, in our case BioHEL [24], are
used to identify relationships between genes.

Co-prediction is based on the assumption that at-
tributes (e.g. genes) within the same classification
rules, due to their co-operation in predicting the sam-
ple class, have an increased likelihood of being func-
tionally related to the biological process in question
(Figure 2). Differently than co-expression, the co-
prediction approach exploits the phenotype informa-
tion of the data (class labels) to detect functional re-
lations.

Fig 2 Co-prediction paradigm. Association between the genes
is inferred from their co-occurrence in classification rules.

However, from a methodological perspective, many
questions remained unanswered. Can the co-prediction
approach identify known genetic relationships? How
can we quantify the biological significance of the co-
prediction networks? What is the impact of data pre-
processing on the generated networks? Is this method-
ology able to capture knowledge that escapes other

methods? Are the discovered functional relationships
meaningful in the human disease context?

To address these questions, we propose in this arti-
cle a new network inference protocol, called FuNeL
(Functional Network Learning). FuNeL substantially
extends our previous work [19] by incorporating: (1)
statistical filtering of inferred functional relationships
via permutation tests, (2) a multi-stage network gener-
ation to maximise the knowledge extraction, and (3) a
configurable feature selection stage to control the size
of the generated networks.

We first tested FuNeL’s ability to correctly iden-
tify functional relationships using a set of synthetic
datasets. Then, we evaluated FuNeL on 8 real-world
transcriptomics datasets related to different types of
cancer. For each dataset we tested 4 different configu-
rations of the protocol and compared the inferred net-
works to co-expression networks of equivalent size. In
order to have an extensive evaluation of our approach,
we employed 3 different methods to generate co-
expression networks. We systematically looked at the
differences between co-prediction and co-expression
networks from two points of view: (1) the enriched bi-
ological terms and (2) the relationships between the
genes known to be associated with a particular type of
cancer. Finally, we used a prostate cancer dataset as
a case study and performed a more detailed biological
analysis of the enriched terms and the disease related
genes. We looked at the largest hubs and the most
central nodes in the prostate cancer co-prediction net-
works and studied their involvement in the disease. We
found literature support for the association between
these topologically important genes and prostate can-
cer, and we further confirmed it with an independent
transcriptomics dataset (not used as a source in the in-
ference process). Overall, we found that the FuNeL in-
ferred networks: (1) capture relevant biological knowl-
edge that is complementary to the knowledge captured
by different co-expression networks, and (2) more ad-
equately represent the relationships between genes as-
sociated with the disease targeted by each dataset.

Materials and Methods

In this section we describe the proposed network in-
ference protocol, the datasets from which we inferred
the networks and the experimental design we used to
evaluate it.

The functional network inference protocol

The stages of the co-prediction inference protocol are
illustrated in Figure 3. Two of these stages are optional
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(1 and 4), they lead to a total of 4 different protocol
configurations. If the first optional stage (feature se-
lection) is performed, the original dataset is reduced
to the most relevant attributes. In the second stage a
rule-based machine learning is used to infer a network.
This network is statistically refined in Stage 3, in which
a permutation test is used to filter out non-significant
nodes. The final stage, in which the network generation
is repeated for the second time, is again optional. A
complete time complexity analysis of the FuNeL pro-
tocol is available in Section 2 of the Supplementary
Material.

Fig 3 Stages of the functional network inference protocol.

Feature selection (stage 1) When datasets contain a
large number of attributes, some might be irrelevant
to the prediction target and discarding them helps the
classification algorithm to focus its learning effort on
the attributes that matters. Therefore, the feature se-
lection is the first stage of the inference process. To
pick the relevant attributes we used the support vec-
tor machine recursive feature elimination (SVM-RFE)
[25]. We opted for the SVM algorithm with a linear

kernel as our preliminary studies suggested that it can
eliminate as much as 90% of the original dataset at-
tributes, without losing much of the classification ac-
curacy (see Section 1 in Supplementary Material).

Rule-based network inference (stage 2) To infer the
rule-based classification models we used BioHEL [24].
It generates sets of classification rules using a genetic
algorithm and is able to work with large datasets. Due
to the stochastic nature of BioHEL’s learning process,
each of its runs generates a different rule set. We lever-
age this fact by creating a large number of alterna-
tive hypotheses of functional relationships via multi-
ple runs of the algorithm. For each dataset we run
BioHEL 10 000 times and infer the network from the
consensus of all the generated rule sets. To do that, we
use all the pairs of attributes that appear together in
the same classification rule as the network edges (co-
prediction paradigm). Then, we score each network
node (attribute) by counting how many times it has
been used in the rules (node score).

Permutation test (stage 3) Given a list of edges
(attribute-attribute associations) extracted from the
rule sets, we try to filter out the non-significant nodes.
To determine the node significance, we follow a statis-
tical analysis procedure based on a permutation test,
similar to the one described in [17]. We generate 100
permutated datasets by randomly shuffling the class
labels. Next, we infer the co-prediction networks (as
in Stage 2) from these permutated datasets. Then,
for each node, we calculate a distribution of scores
across the 100 networks generated from the permu-
tated datasets. Using a one-tailed permutation test, we
assign to each node a p-value, to estimate how likely
it is to draw its score from the calculated distribution.
With this process we make sure that the nodes with
high scores are really tied to the classes present in the
data, and that the network truly represents functional
relationships. To decide if a node is statistically signif-
icant we use a typical α = 0.05 threshold.

After preliminary experiments we realised, that using
significant nodes alone leads to small and dense net-
works. To counter that, we relaxed the node pruning to
also keep all direct neighbours of the significant nodes.

Network construction (stage 4) There are two ways
to interpret the result of the statistical test (option 2
in Figure 3). The first approach is to use the significant
nodes as a filter for the inferred relationships (edges)
and remove all the edges between two non-significant
nodes. The second approach is to use the permuta-
tion test as a further feature selection and build a new
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rule-based machine learning model using only the sig-
nificant nodes. This second run of the learning algo-
rithm is then focused only on the statistically impor-
tant genes and creates the final network.

Protocol configurations As a result of two indepen-
dent optional stages in the FuNeL protocol, there are
4 different configurations that it can run with (see Ta-
ble 1). We decided to test them all and infer four net-
works from each dataset, one per configuration.

Table 1 Protocol configurations used in the experiments.

Config. Description

C1 reduced dataset + 1 stage of network generation
C2 original dataset + 1 stage of network generation
C3 reduced dataset + 2 stages of network generation
C4 original dataset + 2 stages of network generation

Datasets

Synthetic datasets

To verify if FuNeL is able to correctly identify func-
tional relationships we tested it on a set of synthetic
datasets. Although there are several generators that
model expression data with genetic relationships, such
as GNW used in several DREAM challenges [26], they
generate unlabeled samples (without phenotype infor-
mation, e.g. case vs. control) and the class labels are
necessary to perform the supervised learning at the
core of FuNeL.

For that reason, we decided to use GAMETES instance
generator [27], designed to create genetic datasets with
multi-locus disease associations, where no fewer than
n loci can predict a phenotype (disease status). GA-
METES generates genotype data (rather than gene ex-
pression data) based on models with specific genetic
constraints, e.g. different heritabilities or frequencies
of the SNPs.

To generate the synthetic datasets, we used a set of
2-locus configurations similar to what was employed
in a recent work of Li et al. [28] to evaluate permuted
random forest networks of gene interactions. Specifi-
cally, the genetic models varied in terms of heritability
(0.001-0.4) and number of attributes (5-25), with fixed
allele frequency of 0.2 and 2000 samples per dataset.
For each configuration, we selected from 100 000 ran-
dom models, two models with extreme value of the ease
of detection metric (EDM) (the least and the most dif-
ficult). Finally, for each selected model we generated
50 datasets, obtaining 4000 datasets in total.

Real-world datasets

We used 8 publicly available human cancer microar-
ray datasets (see Table 2). These datasets represent
a broad range of characteristics in terms of biologi-
cal information (different types of cancers), number of
samples (patients) and number of attributes (genes).
For each dataset the attributes were defined by the
probes used in the microarray experiment. Generally,
a gene can be represented by more than one probe
and extra post-processing step is needed to merge the
information and generate networks where nodes truly
represent genes. We used MADGene [29] to map the
Affymetrix probe IDs into HUGO gene IDs, then for
all probes mapped to the same gene, we merged the
probes and their connections. If a probe was unmapped
it was removed from the network.

Table 2 Description of the source datasets used to infer
networks.

Name Attributes Samples Class labels

Dlbcl [30] 2647 77 Dlbcl; Follicular lymphoma
CNS [31] 7129 60 Survivor; Failures
Leukemia [32] 7129 72 AML; ALL
Lung-Michigan [33] 7129 96 Tumor; Normal
Lung-Harvard [34] 12534 181 Mesothelioma; ADCA
Prostate [35] 12600 102 Tumor; Normal
AML [36] 12625 54 Remission; Relapse
Colon-Breast [37] 22283 52 Colon cancer; Breast cancer

While in this instance we focused on transcriptomics
datasets only, the FuNeL protocol is general and can
be applied to other types of biological data too (pro-
teomics, lipidomics, etc.).

Co-expression networks

In this paper we are comparing our FuNeL networks
against co-expression networks. The co-expression
paradigm identifies similarity of gene expression pat-
tern under different experimental conditions. Co-
expression edges are an abstraction of functional rela-
tionships between genes and do not represent physical
binding as in protein interaction or gene regulatory
networks. Two genes are considered to be function-
ally related (co-expressed), if their transcript levels
are similar across a set of samples.

In here we employed three well known methods to infer
co-expression networks, each one uses a different met-
ric to assess gene expressions similarity: Pearson cor-
relation coefficient, ARACNE [2] and MIC [38]. In the
following subsections we briefly present those methods,
for more details check the cited original papers.

Pearson correlation coefficient

Pearson’s correlation coefficient (PCC) is a well known
measure of linear dependence between two variables.
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Applied to gene expression profiles, it measures the
similarity in the direction of gene response across sam-
ples. Its main disadvantages are the lack of distribu-
tional robustness (it assumes data normality) and the
sensitivity to outliers. We generated the PCC-based
co-expression networks using the SciPy Python library
[39].

ARACNE: Algorithm for the Reconstruction of Gene
Regulatory Networks

The ARACNE method [2] measures the dependence
between two gene expression profiles using mutual in-
formation. Mutual information I(X;Y ) estimates en-
tropy to quantify the amount of information that Y
contains about X (measured in bits). In contrast to
correlation, it is able to detect non-linear dependen-
cies. ARACNE calculates I(X;Y ) for every pair of
gene expression profiles X and Y , and applies the data
processing inequality to remove the majority of indi-
rect dependencies. For each triplet X, Y and Z the
weakest link is removed, e.g. the edge between X and
Y is removed if I(X;Y ) ≤ min(I(X;Z), M(Z;Y )) −
ε. The tolerance threshold ε is used to adjust for
the variance of the mutual information estimator. To
generate the ARACNE based networks we used the
minet R package [40] with the following parameters:
mi.empirical estimator, equalwidth distance and ε = 0.

MIC: Maximal Information Coefficient

The MIC [38] is a recently proposed measure of the
strength of association between two variables, closely
related to mutual information. Instead of using a single
discretisation strategy to bin the compared variables,
it chooses individual bins for each variable, such that
value of mutual information I(X;Y ) is maximised.
Compared to standard estimation of I(X;Y ) value
used in ARACNE, the optimised estimation provided
by MIC is able to detect a wider range of non-linear
associations. To generate MIC based networks we used
the minepy Python library [41] with the following pa-
rameters: α = 0.6 and c = 15.

Inference of the co-expression networks counterparts

To fairly compare the co-prediction and co-expression
networks generated from the same data, we had to
make sure they match in size. To do that, for every
co-prediction network C with m edges and n nodes,
we created two co-expression counterparts:

• SE(C): co-expression network with m edges

• SN(C): co-expression network with n nodes

PCC and MIC methods directly compute the pairwise
similarity between the gene expressions. Given that,
we generated SE(C) using m gene pairs with the high-
est similarity coefficient. To build SN(C) we used as
many top gene pairs as needed, to reach at least n
nodes (as we included all pairs tied on the similarity
value, sometimes we end up with a few nodes more).

ARACNE uses a pruning procedure and generates a
weighted network, not a list of pairwise similarities.
When the resulting network was smaller than m edges
or n nodes, we increased the default tolerance thresh-
old ε to obtain a large enough network. This was the
case for the CNS (ε = 0.002) and the Dlbcl datasets
(ε = 0.043). Then we used the edge weights to select
top gene pairs, as in the case of PCC and MIC meth-
ods.

Several examples of inferred co-prediction networks
and corresponding co-expression networks are visu-
alised in Section 7 of the Supplementary Material and
are accompanied, in there, by an initial analysis of se-
lected topological properties in Section 3.

Enrichment analysis

To understand the biological information captured
by the generated networks we conducted an enrich-
ment analysis. This is a statistical method of check-
ing whether a set of genes have common character-
istics. In our study, the set is defined by the nodes
of the generated functional network and is analysed
with PANTHER [42]. Because many statistical tests
are performed (one for each term) at the same time,
PATHER uses Bonferroni correction for multiple test-
ing with α = 0.05. We searched for two categories of
biological knowledge: Gene Ontology (GO) terms and
PANTHER pathways (176 primarily signalling path-
ways). From the set of GO term, we selected only the
manually curated annotations that were supported by
experimental evidence.

Disease association analysis

To evaluate the predictive power of the generated net-
works, and to assess their relevance within a cancer-
related context, we analysed the relationships be-
tween known disease-associated genes. We used two
sources for the disease associations: Malacards (a
meta-database of human maladies consolidated from
64 independent sources) [43] and the union of several
manually curated databases (OMIM [44], Orphanet
[45], Uniprot [46] and CTD [47]). We looked at two
properties: (1) the proximity of the disease-associated
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Table 3 FuNeL success rate in identification of disease-predicting SNPs. The datasets differed with respect to heritability, number of
SNPs and detection difficulty (L-EDM models were the hardest, H-EDM the easiest).

5 SNP 10 SNP 15 SNP 20 SNP 25 SNP

Her. L-EDM H-EDM L-EDM H-EDM L-EDM H-EDM L-EDM H-EDM L-EDM H-EDM

0.001 6 % 16 % 8 % 18 % 4 % 10 % 4 % 12 % 12 % 16 %
0.005 8 % 82 % 0 % 86 % 6 % 80 % 2 % 82 % 8 % 72 %
0.01 8 % 96 % 8 % 100 % 8 % 100 % 12 % 100 % 14 % 100 %
0.05 14 % 100 % 60 % 100 % 42 % 100 % 34 % 100 % 34 % 100 %
0.1 100 % 100 % 100 % 100 % 100 % 100 % 100 % 100 % 100 % 100 %
0.2 100 % 100 % 100 % 100 % 100 % 100 % 100 % 100 % 100 % 100 %
0.3 100 % 100 % 100 % 100 % 100 % 100 % 100 % 100 % 100 % 100 %
0.4 100 % 100 % 100 % 100 % 100 % 100 % 100 % 100 % 100 % 100 %

genes within a network and (2) the number of tri-
angles in a network, containing one or more disease-
associated genes.

Higher proximity represents stronger functional rela-
tionship between genes involved in the disease. Trian-
gles represent groups of attributes used together across
different prediction rules, and therefore indicate strong
mutual relationship between the genes (useful in the
discovery of potential new disease associations). Tri-
angles are also the smallest non-trivial motifs that can
be found in a complex network and over-represented
motifs usually identify functional units of biological
processes in cells [48].

The proximity of disease-associated genes was mea-
sured using the average shortest path length (SPL).
The proximity was defined as a ratio of two distances:
average SPL between all pairs of the non-associated
genes and average SPL between all pairs of disease-
associated genes A:

1

n

n∑
i=1

wi
SPL(CCi \A)

SPL(A)
,where wi =

|CCi|∑n
j=1 |CCj |

As the generated networks often were disconnected
(had more than 1 connected component), we intro-
duced a weight wi that represents the relative size of a
connected component CCi. Components with less than
3 nodes or disease-associated genes were not used in
the calculation.

Results

The main results described in this section are based
on the analysis of 8 real-world datasets. The only ex-
ception is the subsection below, which reports the test
results on synthetic datasets.

Identification of predefined relationships in synthetic
datasets

To verify how well FuNeL is able to identify func-
tional relationships, we tested it first on synthetic

datasets generated using GAMETES. We used 80 dif-
ferent model configurations that varied in heritability,
number of SNPs and ease of detection, and tested the
success rate on 50 datasets per model. Given the small
number of attributes in the synthetic datasets, we used
only the C2 protocol configuration in the tests (no fea-
ture selection, single learning phase). The percentage
of successfully identified relationships for each model
is reported in Table 3. We counted as success the pres-
ence of an edge between the interacting pair of SNPs
in the inferred network.

As expected, a higher success rate was obtained for
models where relationships were easy to detect (H-
EDM). The performance increased with higher values
of heritability and 100% success rate was obtained for
heritability values above 0.05 regardless of model diffi-
culty. The overall results are similar to those reported
in [28], or even slightly better, as FuNeL’s success rate
was unaffected by the increase in the number of SNPs.

Complementarity of the enriched terms

To test how unique are the biological terms (GO terms
and pathways) over-represented in the inferred Fu-
NeL networks, we measured an overlap between terms
found for each type of network. We defined the over-
lap between terms enriched for networks inferred using
configurations Ca and Cb as:

O(Ca, Cb) =
c

ua + ub + c

where c is the number of common terms, ua is the
number of unique terms for Ca and ub is the number
of unique terms for Cb.

Table 4 summaries the pair-wise overlap between the
4 different FuNeL configurations. For GO terms we re-
ported the average overlap between the biological pro-
cess, cellular component and molecular function cat-
egories. Although configurations that operate on the
same dataset (C1/C3 and C2/C4) shared the most
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terms/pathways, the overlap is quite far from 100%.
The observed difference is a result of the second train-
ing stage. Configurations used on different datasets
(i.e. different set of attributes) resulted in networks
sharing less than 40% GO terms and 20% pathways.

Table 4 Average overlap of enriched GO terms and pathways
between different FuNeL configurations. The overlap was
averaged across all 8 datasets.

Gene Ontology Pathways

C1 C2 C3 C4 C1 C2 C3 C4

C1 — 0.353 0.749 0.405 — 0.186 0.513 0.183
C2 — 0.321 0.701 — 0.095 0.591
C3 — 0.364 — 0.104
C4 — —

Similarly, we analysed the term overlap between co-
prediction and co-expression by comparing the Ci net-
works with their co-expression counterparts SE (Ci)
and SN (Ci) generated with different approaches (see
Table 5). We found the percentage of overlap to be sim-
ilar across the different inference methods. The over-
lap in enriched terms was never higher than 62% (still
leading to a difference around 40%) and was the largest
for configuration not using feature selection (C2 and
C4). In general the percentages were lower for biolog-
ical pathways with a minimum of only 10% of shared
terms. Low values of terms overlap indicate that the
co-prediction and the co-expression approaches can be
seen as complementary. Despite starting from the same
dataset, they generate networks expressing different
biological information.

Table 5 Average overlap of enriched GO terms and pathways
between the co-prediction and co-expression networks. Each
co-expression network Ci was compared to the corresponding
co-expression networks SE(Ci) and SN(Ci). The overlap was
averaged across all 8 datasets.

Co-expression (SE) Co-expression (SN)

Method Cat. C1 C2 C3 C4 C1 C2 C3 C4

PCC
GO 0.280 0.414 0.297 0.432 0.315 0.576 0.367 0.488

path. 0.223 0.260 0.258 0.190 0.264 0.400 0.175 0.287

ARACNE
GO 0.348 0.621 0.272 0.565 0.333 0.612 0.277 0.535

path. 0.126 0.463 0.139 0.479 0.085 0.423 0.016 0.356

MIC
GO 0.316 0.513 0.283 0.487 0.300 0.614 0.289 0.527

path. 0.097 0.339 0.142 0.315 0.112 0.469 0.080 0.352

Quantifying the amount of captured biological
knowledge

The amount of biological knowledge (number of en-
riched terms) captured by a network is related to its
size (number of nodes). To fairly compare the networks
of different sizes we used the normalised Enrichment
Score (ES):

ES =
number of enriched terms

number of nodes

The score assesses if a network contains biologically
related nodes. The higher it is, the larger is a biological
similarity between the nodes of a network.

To have a global view of the performances of each in-
ference method in term of ES, we performed a two-step
analysis for each enrichment category. First, using the
ES, we ranked the networks generated by each method
in order to identify the best performing one. See Sec-
tion 4 of the Supplementary Material for the complete
analysis.

Once we identified the best network for each method,
we ranked them together by ES and calculated their
average rank across the datasets. The results of this
analysis are reported in Table 6. MIC performed best
when ES was calculated using the GO terms (it was
ranked first in each of those categories). When ES
was calculated using the biological pathways, C4 and
ARACNE SE(C1) shared the highest rank.

Table 6 Average ranks based on the Enrichment Score for the
best performing networks of each inference method. For each
category and for each method, we report the network used in the
analysis. The ranks (in brackets) were averaged across all 8
datasets, and the highest ranks are shown with bold font. The last
row reports the average ranks across all the biological categories.
The following abbreviations were used for GO categories:
biological process (BP), molecular function (MF) and cellular
component (CC).

Category FuNeL PCC ARACNE MIC

GO BP C4 (3) SE(C3) (1.5) SN(C3) (4) SN(C3) (1.5)
GO MF C3 (3.5) SN(C3) (3.5) SN(C3) (2) SN(C3) (1)
GO CC C3 (4) SN(C1) (3) SN(C3) (2) SN(C3) (1)
Patwhays C4 (1.5) SN(C2) (3.5) SE(C1) (1.5) SE(C3) (3.5)

Average 3 2.88 2.38 1.75

Table 6 shows that the best performing networks for
each method were mostly C3 co-expression counter-
parts, in particular SN(C3). This is consistent with
the result of the topological analysis in Section 3 of
the Supplementary Material were these networks were
found to have the lowest number of nodes, and suggests
that smallest networks tend to be more enriched. The
difference in performance between the FuNeL configu-
rations is mainly a result of the application of the sec-
ond machine learning phase (the best networks were
C3 and C4).

In Supplementary Table 6 we reported the results of
a similar analysis where we compared the similarity-
based inference methods against FuNeL (ranks in there
range from 1 to 12: 4 Ci + 4 SE (Ci) + 4 SN (Ci). In
this pairwise analysis, FuNeL networks performed sim-
ilarly to PCC and ARACNE. We did not observe any
consistent winner across all the enrichment categories.
MIC seems to have better results than FuNeL only for
GO categories, as emerged from Table 6, while FuNeL
networks tend to be more enriched for biological path-
ways.
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Evaluation of the networks in a disease context

To verify if the topology of the inferred networks is
biologically meaningful, we analysed how it defines
the relationships between genes that are known to be
associated with a disease targeted by each dataset.
We expected the disease-associated genes to be more
closely connected than other genes and to be present
in functional units, such as triangle motifs. We mea-
sured the proximity of the disease-associated genes
(i.e. how closely connected they are compared with
non-disease-associated genes) and counted the num-
ber of triangular relationships present in each network
(i.e. the percentage of triangles containing one, two or
three disease-associated genes). We repeated the two-
step analysis as presented in Section Quantifying the
amount of captured biological knowledge by using the
gene-disease metrics for the ranking. The results are
reported in Table 7. The detailed results for each in-
ference method are available in Section 5 of the Sup-
plementary Material.

Table 7 Average ranks based on the disease-associations for
the best performing networks of each inference method. For
each category and for each method we report the network used
for the analysis. The ranks (in brackets) were averaged across all
8 datasets, and the highest ranks are shown with bold font. The
last row reports the average ranks across all the categories. The
number of disease-associated genes participating in a triangle is
denoted as 1A, 2A and 3A.

Source Cat. FuNeL PCC ARACNE MIC

Curated

1A C2 (1) SN(C2) (4) SN(C3) (2.5) SN(C2) (2.5)
2A C3 (1) SN(C3) (2) SE(C2) (3) SN(C2) (4)
3A C1 (2) SN(C1) (3) SE(C4) (4) SE(C2) (1)
Proximity C2 (1) SN(C3) (2.5) SE(C4) (2.5) SE(C2) (4)

Average 1.25 2.88 3 2.88

Malacards

1A C2 (1) SN(C2) (4) SN(C4) (3) SE(C4) (2)
2A C2 (1.5) SN(C4) (4) SE(C4) (1.5) SN(C2) (3)
3A C3 (2) SN(C4) (3) SE(C2) (4) SN(C2) (1)
Proximity C2 (1) SE(C4) (4) SE(C4) (3) SE(C2) (2)

Average 1.78 3.75 2.88 2

The average ranks, for both sources of disease associa-
tions, suggest that co-prediction outperforms the other
inference paradigms. The proximity of the disease-
associated genes was in general higher in C2 network.
Therefore, the co-prediction paradigm has identified
the core elements of the network more accurately. This
result highlights the benefits of including functional in-
formation, whenever these are available, in the network
inference process (FuNeL is using the class labels as-
signed to the samples of the dataset), in contrast to
the co-expression approach solely based on gene ex-
pression similarity (unsupervised).

There is also a clear difference in the number of
disease-associated genes participating in the triangles;
co-prediction networks were ranked higher than the co-
expression networks. The only category in which MIC

had a higher rank was 3A. However, considering that
there were not many triangles with disease-associated
genes, many ties affected the ranks in this category.
Overall, these results demonstrate the higher predic-
tive potential of the FuNeL networks in identifying new
disease associations.

Prostate cancer case study: enriched terms

To compare in detail the difference in biological knowl-
edge captured by the co-prediction and co-expression
networks, we followed our global analysis with a case
study focused on a dataset targeting a single disease
— prostate cancer [35]. We were especially interested
in specific knowledge captured by one paradigm but
not the other.

In Figures 4 and 5 we compared the co-prediction and
PCC co-expression networks inferred from the prostate
cancer dataset. We focused on unique GO terms and
pathways, enriched only in one type of networks. For
the sake of readability we filtered out the generic GO
terms (with depth < 9 in the GO hierarchical struc-
ture). C2 was the network with the largest number of
unique terms, followed by C4 and SN(C2). We found
16 GO terms and 21 pathways unique to co-prediction
networks and only 3 GO terms and 4 pathways unique
to co-expression networks. A similar disproportion in
favour of the co-prediction networks was found in com-
parison with MIC and ARACNE networks (see Sup-
plementary Figures 2 and 3).

We found several of the unique GO terms enriched
in the co-prediction networks to be related to prostate
cancer. The role of the Protein ubiquination in prostate
cancer was recently analysed and showed an impact for
its treatments [49]. ERK pathway is involved in the
motility of prostate cancer cells [50]. Prostate cancer
cells seems to alter the nature of their calcium influx
to promote growth and acquire apoptotic resistance
[51]. Furthermore, the role of calcium homeostasis in
the majority of the cell-signaling pathways involved
in carcinogenesis has been well established, prostate
cancer included [52].

A number of enriched pathways specific to co-prediction
networks are also highly relevant to the prostate can-
cer. Several studies demonstrated the involvement of
the JAK/STAT pathway in the prostate cancer devel-
opment [53, 54]. There is multiple evidence suggest-
ing that one of the major aging-associated influences
on prostate carcinogenesis is oxidative stress and its
cumulative impact on DNA damage [55, 56]. Finally,
FAS (also called Apo1 or CD95) plays a central role in
the physiological regulation of programmed cell death
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Fig 4 Number of unique enriched GO terms (biological process) for each network configuration (generated from the prostate
cancer dataset). On the x-axis we show the 12 investigated networks. On the y-axis we show the names of enriched terms unique to
co-prediction or PCC co-expression networks. Red terms are associated with co-expression networks, blue with co-prediction. Empty
columns indicate networks with no unique terms.
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Fig 5 Number of unique enriched biological pathways for each network configuration (generated from the prostate cancer

dataset). On the x-axis we show the 12 investigated networks. On the y-axis we show the names of enriched pathways unique to
co-prediction or PCC co-expression networks. Red terms are associated with co-expression networks, blue with co-prediction. Empty
columns indicate networks with no unique pathways.
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Fig 6 Overlap of enriched terms between the best performing networks in the disease-association analysis (curated databases).
On the left the overlap of GO terms (including all 3 categories: BP, CC and MF), on the right the overlap of pathways.

and has been implicated in the pathogenesis of vari-
ous malignancies and diseases of the immune system
including prostate cancer [57].

We also performed an additional analysis of the bi-
ological terms related to the hubs (highly connected
nodes) of the inferred networks. A node v was consid-
ered to be a hub if its degree was at least one standard
deviation above the mean network degree. To compare
the networks, we used the 10 most frequent Gene On-
tology terms (biological processes with at least depth
10) shared among each network’s hubs. We found 16
unique terms for co-prediction networks, 19 unique
terms for PCC co-expression networks and 11 com-
mon terms. These results further highlight that some
biological terms are exclusively associated either with
co-prediction or co-expression networks. The complete
analysis (method by method) is available in the Sup-
plementary Material (Supplementary Figures 4, 5 and
6).

A further analysis of term overlap was conducted us-
ing only the best performing networks in the curated
disease-association analysis (namely C2 for FuNeL,
SN(C3) for PCC, SE(C4) for ARACNE and SE(C2)
for MIC, see Section 5 of the Supplementary Mate-
rial for details). In Figure 6 we show the overlap of
GO terms (including all three GO categories) and
pathways across networks from different inference al-
gorithms. In both categories FuNeL had much larger
number of unique terms than the co-expression meth-
ods and it shared the largest number of terms with
ARACNE. In total 122 common GO terms were found
between all the methods, while there was only 1 com-

mon pathway. Figure 6 further highlights the comple-
mentarity between the co-prediction and co-expression
approaches in terms of captured biological knowledge.

Prostate cancer case study: disease associations

We searched the literature and the public cancer
databases (not used in the inference process), to verify
if key nodes in the generated networks are associated
with prostate cancer. As a measure of node importance
we used the node degree (number of connections) and
the betweenness centrality (number of shortest paths
between all pair of nodes pass through a given node).

Literature analysis We picked the top 3 most con-
nected nodes (hubs) for each of the four co-prediction
networks. The set contained six genes: GSTM2, NELL2,
CFD, PTGDS, PAGE4 and LMO3. All the genes from
this set, except LMO3, were also found to be the most
central nodes (with highest betweenness centrality).

Almost all these genes are related with prostate cancer:

• NELL2 contributes to alterations in epithelial-
stromal homeostasis in benign prostatic hyperpla-
sia and codes for a novel prostatic growth factor
[58], and is also an indicator of expression changes
in cancer samples [59],

• CFD (adipsin gene) is over expressed in PP
periprostatic adipose tissue of prostate cancer pa-
tients [60],
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• PTGDS (and other 2 genes) are expressed at con-
sistently lower levels in clinical prostate cancer tis-
sues and form a signature that predicts biochem-
ical relapse [61],

• PAGE4 modulates androgen receptor signaling,
promoting the progression to advanced lethal
prostate cancer [62], and has a significantly lower
expression level in patients with prostate recur-
rent disease [63],

• LMO3 interacts with p53, a well known gene tu-
mour suppressor in prostate cancer [64].

The only gene without literature support was GSTM2.
It might represent a good target for further experimen-
tal verification.

Validation on independent data To further validate
the biological significance of the inferred networks,
we used an independent prostate cancer dataset [65]
from the cBioPortal for Cancer Genomics [66]. We
analysed the top 10 hubs (nodes with highest degree)
and the top 10 central nodes (with highest between-
ness centrality) in the co-prediction network that bet-
ter performed in the gene-disease association analy-
sis using the curated databases: C2 (see Supplemen-
tary Table 8a). The genes with highest degree were:
PTGDS, PAGE4, NELL2, GSTM2, PARM1, MAF,
LMO3, COL4A6, RBP1 and ABL1. For the between-
ness centrality, the set was almost identical, only RBP1
was replaced by MYH11. On average the expression
in samples was altered in 31.8% cases for hubs and
in 35.6% cases for central nodes. The most altered
genes were found to be downregulated at the mRNA
level: COL4A6 (65%), MYH11 (58%), PARM1 (53%)
and GSTM2 (52%). In addition, genomic alterations
in several key genes have been found to be strongly co-
occurent (e.g. PTGDS – GSTM2, PAGE4 – COL4A6,
PAGE4 – RBP1, etc.).

When we repeated this analysis for the co-expression
networks that were best ranked in the gene-disease
analysis using the curated databases (SN(C3) for
PCC, SE(C4) for ARACNE and SE(C2) for MIC),
we found that on average the alteration level was con-
sistently lower, at most half of the co-prediction key
genes. The percentages of alterations are represented
as boxplots in Figure 7, while the average alterations
are reported in Table 8. As Figure 7 shows, our method
is able to identify many more genes with higher per-
centage of alteration than other methods. Therefore,
the topologically important nodes in the best co-
prediction network represent genes more strongly re-
lated to the prostate cancer, with over two times more
frequent genomic alterations.

Fig 7 Distribution of the percentage genomic alteration in
the samples of an independent dataset for top 10 hubs and
central nodes. The topologically important genes were
selected from the best performing networks in the
disease-association analysis on curated datasets.

Table 8 Average percentage of genomic alteration for top hubs
and central nodes in the independent dataset.

Genes FuNeL PCC ARACNE MIC

Hubs 31.8 % 14.2 % 12.3 % 15.2 %
Central nodes 35.6 % 14.7 % 12.2 % 17.1 %

The detailed list of genomic alterations for top 10 hubs
and top 10 central nodes for each analysed network
is shown in Section 6 of the Supplementary Material
(Figures 7–14).

Discussion

We proposed FuNeL, a protocol to infer functional
networks based on the co-prediction paradigm where
the structure of a rule-based machine learning model
(in this paper the rules of a classification algorithm
called BioHEL) is used to identify relationships be-
tween genes. We tested FuNeL on synthetic datasets
and obtained a high success rate in identifying pair-
wise relationships between attributes. Encouraged by
this result, we hypothesised that a rule-based machine
learning model, with its complex knowledge represen-
tation, might be used to identify biologically mean-
ingful relationships that escape the standard inference
methods.

To test this hypothesis, we evaluated 4 different con-
figurations of the inference protocol using 8 cancer-
related transcriptomics datasets. We compared Fu-
NeL with other 3 co-expression inference methods
by using networks of matching size generated from
the same data. We looked at the differences, between
co-prediction and co-expression, from three points of
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view: basic topological properties, enriched biologi-
cal terms and relationships between known disease-
associated genes.

The comparison of networks topology (see Section 3 of
the Supplementary Material) revealed the influence of
the protocol options. Not surprisingly, both the feature
selection and the second training phase reduced the
size of the networks, but at the same time, increased
the clustering coefficient and the number of connec-
tions. The clustering coefficient was found to be lower
in almost all the ARACNE networks, probably due
to the pruning procedure, it was also lower in many
MIC networks. Moreover, when feature selection was
applied, the resulting networks had higher clustering
coefficient than PCC co-expression networks with the
same number of edges. Interestingly, all co-expression
networks were less compact, with up to 3 times higher
diameter for PCC and ARACNE and up to 7 times
higher for MIC.

The differences in networks topology translated to dif-
ferences in contained biological information. The over-
lap between enriched GO terms and pathways across
protocol configurations was generally low, indicating
that different configurations infer networks that cap-
ture different biological knowledge. The same terms
overlap between the co-prediction networks and their
equivalent co-expression counterparts was even lower,
never exceeding 62%. We interpret that as evidence,
that the biological knowledge captured by the two
paradigms is not completely redundant, but in a large
part complementary.

The most apparent differences between the networks
were observed during the analysis of the connections
between genes known to be related to a specific dis-
ease. The disease-associated genes were more closely
connected (higher proximity) in the co-prediction net-
works, which means that the disease-related nodes of
the network were closer to its core. We also found that
the number of functional units (triangle motifs), that
can identify new gene-disease associations, was higher
in the co-prediction networks. Therefore, we conclude
that the co-prediction networks better capture the ab-
stract concept of functional relationship.

The prostate cancer case study further confirmed this
conclusion. We found enriched GO terms and biologi-
cal pathways, unique to the co-prediction networks, to
be reported in the literature as related to prostate can-
cer. Furthermore, FuNeL generated networks enriched
with knowledge totally missed by all the co-expression
networks when using the prostate cancer dataset. We
also found that genes corresponding to the topologi-
cally important nodes in the co-prediction networks:

(1) were altered in a high percentage of tumour sam-
ples in an independent cancer transcriptomic study,
and (2) were already associated with prostate can-
cer according to the specialised literature. Therefore,
the co-prediction networks not only capture biologi-
cal knowledge complementary to the co-expression net-
works, but also highlights better the important genes
involved in the disease process.

The superior performance of FuNeL networks in identi-
fying the disease-associated genes is likely a result of ef-
fective use of the class labels of the samples, which the
similarity-based methods ignore. Although it would be
tempting to attribute this performance difference en-
tirely to the use of supervised learning in FuNeL, it
would be an overstatement, as the knowledge of ex-
plicit links between genes and diseases is not available
to it in training. Our hypothesis is that this is rather a
result of differences in expression values of the disease-
associated genes, which taken together are able to dis-
criminate between sample phenotypes.

Given that our co-prediction networks were found to
be not only biologically meaningful, but also comple-
mentary to similarity-based functional networks, we
believe that network inference based on machine learn-
ing models deserves to be studied in more detail in the
future. In here we only touched the subject of feature
selection and network post-processing, and although
we now know they indeed influence the network topol-
ogy and its biological interpretation, there are many
strategies to choose from in that respect.

At the same time, the machine learning step in the
FuNeL protocol does not have to be limited to the
rule-based machine learning methods. We can imagine
unsupervised methods, such as the Apriori algorithm
for association rule learning, or other supervised meth-
ods, such as decision tree algorithms (e.g. C4.5 or ran-
dom forest), replacing BioHEL in the FuNeL protocol.
Some adjustment would be necessary to extract the
knowledge from a different model representation, but
the rest of the protocol could remain unchanged. For
example in the case of the decision trees, relationships
could be inferred between attributes that share the
same path from the root to the leaves of a tree. This
potential flexibility in the choice of a learning algo-
rithm, together with the ability to apply the protocol
to different types of data, becomes important in the
context of results correctness. As has been discussed
to a great length in [67], when methods or data used
in the network inference process are tightly controlled,
some results will replicate more easily than others not
because they are correct, but due to a replicable bias.
Therefore a diversity in methods and data is a neces-
sary condition to be able to converge on the scientific
truth.
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Finally, in terms of testing new functional networks,
there is a limit of how thorough and complete a man-
ual literature analysis can be, which leads to a great
need of synthetic or experimentally validated bench-
marks, similar to those proposed for protein-protein
interaction networks or gene regulatory networks. Al-
though we understand that this would be a difficult
and challenging task, we see this as a necessary step
on the way to refining the functional inference meth-
ods.

Conclusions

We presented FuNeL: a protocol for the inference of
functional networks from rule-based machine learning
models. FuNeL is based on the co-prediction paradigm,
which hypothesises that genes used together with a
rule-based machine learning model, are more likely to
be functionally related. We verified that FuNeL cor-
rectly identifies relationships in synthetic datasets and
we thoroughly compared FuNeL to three co-expression
inference methods: PCC, ARACNE and MIC, on 8
real-world datasets. We contrasted the different ap-
proaches by looking at the inferred networks topol-
ogy, enriched biological terms and the relationships
between genes associated with cancer. We found that
FuNeL networks capture relevant biological knowledge
that is complementary to what is captured by the
co-expression approaches, and demonstrated that Fu-
NeL networks are better at identifying relationships
between genes with known disease associations.

Availability of data and material

The datasets used for the analysis were collected from the following public

domain resources:

Dlbcl http://ico2s.org/datasets/microarray.html

CNS http://datam.i2r.a-star.edu.sg/datasets/krbd/NervousSystem/NervousSystem.html

Leukemia http://datam.i2r.a-star.edu.sg/datasets/krbd/Leukemia/ALLAML.html

Lung-Michigan http://datam.i2r.a-star.edu.sg/datasets/krbd/LungCancer/LungCancer-Michigan.html

Lung-Harvard http://datam.i2r.a-star.edu.sg/datasets/krbd/LungCancer/LungCancer-Harvard2.html

Prostate http://datam.i2r.a-star.edu.sg/datasets/krbd/ProstateCancer/ProstateCancer.html

AML http://www.biolab.si/supp/bi-cancer/projections/info/AMLGSE2191.html

Colon-Breast http://www.biolab.si/supp/bi-cancer/projections/info/BC_CCGSE3726_frozen.html

The FuNeL source code is publicly available:

Project name: FuNeL

Project home page: http://ico2s.org/software/funel.html

Operating system(s): GNU/Linux

Programming language: Python, R

License: GNU GPLv3
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1 Classification accuracy under feature selection

To choose the default percentage of attributes retained in the feature selection procedure, we performed a
preliminary analysis using all 8 transcriptomic datasets from the main article. We evaluated how the Bio-
HEL classification accuracy changes with the number of selected features (using linear SVM-RFE). The ac-
curacy was measured using a standard 10 cross-fold validation. The full experiment (not reported here) used
100%, 90%, 80%, ..., 10% of the original dataset attributes.

We found that even when only 10% of the attributes are retained, the classification accuracy remains almost
unchanged. Specifically, with 10% of the original attributes the accuracy increased for 2 datasets, slightly
decreased for 3 datasets and remained unaltered for the other datasets. The exact results are reported in
Supplementary Table 1 below:

Supplementary Table 1: BioHEL classification accuracy for each dataset, in 10-fold cross-validation experiments on
the original and reduced set of attributes (before and after the feature selection). Linear SVM-RFE was used to select
best 10% of the attributes.

dataset all attributes 10% attributes
Dlbcl 0.871 0.886
CNS 0.473 0.451
Leukemia 0.945 0.945
Lung-Michigan 0.980 0.980
Lung-Harvard 0.978 0.964
Prostate 0.892 0.892
AML 0.637 0.592
Colon-Breast 0.903 0.940

Given that we were able to maintain good classification accuracy despite large reduction in number of used
attributes, we decided to use 10% attributes as a default setting for the FuNeL feature selection procedure.
However, this FuNeL parameter is under the user control and the default setting can be changed.

2 Time complexity

The FuNeL protocol has four stages (see Figure 2 in the main article): (1) feature selection (optional), (2)
rule-based network generation, (3) permutation test and (4) second rule-based network generation (optional).

The running time for the whole pipeline depends on the rule set generation time (execution time of BioHEL),
as the optional feature selection stage can be seen as running in constant time. Two main factors that influence
the rule set generation time are: (1) the number of attributes and (2) the number of samples.

We performed an execution time analysis of BioHEL using the largest (in terms of number of attributes) Colon-
Breast dataset (Chowdary et al., 2006). In the feature selection stage we retained: 20, 200, 2000, 10 000 and
20 000 attributes. From each of these 5 datasets we generated 100 random subsets of 50, 40, 30, 20 and 10
samples. Finally, we ran BioHEL 1000 times to obtain 1000 rule sets for each dataset.

Supplementary Figure 1 shows the running times averaged across 100 000 runs (1000 runs for each of the 100
datasets).
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Supplementary Figure 1: Average execution times of a single BioHEL run for a given number of samples and
attributes.

The total execution time of FuNeL configurations C1 and C2 is calculated as:

T1 = (rule_sets× t(atts1, samples)) + (permutation_runs× t(atts1, samples)) (1)

where rule_sets is the number of inferred rule sets, permutation_runs is the number of randomised datasets
used in the permutation test and t(atts1, samples) represents execution time of a single BioHEL run, that
linearly depends on the size of a dataset measured in number of attributes and samples.

Configurations C3 and C4 require an additional run of BioHEL (step 4), and their total execution time is:

T2 = T1 + (rule_sets× t(atts2, samples)) (2)

where atts2 is the number of attributes after the permutation test (atts1 ≤ atts2).

It is important to notice that each run of BioHEL is independent, thus the generation of the rule sets can be
trivially parallelised without any extra overhead. Given n computational cores, the total execution times could
be reduced to:

Treal1 = T1

n
Treal2 = T2

n
(3)
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3 Comparison of networks topological properties

The network topology refers to the spatial arrangements of its elements. The analysis of topological properties
tells us how different nodes are connected to each other and how their communication paths look like. There
are many aspects and characteristics that can be evaluated in a network. For simplicity we report just four
metrics: number of nodes, number of edges, clustering coefficient and diameter.

The clustering coefficient is a measure of degree to which nodes in a network tend to cluster together. It
expresses the likelihood that any two nodes with a common neighbour are themselves connected. The diameter
indicates the maximum distance between two nodes in the network.

We compared the topology of the networks built with two different approaches: co-prediction and co-expression.
For each generated network we calculated the topological properties described above. We compare the FuNeL
networks with co-expression networks inferred with different methods. The Supplementary Tables 2 to 4 below
show the results for the PCC, ARACNE and MIC networks.

Supplementary Table 2: Topological properties for co-prediction and PCC co-expression networks generated for all
8 datasets.

Co-prediction Co-expression (SE) Co-expression (SN)
Dataset Cat. C1 C2 C3 C4 SE(C1) SE(C2) SE(C3) SE(C4) SN(C1) SN(C2) SN(C3) SN(C4)

Leukemia

Nodes 421 1480 294 988 683 873 843 941 422 1482 293 979
Edges 1529 2294 2154 2646 1529 2294 2154 2646 680 7145 409 2870
Clust.Coef. 0.712 0.155 0.589 0.33 0.333 0.348 0.354 0.341 0.323 0.388 0.303 0.344
Diameter 5 6 4 6 24 18 19 22 16 18 9 20

LungH

Nodes 429 1419 382 1030 578 930 955 1214 432 1413 384 1027
Edges 1068 2317 2398 3410 1068 2317 2398 3410 617 4302 476 2650
Clust.Coef. 0.344 0.298 0.43 0.404 0.356 0.373 0.376 0.372 0.341 0.386 0.296 0.376
Diameter 5 8 5 7 10 23 23 21 6 22 6 23

LungM

Nodes 91 919 48 247 76 280 59 119 90 915 50 248
Edges 134 1858 78 410 134 1858 78 410 224 13574 64 1510
Clust.Coef. 0.379 0.262 0.418 0.457 0.465 0.525 0.446 0.514 0.539 0.523 0.493 0.511
Diameter 3 5 3 3 6 11 6 6 5 14 6 12

CNS

Nodes 501 4257 494 3538 945 2152 1616 2607 501 4261 488 3532
Edges 4302 25069 12769 40840 4302 25069 12769 40840 1553 171052 1502 90395
Clust.Coef. 0.743 0.255 0.521 0.302 0.354 0.389 0.367 0.400 0.346 0.427 0.35 0.421
Diameter 4 7 4 6 21 15 23 13 12 13 14 12

Dlbcl

Nodes 201 1699 201 1617 207 1411 1238 1790 200 1699 200 1614
Edges 848 10471 7351 33170 848 10471 7351 33170 832 24280 832 17865
Clust.Coef. 0.872 0.574 0.642 0.453 0.508 0.438 0.411 0.51 0.501 0.504 0.501 0.481
Diameter 3 5 3 5 2 16 17 14 2 14 2 15

GSE2191

Nodes 890 4802 846 3561 837 1848 1239 1750 897 4799 839 3553
Edges 3290 13424 6469 12074 3290 13424 6469 12074 3711 90410 3292 47806
Clust.Coef. 0.488 0.082 0.317 0.291 0.377 0.409 0.394 0.4 0.382 0.415 0.377 0.417
Diameter 5 9 5 9 25 23 19 21 21 13 25 15

GS3726

Nodes 668 2077 524 1170 879 1300 992 1367 759 2300 1739 3440
Edges 1761 3255 2051 3502 1761 3255 2051 3502 1471 9808 5479 26761
Clust.Coef. 0.134 0.0077 0.307 0.109 0.226 0.23 0.223 0.233 0.213 0.287 0.254 0.346
Diameter 8 10 7 8 20 26 20 25 26 15 19 15

Prostate

Nodes 938 4290 704 2277 356 543 322 448 920 4298 702 2287
Edges 3796 10175 3090 6546 3796 10175 3090 6546 33250 914829 16934 24427
Clust.Coef. 0.328 0.245 0.29 0.25 0.565 0.607 0.541 0.584 0.655 0.703 0.641 0.711
Diameter 7 10 6 8 6 9 5 8 8 11 7 12
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Supplementary Table 3: Topological properties for co-prediction and ARACNE co-expression networks generated for
all 8 datasets.

Co-prediction Co-expression (SE) Co-expression (SN)
Dataset Cat. C1 C2 C3 C4 SE(C1) SE(C2) SE(C3) SE(C4) SN(C1) SN(C2) SN(C3) SN(C4)

Leukemia

Nodes 421 1480 294 988 1024 1426 1356 1577 422 1480 294 989
Edges 1529 2294 2154 2646 1529 2294 2154 2646 512 2416 327 1479
Clust.Coef. 0.712 0.155 0.589 0.330 0.002 0.002 0.002 0.002 0.000 0.002 0.000 0.002
Diameter 5 6 4 6 17 19 22 19 9 17 11 19

LungH

Nodes 429 1419 382 1030 907 1614 1653 2066 429 1419 382 1030
Edges 1068 2317 2398 3410 1068 2317 2398 3410 435 1924 375 1250
Clust.Coef. 0.344 0.298 0.430 0.404 0.007 0.006 0.006 0.005 0.013 0.006 0.012 0.007
Diameter 5 8 5 7 23 16 15 13 14 18 10 18

LungM

Nodes 91 919 48 247 143 1321 96 370 91 920 48 247
Edges 134 1858 78 410 134 1858 78 410 72 1127 34 259
Clust.Coef. 0.379 0.262 0.418 0.475 0.000 0.002 0.000 0.009 0.000 0.005 0.000 0.014
Diameter 3 5 3 3 13 17 11 18 11 17 5 11

CNS

Nodes 501 4257 494 3538 2002 4509 3581 5342 502 4257 494 3538
Edges 4302 25069 12769 40840 4302 25069 12769 41661 513 20409 505 12358
Clust.Coef. 0.743 0.255 0.521 0.302 0.004 0.005 0.006 0.026 0.004 0.005 0.004 0.005
Diameter 4 7 4 6 12 8 12 7 20 9 20 12

Dlbcl

Nodes 201 1699 201 1617 380 1452 1191 2236 201 1699 201 1617
Edges 848 10471 7351 33170 848 10471 7351 33890 269 14149 269 12903
Clust.Coef. 0.872 0.574 0.642 0.453 0.136 0.126 0.140 0.176 0.113 0.110 0.113 0.115
Diameter 3 5 3 5 13 9 11 5 12 8 12 9

GSE2191

Nodes 890 4802 846 3561 2574 5226 3846 5027 890 4802 846 3561
Edges 3290 13424 6469 12074 3290 13424 6469 12076 846 10671 794 5564
Clust.Coef. 0.488 0.082 0.317 0.291 0.002 0.002 0.002 0.002 0.004 0.002 0.004 0.002
Diameter 5 9 5 9 19 13 16 13 30 15 30 17

GS3726

Nodes 668 2077 524 1170 1362 2167 1546 2279 668 2166 524 1170
Edges 1761 3255 2051 3502 1761 3255 2051 3502 787 3250 597 1455
Clust.Coef. 0.134 0.077 0.307 0.109 0.024 0.053 0.029 0.050 0.014 0.053 0.016 0.021
Diameter 8 10 7 8 20 20 19 18 15 20 13 19

Prostate

Nodes 938 4290 704 2277 2760 6805 2268 4575 939 4290 704 2277
Edges 3796 10175 3090 6546 3796 10175 3090 6546 1300 6095 1017 3102
Clust.Coef. 0.328 0.245 0.290 0.250 0.005 0.003 0.006 0.003 0.001 0.003 0.002 0.005
Diameter 7 10 6 8 13 13 15 13 12 13 9 15
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Supplementary Table 4: Topological properties for co-prediction and MIC co-expression networks generated for all 8
datasets.

Co-prediction Co-expression (SE) Co-expression (SN)
Dataset Cat. C1 C2 C3 C4 SE(C1) SE(C2) SE(C3) SE(C4) SN(C1) SN(C2) SN(C3) SN(C4)

Leukemia

Nodes 421 1480 294 988 640 807 780 896 421 1480 294 989
Edges 1529 2294 2154 2646 1529 2294 2155 2647 749 6173 432 3096
Clust.Coef. 0.712 0.155 0.589 0.330 0.162 0.182 0.180 0.179 0.138 0.180 0.127 0.175
Diameter 5 6 4 6 18 29 27 29 10 17 8 18

LungH

Nodes 429 1419 382 1030 384 685 703 944 429 1419 382 1030
Edges 1068 2317 2398 3410 1068 2317 2399 3410 1264 5867 1045 3841
Clust.Coef. 0.344 0.298 0.430 0.404 0.349 0.308 0.305 0.302 0.339 0.282 0.343 0.305
Diameter 5 8 5 7 9 13 13 17 7 18 9 19

LungM

Nodes 91 919 48 247 118 626 79 219 91 919 48 247
Edges 134 1858 78 410 134 1858 78 410 93 3109 38 484
Clust.Coef. 0.379 0.262 0.418 0.475 0.212 0.272 0.213 0.306 0.208 0.235 0.153 0.302
Diameter 3 5 3 3 8 18 7 8 6 14 3 7

CNS

Nodes 501 4257 494 3538 1424 3104 2357 3725 501 4257 495 3538
Edges 4302 25069 12769 40840 4305 25131 12771 40850 704 62208 694 36027
Clust.Coef. 0.743 0.255 0.521 0.302 0.124 0.154 0.144 0.159 0.089 0.162 0.091 0.161
Diameter 4 7 4 6 17 11 12 10 11 10 11 10

Dlbcl

Nodes 201 1699 201 1617 475 1140 1047 1453 203 1699 203 1617
Edges 848 10471 7351 33170 848 10471 7362 33172 196 74773 196 59307
Clust.Coef. 0.872 0.574 0.642 0.453 0.111 0.240 0.219 0.319 0.082 0.381 0.082 0.366
Diameter 3 5 3 5 21 13 16 15 11 11 11 11

GSE2191

Nodes 890 4802 846 3561 1700 4129 2617 3883 890 4803 846 3563
Edges 3290 13424 6469 12074 3299 13433 6469 12207 1380 17797 1271 10540
Clust.Coef. 0.488 0.082 0.317 0.291 0.109 0.095 0.098 0.098 0.120 0.095 0.118 0.099
Diameter 5 9 5 9 22 15 18 16 19 15 21 15

GS3726

Nodes 668 2077 524 1170 1271 1921 1357 1996 672 2152 526 1172
Edges 1761 3255 2051 3502 1890 3261 2056 3524 852 3921 538 1705
Clust.Coef. 0.134 0.077 0.307 0.109 0.110 0.100 0.104 0.100 0.126 0.099 0.121 0.117
Diameter 8 10 7 8 23 29 23 28 14 24 14 24

Prostate

Nodes 938 4290 704 2277 687 839 667 773 964 4290 712 2277
Edges 3796 10175 3090 6546 3981 10186 3777 8257 15928 1763794 5254 308709
Clust.Coef. 0.328 0.245 0.290 0.250 0.167 0.278 0.169 0.265 0.313 0.758 0.218 0.661
Diameter 7 10 6 8 7 8 7 8 7 8 7 9

When analysing FuNeL networks we observed, as expected, that configurations having feature selection (C1 and
C3) lead to networks with a smaller number of nodes than when the original set of attributes is used (C2 and
C4). Furthermore, the second phase of machine learning modeling (C3 and C4) tends to reduce the number of
nodes as it uses a reduced set of attributes as input (only significant nodes and their neighbours from the first
training phase), while increasing both clustering coefficient and number of edges.

When comparing FuNeL and co-expression networks we notice that the ARACNE SE counterparts have in
general more nodes. The same patter can be found in SE(C2 and SE(C4) counterparts generated with PCC
and MIC, while it’s not true for the SE-networks based on configurations that use feature selection (C1 and
C2). Conversely, SN -networks differ according to the inference method used. In fact ARACNE generated SN
counterparts with less edges, while this is true only for SN(C1) and SN(C3) inferred with MIC and PCC.
The clustering coefficient is constantly lower in ARACNE networks than in FuNeL, this is probably due to the
pruning phase operated by the method. A similar trend can be noticed for MIC networks with some exceptions
(e.g Prostate SN(C2) and SN(C4)). A more balanced situation occurs when FuNeL is contrasted with PCC,
in fact networks generated with feature selection (C1 and C3) have a lower coefficient than their co-expression
counterparts. Finally a clear pattern emerge when analysing the diameter of the networks. Co-prediction
networks are always more compact than co-expression counterparts having up to 3 time lower diameter for MIC
and PCC and up to 7 time lower for ARACNE.
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4 Enrichment Score analysis

In this section we report the network average rankings, based on the Enrichment Score, across the 8 datasets
for each inferring method. The networks are ranked between 1 and N (where N = 4 for FuNeL and N = 8
for PCC, ARACNE and MIC: 4 SE(Ci) + 4 SN(Ci)). We considered Gene Ontology terms (biological process
(BP), molecular function (MF) and cellular component (CC)) and biological pathways. The last row of each
table represents the average rank across different biological categories.

Supplementary Table 5: Average network ranks for each method across the 8 datasets (based on ES).

Cat. C1 C2 C3 C4

GO BP 3 4 2 1
GO MF 4 2.5 1 2.5
GO CC 2 4 1 3
Pathways 4 2 3 1

Average 3.25 3.125 1.75 1.88

(a) FuNeL networks

PCC (SE) PCC (SN)
Cat. C1 C2 C3 C4 C1 C2 C3 C4

GO BP 2 4 1 3 6 7 5 8
GO MF 8 3.5 5 6 7 3.5 1 2
GO CC 2 5 4 6 1 8 3 7
Pathways 6 5 4 3 7 1 8 2
Average 4.5 4.38 3.5 4.5 5.25 4.88 4.25 4.75

(b) PCC networks

ARACNE (SE) ARACNE (SN)
Cat. C1 C2 C3 C4 C1 C2 C3 C4

GO BP 4 7 5.5 8 2 5.5 1 3
GO MF 4 8 4 7 2 6 1 4
GO CC 3 7 5 8 2 6 1 4
Pathways 1 4 2 6 7 5 8 3
Average 3 6.5 4.13 7.25 3.25 5.63 2.75 3.5

(c) ARACNE networks

MIC (SE) MIC (SN)
Cat. C1 C2 C3 C4 C1 C2 C3 C4

GO BP 2 6 4 5 3 8 1 7
GO MF 1 6 4 7 3 8 2 5
GO CC 3 5.5 4 5.5 2 8 1 7
Pathways 2.5 4 1 5.5 8 5.5 7 2.5
Average 2.13 5.38 3.25 5.75 4 7.38 2.75 5.38

(d) MIC networks

We also compared the generated networks against FuNeL. The networks are ranked from 1 to 12: 4 Ci + 4
SE(Ci) + 4 SN (Ci). The ranks in Supplementary Table 6 are averaged across the 8 datasets, for each biological
category and for each network. The row-wise rank is given in brackets and the highest ranks are shown with
bold font. The following abbreviations were used for GO categories: biological process (BP), molecular function
(MF) and cellular component (CC).

Supplementary Table 6: Average network ranks (co-prediction vs. co-expression).

Co-prediction Co-expression (SE) Co-expression (SN)
Method Cat. C1 C2 C3 C4 SE(C1) SE(C2) SE(C3) SE(C4) SN(C1) SN(C2) SN(C3) SN(C4)

PCC

GO BP 6.06 (6) 7.00 (7.5) 7.00 (7.5) 5.88 (3.5) 5.88 (3.5) 5.88 (3.5) 5.12 (1) 5.88 (3.5) 7.06 (9) 7.75 (12) 7.12 (10) 7.38 (11)
GO MF 7.81 (11) 5.38 (2) 6.19 (5) 5.62 (3) 9.12 (12) 6.50 (7.5) 6.50 (7.5) 7.38 (10) 7.19 (9) 6.25 (6) 4.31 (1) 5.75 (4)
GO CC 4.31 (5) 11.00 (12) 4.19 (4) 9.00 (10) 3.88 (2) 6.25 (6.5) 6.25 (6.5) 8.12 (8) 3.19 (1) 9.38 (11) 4.06 (3) 8.38 (9)
Pathways 8.12 (10.5) 4.75 (2) 8.12 (10.5) 4.38 (1) 6.94 (8) 6.50 (6) 6.69 (7) 5.88 (5) 7.62 (9) 5.00 (3) 8.50 (12) 5.50 (4)

ARACNE

GO BP 6.69 (7) 6.25 (5.5) 6.94 (10) 4.75 (1) 6.25 (5.5) 8.12 (11) 6.88 (8.5) 9.25 (12) 5.19 (3) 6.88 (8.5) 5.06 (2) 5.75 (4)
GO MF 7.44 (10) 6.50 (8) 6.19 (6.5) 5.69 (3) 6.00 (5) 8.75 (12) 5.62 (2) 8.62 (11) 5.81 (4) 7.00 (9) 4.19 (1) 6.19 (6.5)
GO CC 4.31 (4) 10.75 (12) 3.44 (3) 8.25 (8) 5.50 (5) 9.38 (10) 6.75 (7) 10.12 (11) 2.44 (2) 8.88 (9) 2.31 (1) 5.88 (6)
Pathways 7.88 (10.5) 5.38 (3) 7.88 (10.5) 5.25 (2) 4.88 (1) 6.25 (6) 5.50 (4) 7.00 (8) 7.56 (9) 6.50 (7) 8.38 (12) 5.56 (5)

MIC

GO BP 7.44 (8.5) 7.88 (11) 7.44 (8.5) 6.38 (5.5) 4.12 (2) 7.00 (7) 6.00 (4) 6.38 (5.5) 4.81 (3) 9.12 (12) 3.94 (1) 7.50 (10)
GO MF 8.06 (10) 8.50 (12) 7.19 (8) 7.75 (9) 3.62 (1) 6.50 (5.5) 5.12 (3) 6.75 (7) 5.31 (4) 8.12 (11) 4.56 (2) 6.50 (5.5)
GO CC 5.19 (6) 11.62 (12) 4.44 (4) 10.12 (10) 4.25 (3) 7.12 (7.5) 5.12 (5) 7.12 (7.5) 3.19 (2) 10.38 (11) 1.69 (1) 7.75 (9)
Pathways 8.75 (12) 4.75 (1) 7.50 (10) 5.50 (3) 6.00 (5) 6.50 (6) 5.00 (2) 6.62 (7) 7.56 (11) 7.00 (9) 6.94 (8) 5.88 (4)
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5 Disease association analysis

In this section we report the network average rankings across the 8 datasets for every inferring method based
on the gene-disease association properties: participation in triangular relationship and proximity. We used two
sources for the disease associations: Malacards (Rappaport et al., 2013) (a meta-database of human maladies
consolidated from 64 independent sources) and manually curated databases (OMIM (Hamosh et al., 2005),
Orphanet (INSERM, 1997), Uniprot (Magrane and Consortium, 2011) and CTD (Davis et al., 2015)). The
networks are ranked between 1 and N (where N = 4 for FuNeL and N = 8 for PCC, ARACNE and MIC: 4
SE(Ci) + 4 SN(Ci)). The number of disease-associated genes participating in a triangle is denoted as 1A, 2A
and 3A. The last row of each table represents the average rank across different metrics.

Supplementary Table 7: Average network ranks for each method across the 8 datasets (based on disease
associations from Malacards).

Cat. C1 C2 C3 C4

1A 3 1 4 2
2A 4 1 2 3
3A 3 3 1 3
Proximity 3 1 4 2

Average 3.25 1.5 2.75 2.5

(a) FuNeL networks

PCC (SE) PCC (SN)
Cat. C1 C2 C3 C4 C1 C2 C3 C4

1A 8 5 6 3 4 1 2 7
2A 7 4 5 3 8 2 6 1
3A 6.5 6.5 6.5 6.5 3 2 4 1
Proximity 1.5 5 3 1.5 7 6 8 4
Average 5.75 5.13 5.13 3.5 5.5 2.75 5 3.25

(b) PCC networks

ARACNE (SE) ARACNE (SN)
Cat. C1 C2 C3 C4 C1 C2 C3 C4

1A 4 8 7 5.5 2.5 2.5 5.5 1
2A 7 6 8 1 4 3 2 5
3A 5.5 1 5.5 2 5.5 5.5 5.5 5.5
Proximity 7 3 5 1 6 2 8 4
Average 5.88 4.5 6.38 2.38 4.5 3.25 5.25 3.88

(c) ARACNE networks

MIC (SE) MIC (SN)
Cat. C1 C2 C3 C4 C1 C2 C3 C4

1A 6 3 7.5 1 5 2 7.5 4
2A 8 3 5 2 7 1 6 4
3A 7 2 8 6 5 1 3 4
Proximity 6 1 2 5 7 4 8 3
Average 6.75 2.25 5.63 3.5 6 2 6.13 3.75

(d) MIC networks

Supplementary Table 8: Average network ranks for each method across the 8 datasets (based on disease
associations from curated databases).

Cat. C1 C2 C3 C4

1A 3 1 4 2
2A 3 4 1 2
3A 1 2.5 2.5 4
Proximity 4 1 3 2

Average 2.75 2.13 2.67 2.5

(a) FuNeL networks

PCC (SE) PCC (SN)
Cat. C1 C2 C3 C4 C1 C2 C3 C4

1A 8 4 6.5 1.5 6.5 1.5 3 5
2A 2 7 5.5 3 4 5.5 1 8
3A 5 7 4 8 1 6 3 2
Proximity 4 8 2.5 7 5 2.5 1 6
Average 4.5 6.5 4.63 4.88 5.13 3.88 2 5.25

(b) PCC networks

ARACNE (SE) ARACNE (SN)
Cat. C1 C2 C3 C4 C1 C2 C3 C4

1A 3 5 8 6 2 4 1 7
2A 5 1 2 3 7.5 6 7.5 4
3A 4.5 4.5 4.5 4.5 4.5 4.5 4.5 4.5
Proximity 6 5 4 1 7.5 3 7.5 2
Average 4.63 3.88 4.63 3.63 5.38 4.38 5.13 4.38

(c) ARACNE networks

MIC (SE) MIC (SN)
Cat. C1 C2 C3 C4 C1 C2 C3 C4

1A 6 2 4 3 8 1 7 5
2A 7 3 8 1.5 5.5 1.5 5.5 4
3A 4 1 8 2 6 5 7 3
Proximity 5.5 1 3 4 7 2 8 5.5
Average 5.63 1.75 5.75 2.63 6.63 2.38 6.88 4.38

(d) MIC networks
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6 Case study: prostate cancer dataset

In this section we report the additional results from the analysis performed using the prostate dataset (Singh
et al., 2002) as a case study. In particular we show: 1) the overlap of enriched terms between co-prediction and
co-expression networks, 2) the overlap between GO terms associated to the hubs of the networks generated with
different methods and FuNeL and 3) the average percentages of alteration for key nodes of both co-prediction
and co-expression networks in an independent dataset.

6.1 Overlap of the enriched terms

We performed an analysis on the enriched terms of each network to highlight the complementary nature of the
co-prediction and the co-expression paradigm. We generated heatmaps showing the unique terms associated
only to co-prediction or co-expression networks. The main manuscript includes the comparison between FuNeL
and PCC networks, in here we report the analysis performed considering ARACNE (Supplementary Figure 2)
and MIC (Supplementary Figure 3) networks. For the sake of readability we filtered out the generic GO terms
(with depth < 9 in the GO hierarchical structure).

Supplementary Figure 2: Number of non-common enriched GO terms (biological process) for each
network configuration (generated from the prostate cancer dataset). On the x-axis we show the 12 investigated
networks. On the y-axis we show the names of enriched terms unique to co-prediction or ARACNE co-expression
networks. Red terms are associated with co-expression networks, blue with co-prediction. Empty columns indicate
networks with no unique terms.

Supplementary Figure 3: Number of non-common enriched GO terms (biological process) for each
network configuration (generated from the prostate cancer dataset). On the x-axis we show the 12 investigated
networks. On the y-axis we show the names of enriched terms unique to co-prediction or MIC co-expression networks.
Red terms are associated with co-expression networks, blue with co-prediction. Empty columns indicate networks with
no unique terms.
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When comparing ARACNE and FuNeL, we found 16 unique pathways for co-prediction networks and 8 for
co-expression. In terms of unique GO terms, the overlap was more balanced, 7 for co-prediction networks and
9 for co-expression networks. C2 and C4, generated without feature selection, had the largest number of unique
pathways, while SE(C2) had the highest number of terms for ARACNE. The comparison of FuNeL with MIC
generated many empty columns (Supplementary Figure 3) for the GO terms because several networks resulted
having no unique enriched terms. All the 15 unique GO terms related to MIC were associated to SN(C2) (and
with SN(C4) in two cases), conversely FuNeL had more networks sharing the 12 unique terms. Finally, as
noticed for in the ARACNE comparison, FuNeL networks are more enriched in biological pathways: 16 against
8 unique terms for MIC co-expression.

6.2 Overlap of hub-related terms

We also analysed the gene associated to the hubs of each network in order to compare the biological knowledge
associated to them. A node v was considered to be a hub if its degree was at least one standard deviation above
the mean network degree, that is if:

d(v) > µd + σd (4)

where d(v) is a degree of the node v, and µd and σd are the mean and standard deviation of a network node
degree distribution.

To compare the networks, we used the 10 most frequent GO terms (biological processes) shared among each
network’s hubs. Supplementary Figures 4 to 6 show the terms-overlap analysis between FuNeL networks and
PCC, ARACNE and MIC respectively. To make this analysis more specific we have discarded the most generic
/ most common terms (which could be be associated with many genes), we considered only the GO terms
situated at level 10 of the GO hierarchy or lower.

Blue terms were found only in co-prediction networks, red terms were found only in co-expression networks,
and green terms were found in both. In Supplementary Table 9 we summarise the number of unique and
common terms shared between networks created with different approaches. This analysis further highlights the
complementary nature of co-prediction and co-expression approach, the terms that are paradigm-specif always
outnumber the common ones.

Supplementary Table 9: Unique and common terms from networks’ hubs

Terms PCC ARACNE MIC
Co-prediction 16 18 16
Co-expression 19 20 19
Common 11 9 11
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tolllike receptor TLR6:TLR2 signaling pathway (GO:0038124)

positive regulation of neuron projection development (GO:0010976)

epidermal growth factor receptor signaling pathway (GO:0007173)

tolllike receptor TLR1:TLR2 signaling pathway (GO:0038123)

positive regulation of cytosolic calcium ion concentration (GO:0007204)

tolllike receptor 2 signaling pathway (GO:0034134)

positive regulation of peptidyltyrosine phosphorylation (GO:0050731)

tolllike receptor 3 signaling pathway (GO:0034138)

activation of MAPKK activity (GO:0000186)

positive regulation of phosphatidylinositol 3kinase signaling (GO:0014068)

positive regulation of MAP kinase activity (GO:0043406)

regulation of intracellular pH (GO:0051453)
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tolllike receptor 4 signaling pathway (GO:0034142)
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tolllike receptor signaling pathway (GO:0002224)

positive regulation of the force of heart contraction (GO:0098735)

calcium ion transport (GO:0006816)

regulation of Rho protein signal transduction (GO:0035023)

positive regulation of sodium ion export from cell (GO:1903278)

positive regulation of collateral sprouting (GO:0048672)

negative regulation of activated T cell proliferation (GO:0046007)

regulation of proteasomal ubiquitindependent protein catabolic process (GO:0032434)

spliceosomal trisnRNP complex assembly (GO:0000244)

MyD88independent tolllike receptor signaling pathway (GO:0002756)

positive regulation of cAMP biosynthetic process (GO:0030819)

activation of MAPK activity (GO:0000187)

stimulatory Ctype lectin receptor signaling pathway (GO:0002223)

negative regulation of ERK1 and ERK2 cascade (GO:0070373)

transforming growth factor beta receptor complex assembly (GO:0007181)

activation of protein kinase A activity (GO:0034199)

negative regulation of neuron projection development (GO:0010977)

negative regulation of histone deacetylation (GO:0031064)

negative regulation of activationinduced cell death of T cells (GO:0070236)

activation of phospholipase C activity (GO:0007202)

regulation of skeletal muscle contraction by regulation of release of sequestered calcium ion (GO:0014809)

positive regulation of protein autophosphorylation (GO:0031954)

signal transduction involved in DNA damage checkpoint (GO:0072422)

regulation of cardiac muscle contraction by regulation of the release of sequestered calcium ion (GO:0010881)

positive regulation of peptidylserine phosphorylation (GO:0033138)

negative regulation of BMP signaling pathway (GO:0030514)

T cell receptor signaling pathway (GO:0050852)

positive regulation of glucocorticoid receptor signaling pathway (GO:2000324)

Supplementary Figure 4: Top 10 most frequent biological processes from Gene Ontology found in the network hubs
when comparing FuNeL and PCC co-expression networks.
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Supplementary Figure 5: Top 10 most frequent biological processes from Gene Ontology found in the network hubs
when comparing FuNeL and ARACNE co-expression networks.
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Supplementary Figure 6: Top 10 most frequent biological processes from Gene Ontology found in the network hubs
when comparing FuNeL and MIC co-expression networks.

12



6.3 Validation on independent dataset

In this section we report additional informations about the analysis performed using data from the independent
prostate cancer study (Taylor et al., 2010) available in the cBioPortal for Cancer Genomics (Cerami et al., 2012).
In particular we report the full list of alterations for the topologically important genes analysed in the main
article. The Supplementary Figure 7–14 show the percentage of altered tumour samples for top 10 hubs (nodes
with highest degree) and top 10 central nodes (with highest betweenness centrality) in the best performing
networks according to the gene-disease association analysis (using the information from the curated databases).
The selected networks are C2 for FuNeL, SN(C3) for PCC, SE(C4) for ARACNE and SE(C2) for MIC. For
all of them we report the alterations for both hubs and central nodes.

PTGDS 45%

PAGE4 28%

LMO3 11%

GSTM2 52%

NELL2 9%

COL4A6 65%

MAF 24%

ABL1 11%

RBP1 20%

PARM1 53%

Genetic Alteration Deep Deletion Missense Mutation mRNA Upregulation mRNA Downregulation

Supplementary Figure 7: Percentage of alterations in tumour samples from an independent cancer genomic study.
Genes with highest degree (hubs) in C2 network are shown.
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MYH11 58%

Genetic Alteration Deep Deletion Missense Mutation mRNA Upregulation mRNA Downregulation

Supplementary Figure 8: Percentage of alterations in tumour samples from an independent cancer genomic study.
Genes with highest betweenness centrality (central nodes) in C2 network are shown.
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Supplementary Figure 9: Percentage of alterations in tumour samples from an independent cancer genomic study.
Genes with highest degree (hubs) in PCC SN(C3) network are shown.
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Supplementary Figure 10: Percentage of alterations in tumour samples from an independent cancer genomic study.
Genes with highest betweenness centrality (central nodes) in PCC SN(C3) network are shown.

IL10RA 16%

THRA 33%

ALAS2 4%

SAMD14 1%

RHBDL1 8%

PSG1 16%

DDX11 14%

GNAS 13%

BTF3 13%

KIFC3 5%

Genetic Alteration Amplification mRNA Upregulation mRNA Downregulation

Supplementary Figure 11: Percentage of alterations in tumour samples from an independent cancer genomic study.
Genes with highest degree (hubs) in ARACNE SE(C4) network are shown.
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Supplementary Figure 12: Percentage of alterations in tumour samples from an independent cancer genomic study.
Genes with highest betweenness centrality (central nodes) in ARACNE SE(C4) network are shown.
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Supplementary Figure 13: Percentage of alterations in tumour samples from an independent cancer genomic study.
Genes with highest degree (hubs) in MIC SE(C2) network are shown.
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Supplementary Figure 14: Percentage of alterations in tumour samples from an independent cancer genomic study.
Genes with highest betweenness centrality (central nodes) in MIC SE(C2) network are shown.
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7 Visualisation of the co-prediction and co-expression networks

In this section we include the layouts of co-prediction and co-expression networks for three of the datasets used
in the main article: Prostate (used in the case study) and Lung-Michigan (small networks). Only a few examples
are shown, for which the differences in the topology of the networks generated with the two approaches is the
most visible. The networks were visualised using the Organic Layout in Cytoscape (Shannon et al., 2003).

Prostate: FuNeL – C1 Prostate: FuNeL – C3
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TRAK1COPB2

STOML2

GPD1

MGST3

MARCKSL1

BST2

PCGF1

SPINK1
PLXDC1

KIAA0040

PRDM2

COPS2
CPA3

CAPG

GPR39

USP13

TYMS

CALCOCO2

RPSA

HEPH

GSTM3

EIF2S1

ALDH3A2

DKFZP564O0823

IGFBP2

NCKAP1

BACH1

TM9SF2

PITX1

HDDC2

CCK

PALM

ALDOA

PRKDC

ABCA8

CELA3B
RAB3GAP2

FXYD1
POLD3ASCL1

TOB1

SERTAD2

EMP3 CEBPD
ASH2L

PIBF1
GUCY1A3

RPS6KA5TNFRSF21

TBPL1 STAC
SEMA6C

TGFB3

ACAT2
SMAD9

GNA15

TFIP11

LGALS2PLP2

ZNF410

PPM1H

PAMFADS1
GPRASP1

TOR1A
RAB11FIP3EPX WSB1

KDM5A

KCNB1

SIK1PNN

IQGAP2

ACTB

GSTM2

EPCAMCES1

INPP4A

HRSP12
WIF1

BTG1

RPL10

WIPF1

RRAGA

SALL2RGS2

DHX29

NUP205

PGCP

ROCK2

N4BP2L2
COL11A2

KANK1

VIM

ARFRP1NFIBIL11RA

EIF1B

SCGB1A1TFAP2A

CHM

ARL2BPCASK
PCMT1

WNT5A

G3BP2

FAM65B

KCNAB1

ZNF268

HAUS3
MEG3

MAN1A1

LRIG1

ATP6V1H

CCL25

SH3YL1

H1FX

FBP1

GTF2BZMPSTE24

FKBP2
MPHOSPH9

PDXK

FKBP5

MANBA

MT1X

LYN

BMPR1A

BAG2

ACAA1

PTPN4

IPO5

HSPB11

BTN3A1

RPL8

LPCAT1TRBC1
PDE3B

SET

PTPRCAP TOR1AIP1

SMPDL3A

MAL

G0S2

F13A1

GDF15

KCNS1

ASTN1

PDGFA

MAPK8
SPOP

AUTS2

C5orf13

CSF2RB

MGAT5
AHSA1

FAS

FUSIP1

ANKRD1
HCFC1

EEF2
UAP1PTTG1IP

XCL1

CAND1

RANGAP1

MMP7
NFYB

SYNJ2
HBEGFSETD4

SAP18

MYL1

GAPDH

MRC2

R3HCC1

LCK

HNRPDL

CKS1B

RPL19

BCAR3

COL4A3

GCHFR
NME2 ABCC1

PGA3

BMP2KTRPV6

BBX
PCLO PREP

SMURF1STX7

TAX1BP3

BCL6

PIM1

AZI1
DENND3

ULK2

MAP4

ESD

OAT

C10orf116

R3HDM2

NFKB1

TGFBR3FAAH

PRSS23

PAH

RRAGB

LPGAT1

STMN2

ACTR2

STAT1

RPL23

SPTB

IRF1

DLG5

SLC35A1

HSPD1

RPL18A

NR3C2 LNPEP

CAV1

IARS2
PLCH2

ATP5C1

MLH3

ANXA2P3
ANKLE2

SMAD1

USP6

CDR1

CETN2

PPY

PIK3R3

CDC5L

HIST1H4C

CD38

TTRAP

CRABP1

RNF103
SERPINB10

GCDH

BAT2D1

PDIA5

GMFB

VHL

UTP18
ETHE1

SLC7A1

PCNX

CXADR

LTBP1

ATP6AP1

RAB11A

CCT5

AZGP1

SIM2

S100A4 DDHD2
TAF2

LAMC1

KIAA0247

LPIN1

TNPO1

SPCS2
HSD11B1

C19orf2
MPPED2

SORL1
ZHX2

GPM6B

FLAD1EHMT2

NTRK3
GUCY2D

MT1H

FCN1

GOSR2

TMEM63A

ACO1
PKIGTMED10

LGALS3BP

SAG

KLK2
AMD1

NEFH

MAST4

CLEC3B

ATP6AP2
RSU1PTMA

ACTG2XRCC5

PAK1

ADD3

IFT20

CLU

HLA-DPB1

IGFBP5

SPRY2

PEX3

TMEM87AMCM5
PLAGL1

TPST1MAN2B2

KLHL21CBX5

RABEPK

CRELD1NBPF15 NR4A2

ID4

MT1G
SATB1

NDUFS2
TMX4

MTMR15
RP11-345P4.4

RPL39L

ISCU

SH3GLB1

EEF1G

PTPRM

TUBB2A

C16orf45

RPLP0

LUM

NCBP2

TBL3

MTA1

FBXO9

RAC1

FADS2

PRKRIR

LMOD1

RPL9

LTB

MCM6
CPE

PDLIM1

ZNF652

WNK1

CPD

DUSP6

KRT18

LMO3

TMEM123CYR61

KLK11CETN3
HOXB13

BCAM

IFNG

COX7A1

PPT2
CMAH

HSF2

SNX7

MGMTCTSE

CEACAM1

STAT3

ATP5F1
TPBG

SORD

C4orf46

ALKBH1

ARID5B

CD81

RHOBTB1

YTHDC1

EPB41L3

CYP4F2

MTIF2

ZNF646

DNAJB6

NR4A3
NDRG1

ALG13

HES2

CDT1
RGS1

C6orf130

SMG5

CLDN3

AIM1

EFS

GALNT1

DHCR24

BRD2
MAPK10

ABCC4

KIAA0907
JAG2

IL1B

ALB

CRYM

PPP1R3C

SDC1HEBP2

MMETRA2A
AQP3
RFK

RND3

NAB2

ITGA1

SLC14A1
PRKAR2B

SERPINB5

PPP2R1A

EEF1A2

DYNC1H1

CCNT2

GGCT CCNOCYBA
PROSC

RTN4

ARHGEF1

RBPJ

GAS1

TPM1
TSC22D3
ZFP36L2

PRKCIMETTL7A

CADM1MSH6

WDR1

STAT6SH3BGRL

PKMYT1

EEF1A1SON

COL4A6

ANGPT1

F5

SFRS6

MYH11
PFDN5

SFRP1

VAMP1
CCR1

UBB

ATP1A1

NCR1

RAB11A

ACAA1

CCL14

INPP5D

DPM1

HEBP2

G0S2

RNASE4

PWP2 CPD

SPTB

BUD31

PALM

TMEM106C

NCF4

SFRS2B

ROR2

LNPEP

CYBA

FUSIP1

CDKN1CLITAF

RAB27A

TP63

NPY

GCLC R3HCC1

ATP5C1

TPBG

MAPK10

TFIP11

LSM12

PGCP

CANX

KRT17

STAT6

CCL25

INPP4A

NR2F6

RAB3GAP2

PCNA

TFPI

TOM1

LAMA2

EPB41L3

KDM5ARPSA

STK17A

PAM
RTN4

P4HB

BTN3A1

NCBP2

SC65

SPRY1
HNRNPH1

UCN
TRA2A

RHCE

LYZ

ARFRP1

PPP2R1A

TOM1L2

RRAS

NR3C2

FUBP3

GUCY1A3

HIST1H2BMBMI1

HMGB2

CHM

SERBP1

ZNF268
MGMT

ISCU

HOMER2
FAM107A

LCP1

ATP6V1E1

TBC1D4

PRIM2

PPT2

KLHL21
WNK1

SLC7A8

KDELR1
SEPT8

HIST1H2AL

BRD3

KLK2 ETV5

PRKDC

CLU COL13A1

FKBP4

LMO3

ABCC4

SRGAP3
NEFH

GGCT

SLC35A1

KRT18

ARL4D

IRF1

GPX1

ALB
MME

GNB2L1

KCNMA1

ABP1

MT1E

FKBP9

STAT1

PKMYT1

GAPDH

SORD

DSP

SMG5

GALNT1

GUSB

IFI30

MID2

PARVB

EEF1A2
PPM1H

PLAGL1

ATP6AP1

SOX9

CXADR

RPS6KA5

SATB1

ALCAM

HLA-J

TMSB15A

SNRPE

SGCD MT1H

IFI44

CPE

GDF15

HOXB13SPON1

SH3GLB1 ACO1

HNRPDL

PRY
CIT

IQCK

XRCC6

BIK

BTG2

CLEC3B

TSPAN1

VEZF1 FOLH1 TPST1

AIM1

PPP5C

XBP1

SERTAD2

C6orf130

LTF

LY6D

TRO
SALL2

TARDBP
PROSC

SPRR1A COPS2

AMD1

ACSL1

SHROOM2

ALKBH1

ITGA1TSPAN31

PPBP

PTPRG
MIPEPCDS1

BTG1

HLA-DPA1
TM9SF2 DEFB1

CASK

EFS

NDRG1

CDC2L2

CXCL12

IFNG

GSTA4

HES2

UQCRQ

GCHFR

CMAH

ACSM3

DUSP6

CHKB

MYH11
TTBK2

HBB

NEFM

MAPKAPK3

PAGE4

ITGA4
CLCA1

VCAN

ATP5F1

KIAA0040

SPINK4

PTGDS

SH3BGRL
RND3

MARK3

MMP7

R3HDM2

DPT

KRT10

PRKAR1A
SPOCK1 NCAPD3BCL2GSTP1

COL4A6

MT1G

NXPH4

TOR1AAP1S2

TMED10

PLXNB2

GPM6B

HCFC1

MDC1

NDUFV2

PCMT1TNFSF10

DLGAP2

LGALS3BP

GRK6CCNO
PCBP2

RPLP0

SCN2B

CXorf40B

DST

NAB1

TMEM47
MAP2

HDDC2
TACSTD2

EEF1A1

CFDCAPZB

ZNF652

ATP9AC7 MCM5

CSF2RB
PEX3

RSU1
RUNX1T1

BMP2

FAAH
PPY

YTHDC1
C10orf116

CLSTN1

POP5
ANGPT1

RHOBTB1

DHCR24

MMP3

IGL@

AZGP1

PLCH2

RAB11FIP3

CBR4

NTRK3

MTIF2

POLD3
GPD1

PKD2

GATA2
COL6A2ADD3

EXTL2

KCNS1

STMN2

THOP1ATP6V0D1

RP11-345P4.4

SLC25A40

AHNAK

ME1

NAMPT

NELL2PRKAR2BULK1

RRAGA

SFRS6
TXNIP

MEIS2

CALCOCO2

RBBP4
IL10RB

BLK

PIBF1
UBB

GSTM3

TMX4

HLA-A

SDC1
IPO5

GRK5

RNPS1

CCT5

UBE3B

MATN2

IGF1

CCND2

ASH2L

ASCL1

SWAP70

RABGAP1

MEG3
RBP1

TRAK1
CYR61

RIF1

LRP10

FAM114A1

DNASE1L3

LDOC1

DHX8

CTAGE5

COL11A2

SKIV2L2

CCR1

MRC2

PKIG

MT1B

ITGB3BP

ATP1B1
S100A4

LY96

MRPS27

RAP1GAP

SON

ERBB3

RPS3

INPP1

PDGFRL

ACYP1

PLP2 BGN

HSP90AA1

SFRP1

RAB1A

PTH

MAN1A1

ID4

VGLL4

LGALS2

GPRC5A
TLX1

S1PR1 CAPG

CDC5L

LOC100134331

PSCA

MGAT5

SCGB1A1

AQP3

NKX2-5

SPOP
FBXL2

DBI

SNTB2
ABCA8

TSTA3

OBSL1

HYAL2

BAG2
BMP2K

MANBA

GALR3 RCAN1

ZP3FN1

WIF1

TRIP6

TMSB4X

NBL1

TBXA2R

DKFZP564O0823

CDC42BPA
SMAD5

FADD

HSD11B1

AOX1

EPS8

NAB2

CD38

SERPINE1

CPA3

CTSE

LYN

GUCY2FANKRD1 SNX7 TAF2

LEPROT

PHF21A
MTA1 DUSP3

H1F0TGFBR3

CASP2

SORL1 ESD

TBX6

CUL5
CBX5

LDHA
PPIL2

GOSR2

ARHGAP1

CTNNA1 RFKIGFBP5 PIM1
LTBP1

IFT20 ARHGAP5

CALD1
TFAP2A

VAT1

OVOL1VIM

RPL23

SIVA1
RPL39L

GPR39
HBEGF

COL1A2
FBXO9EHMT2 POLR2D

ZNF410

RANGAP1

PEBP1
MCL1

RRAGB
RMND5A

HOXC6

GPRASP1
TK2

OCRL

TAX1BP3

AUTS2

ZNF133 SAG
SH3YL1

PFDN6

COX7C
AHCYL1

CLDN3

CARD8
PAK1

RPL28SYPL1

LRIG1
TPT1

ITGA6

KIAA1279

SSBP2
DUSP1

LTBP4 ACTG1
ADK

CRELD1 PFDN5

EPX

MAPK6

NFKBIA
ZFP36L2

FZD6

HRSP12

NBPF15 ANXA4

NDUFB8 USP10

SFRS16

DYNC1H1 HPCA

NFATC4
SAP18

DNAJB5
C1QBP

HADH

PAH

MPPED2

IRF3

MAP7

GPR125

G3BP2

IGH@

TRPV6

MPRIP

ALDH3A2

NUCB1

PITX1

HLA-DOA

MTMR15

APOE
CADM1

SMURF1

DIO2

ARID5B

LDHB
KIAA0182

BST2

FKBP5

LPGAT1

N4BP2L2 POU2F3
IGFBP2

COL4A3

DGKZ
FOXO1

RPL10

ALDH1B1

CCK
TNPO1

MAP4

IGHD

AZI1

USP9X

HEPHTSPAN7DENND3

C6orf145

MAN2B2
CDT1

DOC2B
SYNJ2

LIMS1SLC14A1

WDR1

FAM65B

HLA-DRB4

KIAA1012
PAX5

TGFB3

PTPRC

CR1

CETN3

YWHAZ

WSB1

ACTG2

SHMT2

HBA1

BCL6

PLXDC1

ROCK1

PDGFRA

TTRAP

IL6ST

NDUFS2
XRCC5

TBC1D2B

LILRB4
STAC

CYP3A5

SLC19A1

ROCK2

ALDH9A1

NCKAP1

H1FX

SMAD9
MYO6

PTPRMIQGAP2

RIN2

ATP1B3

SPCS2

CCND1

SAT1

RPS11 LMOD1

PLCL2

VAMP1

PRKRA

LAMC1

ATP6V0A2

ATP1A1
FBXL7

PSG11

KIAA0907

ALDH4A1
RGS1

PTMA MAST4
CRYAA

ACTB
TMEM87A

TSC22D3
FADS1

TIMM17A

CPM

CREB3L1

BBX
C16orf45

BRE

VEGFA
EMP3

TYMS

MSH6 NFIB
DLG5

ALG13

INSR

LUM

PRKAR1B
NSFL1C

DHX29 DEAF1MDN1
FMO3

SIK1

NPHP4

GPD1L
MYOFMAF

SLC9A7

FBLN1

TNFRSF21
RBBP6

IARS2

STAT3
CRYM

IL1B

PARP1

WIPF1

USP13

BACH1LPIN1

ARHGEF1

GSTM2
PIK3R2

MDM4 SMR3BPHLDA2GNMT

ATP6AP2

SETD4

MTHFD2

CSRP2

ACAT2
TAPBP

SKIL

PIK3R3

EIF1B

RUNX2
GAS1

CD53

HLA-DRA

SERPINF1

RABEPK

TRAF4

CALM1

HLA-DPB1

PNN
KRT19

C6orf54

OAT

KRT13

JAG2

CYP4F2

RPS16
RABGGTA

DDHD2 KRT15

PRKCI

KLK11

CRABP2

PDLIM1

PPP1R3C

NFKB1

EIF2S1MT3
SERPINB5
ID1

DNMT1

PDXK

DUT

KANK1

TPM1
EIF2S3KIAA1109

SEPT10COL7A1 CEACAM1ZHX2STC1

Prostate: ARACNE – SN(C1) Prostate: ARACNE – SE(C3)

ESR1

FLT3LG

NQO1

SEMA7A

GCKCOX10

GJA1
MAP2K4

SCAPER
PPP3CA PI4KBSSTR5

SLC9A1
LRCH4

ACAN
ADRBK1

ASPHD1COBRA1

EFNA3

ECE2

IVL

PAK2

CECR7 CRCP
CCKAR

FETUB

CD33

COL19A1

RAD51L3

HAP1

OCEL1

DDX51

PRKCB

HIST1H3E

LOC26102

KYNU

RPS18

TMSB4Y

KRT6A

PLEKHM1

RPL11

TGFB3

MR1
IFIT1

GUCA1A

PRPF6

DHRS1

PAIP2B

LOC644165

CCL19

SLC24A1

ASGR2

FAM153A

MAX

CNTN1

PRPF31IQSEC1

LOC100134331

SPEF1

RPL36A LOC100131311

RBCK1

DNAJC7

RPS24EEF1D FAU CD34ECDELAVL3CCL22FUSFAM38ANACA

HHLA1

RPL23A

RPL17

psiTPTE22

RPS8

ABO

MAP3K14

SLC6A11SEMA3F

UTP3

ZNF239

RPL9KLK3 ISLR IGSF9BKLK2MCL1

NSFL1CSAP18NFKB1
AGPS DPT

AANATNEUROG3
MAPKAPK2

EXOSC2 MFNG
UNC5B

MPP2MAD1L1

LLGL2

AATKRAP1GAP

GRM4

ITGA10

TOP2A

IL17RA

RAD54L2

SLC7A4

SPN

PSG7
PRPF19

ARID3A
ASMTL

GPR35

SORBS3

C2orf55

TBXA2R

IFRD2

UGT2B15

MYO1C

GRINA

SLC4A8

NTNG1
MYBPC3

SLC25A11

PAX8

HAUS5

WBSCR22

DUS4L

ANKRD46

CCKBR

SLC8A1
RABGGTA

LOC201229

MYST1
PDGFRA

BZRPL1

PRF1

MLANA
ZNF264

LY9

ARPC4

CRTC1

IGHG1

HTR7

POU4F1

NOC2L

GPR143

TNIK

PTGER3

CHST2

LTK

ABL1GRB2

HMX1

RHO

TNKS

LUZP1 XDH
MC2R

RAPGEF5

COL1A1
CASP2

OBSL1
KRT86

TCOF1

EPOR

TERF1

JAK3
ZBED4

MLH1

EZH2

OPN1SW

TNP1 DOK2

DIDO1
IFT140

SLA

LAIR1
PTGS1

C9

FGF2
BCAM NDST1

COL6A2

SLC1A7
ITGAD

BFSP2 KRT35

TRPC4AP
CAD

TRAFD1

SMOX

POL3S
CDX2

FSHB

NTSR2

RPH3A

EXD2

ELAVL2

B4GALT3

ARSE

RGS9

CHST3ATP6V1B1

CARD10

LYPLA2

CORT

IL18RAP

GAD2

EPAS1

TCF7L2

CD52PPP3CC

SLC6A9
PLCD1

ADAM15PAXIP1

MAG

KLRC2

RBM8A
ABCB1

MDC1

LSM4

KRT1

RAGE

HLA-DOB HOXC11

METTL3

TYMS

KLF1

NFRKB
CYP2A6

MYEF2CPNE6

IGFBP5

MAP2K5

AGFG2

UBL3

RPRD2

DDIT3

TCAP

ITGA2B

PCGF1

ADAMTSL2

ANKLE2
TM4SF5

CRYBA4

SLC20A2

PDLIM7
EDIL3

USP19
POU2F2

ATP1B2

NRTN
PAX3

C16orf7

LOC729400DSG1

MLX

RECQL5
BMI1CUBN

TUBB2B

PRPS1L1
INSL3

TFF3
ARMC6

ARFIP2

TIMP3 PPP1R10

PNMTREG1B

TCF3SRM

FANCASDCCAG1

B4GALT5

PIM1

KCTD20

LEFTY1

P2RX6

DGCR9

DKK4
PITPNM1

MTHFR

F7

RAB40B
PARD3

CTSG

PQBP1
PRH1

NCOR2
ATP2B2

PLIN1

RRP12DEFA3 MEF2C

MAGEA5KCTD17

FRAT2

BTF3
HIPK2

MSC
ANK1

AXIN1

SEPT6

CYP3A4

USP11
UBXN1

TAF5

FCGR2A

TULP3

GAGE12J

NFYB MGP

SLC6A7

E2F1

CD40

GALK1
SAR1A

IGH@

CHKA

FURIN

PMF1

CELP

SLC35A2

GPR19

TROAPVCX3A

VAMP5

CDK2

EFNA2
RNF167

ABCC8

TNK1

PTPRD

ARTN

ITGAM

FLOT1

TPMT

GTSE1

AMELX

CHIT1

CNP

STK25

AP2A2

PDE4A

GCKR

KCNQ1

NFATC2IP

CCNF

ERBB2

ABCB6

OTUB1
FSCN2

FZR1

INPP4A

ACY1

JAM3

PPM1D

USP6

GIGYF2

ST3GAL1

AGAP8 HTR2A

NLE1

RDH16

SKI

GNAT1

MGAT3

MFAP2

TET3

CNNM2

SMARCD3

PTH

WNT7A
UBE2N

MAP3K11

ARHGAP26

SLC12A4

TRIM58

SVEP1

LGALS9

TBX5

HDGF

SLC30A3

WWOX

USP9X

IL8RB

LRP3

MATN3

SIT1

TRIM16

RAB3A

PDE4C

PPAP2C

C5orf30

PCDH9

PIGC

GP2

ORC1L
TPPP

UBE3BLOC552889

EPR1

SULT4A1

SERPIND1

KIR2DL4

BCL3

RIMS2

AQP7PCBP3

PIGR

ELN

OGG1

BRCA1

TAF1

ANGEL1

KRT33A

SDC3 RUNX1

ZNF592

TPOATF6B

MTX1

SIX3

ZBTB7A

MEN1

WNT10B

FGD1

ANG

PTAFR

MMACHC

TRIM22GTF2H3
KIF22

ASGR1

CYP27A1SNX27

SAMD14

KLF11

APOBEC3C

AKAP3

LOC145678

CEACAM3

ADCYAP1ETV3

ZKSCAN3

MVK
LGR5

GAGE2E

DEPDC5
COPS6

LY6G6C
SPTLC2

SLC5A2

SLC4A3

PAMR1

TUB

NRG2

UPK2

WNT11

ZNF500

KCNJ4

FLT1

FDXR

SMARCD2

TOP3BERBB3

JAG1
UBOX5

CCDC69

ZNF157

CDC2L5EIF2AK2

KRT85

POLG

PHKG2CFDP1

NCKIPSD

EVPL

SCAMP5

CAPNS1
AQP5

DGKA

DDX11

RASSF7

CYP3A5

NF1

FKBP15

UTRN

ACR

ACCN1

GYPB

BCRHNRNPL

FOSL1

ARID4B

KLHL18

HCRTR1
TMPRSS6

SLURP1

PXDN

CRXST14
CEACAM4

TERF2
ETS1

FAM5C

NUDT3

DOK1
C19orf50

TREX1 MAPK8IP1

IRF4

NBEAL2

KRT2

CBARA1

GUCA2A

HTR1B

HRAS

GPA33

DNAH9

SMYD5

RYR3

GRIK5
CDK5R1

PAX9

SLC16A2

FAM102A

TRA2A

RFC1

CRYBB3

HAS1

KIF1C

SLC1A6
CORO1A

PGM3

CHD8

TBC1D22A

RHBDL1 PSMB4

CYHR1

IRF5

IL10RAC14orf1

IGF1R

GPR3

LILRA4

CAPN5

SCARB1

MFHAS1

SPP2
LOC91316

CBLN1

PCTK3

SOX12

HADHA
GNL1

MRPL28

RELA

MAGEA4
ABCA1

C1orf144

TENC1

RPL3L

NRG1

HTR4

LRIG2

HOXD13

IAH1

CPSF1

RAD52

RASGRP3

MAGEA9

PTOV1

DHX30

MYCL1

LY6E

LIPE

PFDN1

IGF2

MEGF6

GDI1

SBNO2

TOMM34

MAGEA1

RAB8A

SUPT6H

ERF

UCHL1

P2RX7

FADS1

RBBP8

POU6F2

CCR4

STK17A

ST20

EML3

STAT2

TSSK2

SLC16A3

FOXC2

HPGD

ALAS2

SIM2ANXA9

POLR2E

CYP11A1

RAB14

PPP4R1

DCBLD2

IL1RL1

CRHR2

STMN1

TFAP2A

NECAP1

PCDH7

MMP25

IKZF1

GYPESLC17A3

CSNK1A1

SFPQ

CCHCR1

MVD

VENTX

TAP2

TNIP1

YPEL1

KIAA0323

TTYH2

SERPINA4

DNAJC4

ADCY2

STXBP1

TGOLN2

SMG6

PCDH1

ITPR2

LALBA

DCT

PML

TIMP2

SCNN1D

PBX1

REM1

SMOU2AF2

TBX19

SFTPD

KCNH2

NCDN

TRIM3

FOXE1

OR2B6

ZC3H7B

DTX4

EXOSC7

ZNF783

KCNF1

SLC6A2

HSF4

FAM189A2

CSNK2A1

MAP3K3

ATP10B

SLC25A17

SERBP1
TP53I11

BAIAP3
NFATC3

CD22

GPRIN2
FOSL2 GNB3

ACOT11

PTGES

EPHB2
PRPHMLLT4

SLMO1

STATHHRK

HTRA2
PHF21A

MYST2TYR
GSTA2

CEP135

NFKB2 KRTAP26-1
RPS6KB2

XRCC2
IDS MLL

FAM189BST6GALNAC4

THRA
TNFRSF25

SPC25

PRRC1

SLC38A10

AIF1

AFAP1

SPRR2C
THBS3KIAA0284

HBBP1
ALPPL2

LSM7

ODF1

GPR161

LPAR2

SCYL3 H6PDSPINT3

CACNB4
BAHD1

E2F4

SPG20

ALDOC

EIF5B
IGHMBP2

RPS26

LBP

MFAP3

PGAP2

FLNA

CNN1

TUBB3

MYL9

HSP90B1

RPS27PTPN9

RPS20CACNB1

ERP29

RPL37ACAMK2B
P4HB

RPL10

RPSA

RPS17

RPL3

RPL29

RPLP0

RPS3

RPS14

RPL18

RPS19

RPL15

RPS5

GNB2L1

RPL19

SLC25A6

RPL28

EEF1G

KIF20B
ATG2A NTRK3SLC6A12

ACADVL

NDUFV1

CCDC85B

CDC37
PPP2R5D

GPX4

POM121L9P
GDF5

ENTPD2PTPRO

DDN

FGF3

GABRG3

CLEC11A

GFPT2

NRP2

MPDU1

IHH

RPS3A

RPL31
RPS23

ARL3 MYO9BTUBB2A RPL24 RPS15A RPS21

TUBB2C
RPS6

SEC16A CROCC

RER1

MYH8

NUP214
ARVCF

ERGIC3

EIF4G1

KDM1

TUBGCP4 GARNL4
PXN

ZBED1
CSF1

ZNF593

STIP1

KIAA0999

LOC652147

CCL16

T

FANCL

NHP2

ALOX5

GPR6
PDPN

CAMSAP1GRN

PSG1

GGT5
CALR

ARHGEF6AHSG

HSP90AB1

DNAL4

ATP2A3

SF1

GIPR
DGCR6L

MUC1

TCF25

DDX17SLC2A1

TUBGCP2

BTRC

MSX1

XPO6

DGCR11

RAB11FIP5

AMMECR1

OPRL1
NCSTN

SLC1A4

IKBKG

RALYL

TGFB1
SIX6

NDST2

MARCO

RPA2

SGCA
IL13

GRIP2

FUT7

SRRT

ATP13A3

NOMO1

ATF7

ACVR1B

PRB1

DAPK2

OAS2

NAAA

CADM4

GRIN2A

NCR2

LMTK2

SLC18A3

ZSCAN12
WDR62

GTF2I
SMPDL3B

GNAS

VEGFC

RFC5

SSH1

INA

GHITM

CA11

NCR3 ZNF169

MCM2

SOCS3

DTNA

ZNF274

CDK6

GJB3

RBM4

MYB

MGAT1GJB5
TNPO1

DUSP7

TLX2

CCBP2

CCPG1

DHCR7

AGPAT1

PVT1
SRPX

TRIM15

SLC9A3R2

METTL1

AURKA

FAM50A

RUNX2

RP1-21O18.1

ITM2B

POLD2

PFKFB2

HIRIP3
SSX1

SLC6A8

DAXX

BAT3PSMD9

ADH1C PLEC1

CHMP7

RREB1

FOXN2

PHLDA2

KIFC3

WNT1

TK2

DUSP14

XPNPEP2

IFI35

GPT

REL

ANKRD12

HCG9
UBE2H

ADAM20

TIMP2

EFNA5

PBX1

HTR1E

ZNF239

MED21

GREM1

SH2B1U2AF2

B4GALT4

KRASCTSO

SCGB1D2

SIGLEC7

GPR182
NRL

CD33
SERHL2

ZNF264

USP24

ALB

WNT7A

MAGEA1

CRCP SPTLC2

TRIP13

KRT37

MRPS12

MR1

SOD3

GTSE1

CARD10

PRPF31

KIF1C

FOSL1
SMYD5

AKR1C4
PDE1A

HEG1

STX5

SLC9A3R2
SNAP25

AGPAT1

CCBP2

TRIM15
TK2

C19orf21

NUDT1

NUPR1

THBS1

DOM3Z

UBE2H

PDPN

SOX1
ATXN10

CDC37

LITAF YBX1

PAX6

PTPRO

PCYT1B

HLA-DOB

NEB
SERPINC1

FAM50A

METTL1
SLC28A1

CCPG1

WDR45 RDH5

DTNA

ALPPL2

ST6GALNAC4FPR3

GPR176

PRPH

CD4

HAS1

PIP4K2A

UBTF

FANCG

CCL16

DNAH9

RIBC2

TAX1BP1

PTPRU

DHRS1

GNS

PGRMC2

PAXIP1

ARPC4

HAUS5
PAX8

KRT1

DOK2

WNT2B

MASP2

ADAM15

POM121L9P

EZH1

MAP1B

RASL10A

NEU3

SCAMP1TBC1D5

LIN37

INPP4A

CRX

C1QL1

OPRL1

TYMS

MVK

VAT1

GGT5

DCT

PIK3R1

MLH1

ODF1

HIPK2

TRIM58

KIFC3

PPAT

SOX2

PMS2CL

NFKB2

PTPRS

ZNF592

SLC9A7

CR1

GPR162
MAP3K11

STK25
B4GALNT1

AP2A2

CHIT1

ACAN

ZP2

UBE2N

FZR1

EXTL1
IQSEC1

SLC35A2

IFT140

SORBS3

PHF21A

AQP7

SLC30A3

WASF2

ABCD1

FLJ40113

TRIM22

TYR

LPCAT4

KIR2DL4

KATNB1

SLC16A3

HHLA1

TNKS

KLF1

RNASEH2B

PDXK
SIM2

LLGL2

SPC25

LRRC15

HBBP1

LGALS9

F7

ANGEL1

CENPA

GHRHR

UBOX5

SLC12A4

NLE1

AGAP8

RAPGEF5

DNAJA3

HTR3A

ALG3

PSMD9

CRHR1
ABCB1

GBA

LGR5

MDC1

WNT10B

LOC100134331

UBE2D1

GHITM

RAB40B

SLC22A6

PLCD1

NR0B2

IL8

COX6A2

ARL4C
PDCL

RQCD1ST5

C16orf7

CTSG

TEF
ACCN1

IGSF9B

N4BP2L1 ISLR

CSNK2A1CEP68

AFAP1

COL21A1

MAX

OMG

NTSR2

CDK5

KHK

MOCS1

CASP2

TMSB4Y

TCF3

ASIP

LOC100129500

SYNGR4

SEMA7A

SEZ6L

RHO

DIDO1

C2orf55

TGFB3

psiTPTE22

AATK

AANAT

TEX28

BCL3

RRP12 SHC2
PRPF6

CELSR2

TKT

RAC2

CACNA1B

EIF4G2

HOXD10

CPNE1

CNP

CYC1

SIT1

EZH2

MPZL1

LUZP1

DHPS

EPB41
ST8SIA5

RAGE

NEUROD2
BYSL

PAIP2B

NSFL1C

PCDH9

LOC157627

ITIH4

MAG

IGF1R
FAM189B

MYL2

LDB2

ADORA1

RP5-1000E10.4

CYP2B7P1

RPL13P5

PGAM2

CSNK1G2

DCHS1

XPO6

HSPBP1

SEMA3A

STAU1

HMOX2

SLC25A11

CACNA1C
BRCA1 GPR12EFNA3

TCF25

SAP18
NPAT

RBMX2

HSPA4

FSCN2

NOC2L

PAK2

PQBP1

PRRC1

PCBP3

FAM89B

DOPEY1

ATF6B

TBR1

EAPP

FKBP6

CCR3IL18RAP
HDGF

TUBGCP2NQO1

TPO

APOBEC3C

GTF2H3

GUCA1A

MAZ

NTSR1

CTAG1A

BCL2L11

C21orf33

CST6

DDX51

ITGA3

GRIN2C

MCM2

RBMS1

TRBV5-4

KCNQ1

DYRK1B
S100A5

IGF2

GDF5

FGD1

IDS

TMPRSS6

IHH

NPPB

ACVRL1

FAM5B

UNC5B

IPCEF1

KIAA1024AQP8

RECQL5
PTGS1ZNF263

IL1B

FOXN1

HNRNPL

KCNJ4

MYEF2

CPSF4

MFHAS1
LECT2

LHX2

IGHMBP2

PRKDC

NRXN1CSRP3

SLITRK3

CRTC1

CYP2A6

AGPS

S100A4
WBSCR22

LEFTY2

FNDC3A

DBN1

IFNA4NFRKB

PPP3CC

PRKCB
RBM8A

WASF3

ZBED4

NTNG1

RANBP9

FAIM2

FAM119BLPAR2

REL

ATP2B2
PLIN1

RHCE

MXD1

ACOT11

TRAFD1

FSHB

P2RX6

PPP1R8
PITPNM1

FOSL2

LEFTY1
MYT1

PLAU

GM2A

CD22

KCNJ6

PSD

CRYBA4

CHKB

TIMP3
PTGES

ATRN

TFF1

ERBB2

XPNPEP1

HOXD13

PHF16

CHRNE

RPL3L

MYCL1

CRMP1

PHLDB1

RASGRP3

RPL6

RPL34

RPL24

RPL31

RPL27

AIF1

DYRK2

RPL41

RPL7

PTPRJ

RPL37A

RPS29

PCSK7

RDH16
ZNF500

RPS20

RPS18
TSSK2

DNAJC4 RPL32

RPS8

RPS27AINHA

RPS3A

RPL23

NPM1

DPP6

IGFALS

ZBTB17

ANXA9

DOLK
TROVE2 CCT8

SNAPC4

CYP17A1

RPL11

MVD

TAP2
IL23A

CACNA1G

RPL21

RPL13A
RPS13SLC16A6

RPS25

RPS23

RPS6KB1

TJP1

LAIR1

CHMP1A

NCOR2

ABCC1

TBCD

PKP4

CCR7

PRUNE

TNIK

LY9
RAPGEF1LALBA

ARL3

SNORA21

REM1
PML

RPS15 RPL9 KIF21B
IL24 SPRR2C

RPS17RPL19 STMN1

SCNN1DRPS16

RPSA

RPS11

LMO1RPS14
RPL4

GART
RIMS2

RPL38

RPL12 UQCRB

COX6C

DNASE1L1
TOMM20

CCDC94

TFF3

MYH8

FAM65B

POR

SCAPER

EPAS1

MC5R

RGS4
FCN3

SLC13A2

TCF7L2

AGT

AMBP

FEM1B

TECR

ARHGAP1

OCEL1

GIP

PI4KB

SLC8A1

GRP

RBM38

IL17RA

CACYBP

TET3

PDE4D

LHCGR

RABGAP1L

NCAN

NACAD

PRAMEF12

LOC728643

LSM4

PDGFRA

GAGE2E

TAF12

DGCR11

TOP3B

RAD52

UPK2

NCL

ITGA10

EPORZKSCAN3

MMACHC

C19orf26

MAPKAPK2

ASCC2

RAD54L

TGDS

AHSG

DGCR6L

ARHGEF17

TTLL4

SLC24A1

ATP6V1B1

ARSE
SMAD9

CCKBR

CSF2RB

BTRC

SFRS1

LOC399904

GPR18

PCDHA3

CPT1B

ACSM3

COL6A2

B4GALT5ARMC6

CCDC6

HTR1B

SFT2D2

ZBTB40

CDKL5

NEUROG3

CYP27B1KRT35

LOC145678

NMB

MICAL2

PRM1

NFKB1

KIAA0892

VCX3A

MORF4L2

KPNA6SLC25A17
POL3S

RUNX1

DDX6

MRFAP1L1

AKAP3

GATA4

C16orf88

PDE4A

PIM1

CCDC86

RPRD2
KIAA0226

EFNB1

AKAP4

REG1B

RAB31

SLC22A18AS

C10orf12

SYNPO

SLC16A5

FST

MRPL28

GNLY

ANXA5

HPCAL1

PIGC

UCP2

VLDLR

MAPK3

SOS1

FANCA

SV2B

ZNF282

RSC1A1

CD3E

ISG20L2

GARNL4

ST3GAL5

PARD3

TSHB

KEAP1

ITGAD

SDCCAG1

ANKLE2

HAP1GAD2

CD52

SGTA

KLK3

CAPN5

GRAP2

GPT C19orf50

NCR2

SEMA3F

PSMB8

YPEL1

KDM4A

DCBLD2

NIACR2
SMO

CYP1A2
SMOX

C19orf6

PTPRB

PDE3A

SMAP1

SDF2

RPS19

GAMT

RPL18
NDST2

ZNF157

CCT3

LY6E

RFXANK

LMTK2
XCL1MSX1

RAB11FIP5
FBL
SC5DL

FCHO1

SCP2

ARFIP2
PLLP

HERPUD1

EEF2

IL1RAP MLLT4

PRKD2

CSTF3

NKX2-2

ATPAF2

RPL3

ITGB6

ENC1

BAK1
ARAF

FAM155B

TMEM8B
FRAT2

KLK2

ELOVL5

CEP135

RPLP1

VENTX EIF3B

LIAS

JTB

RBM42

PHOX2B

KLHL18

ABHD14A
TWF2

ARVCF

PMF1

DDX3X RHEB FAU
ATP5J2

TSPAN1

SBNO2

TTBK2
NGF

MTHFR

PSG1

HPR

C18orf1

DLX2

TAF6L

FMO5

STAC

HSPA5PNMT
RPL28

FAM153A
RPL10SMARCD2

CYP27A1

RPL18A

RPS5
EEF1A2

GDI1

PTPN21
PLIN3PPP1R2

ADAM3A
CDKN2B

CTSA

PFDN5

FLOT1

FOXD1

MET

TFDP2

PAX3

TM4SF5

UBL3

HRASUSP13

VPS8

EXOSC7

LRIG2

LTA

SLC30A9

ANKRD46

HTR4

TRIM3 RPS12
RPL5RPL14

SRM

PPM1D

EPR1

APCVPS11

ST3GAL1

CRHR2
KCNQ3

P2RX7

MUC1
ZNF79

THOC1
PAMR1

C1orf77

KNG1

USP22

POU6F1

NOX1

SDC2

CBFA2T3

DPM2

GYG1

PCGF1

MAP3K3TRIM38

PIK3R2

KRT7

IKBKG

PFDN1

ASGR1

MYO9B

SF1
AKT3

C11orf52

AGFG2

PPP1R10

POLR2C

CBARA1

RPL15

KYNU

RPL29

LPHN2

BCL2L1

ETV3

RPS27

PTK7

KCNF1

NACA

ATP5H

FGF2
PET112L

CIAPIN1NTRK1

TBX5 C11orf80
TAGLN3

SLC25A16

APLP1
OPN1SW

REG1A

RAB3GAP2

AMMECR1

TPT1

RPS4X

RPS6

RPS3

RPL36AL
RPL10A

RPLP0

MBL1P1

NKX2-1

MELK

LRRC48

GLP1R

CAPN3

ATRX

XAF1

NFATC3

RB1

SLC4A8

CPA1

TUBB2B

SLC6A6

GCKR

ADRBK1

IGHG1 PLA2G6

KRT12

KCNH1

LDLR

GZMM

RGS9

PRF1

DPT

BZRPL1

DKK4

COL6A1

DEFA3

STX11
PTGER3

DDX11

LOC652147

CHRNB2

TPMT

PTH

ABTB2

KPNA5

PSMD1

MUC8

UGT2B15

PIK3IP1

NUCB1TRPC4AP

DLEC1
SPP2

ZSCAN12

RPA2

MAGED2 IL13

ADH1C

GDI2
VAMP7

HLA-F

SRRT

COLQ
SMARCC2

TRADD

PDCD10
LOC728849BCAP29

ATP13A3
TCP1

LSM7
FUT7 TUBB2A

EIF4A2

ARF1 SLC25A6 SRP9

TMEM87A

SLC1A4

CFDP1

PSME1

PRRG1

RABGGTB
CEL

SRD5A1 C3orf32

RPS24

RPL27A

ATP5G3 GLT25D2

ICA1

ASGR2

KRT85

RPL36A
GNB2L1

NHP2

SLC25A3

SNRPB

CLIC1NDUFV2
FKBP8

RER1

EEF1G

EIF2AK2

PADI2

SAR1A

C1orf21

RPS15A
RPL37

GCOM1KIFC1NME2 NME1PDCD6 HINT1CCL22 ELAVL3 KIF17 ACADS UQCRQHNRNPA2B1SIPA1

RPL30

RPS7

EIF3E

PTPN9

RPL23A

RPL35

RPS21

RPL17

RPS10
CACNB1

EIF2B5CAMK2B

DRG2SLC22A24 COL4A1CTNS C14orf79 COL4A2TGM3 TNXB

CDH1

SORD

PTPRF

KRT18

ATP6AP1

FAM120A

GRN

PVALB

CBX6

TRAP1

PSMB4

GTF2I

AR

EIF4G1

ECH1

FCGR2A

PRSS23

KISS1

MAP2K3

C9

PCDH1

PSMD2

COPA

TNK1

SLC6A2

DLGAP4

POLG

TRIM28

MRPL12

UROS

RALY

ITGA2B

UQCRC1

ACOT2

SIRPB1
MTFR1

NCSTN

LCK

CD63 DDX5

GRIP2

SKIV2L
NASP

ASNA1

FAM168B

VAMP5

HMG20B

RFC5

WNT11

SFTPD

USP9X

MTERFD2

SRPX

AK1

TTC15

INPP5D

CD72

DOK1

SCYL3

PPYR1

FIG4

NUDT3

OR2B6

LARGE

TLX2

JAG1

RNF167

IRF4

RBP3DDIT3

GPR6

SIGMAR1

C1orf216

SLMO1

FAM102A

SLC2A1
LILRA4

LAS1L

KCNMA1

EDIL3AP3M2

USP19

ADAM20

MAPK8IP1

C1orf105

LYPD3

DDX17

IL8RB

FLJ10038

SMPDL3B

MAST2

PSTPIP1

TCOF1

SPEF1

MARK2

CCKAR

DEXI

ABL1

HRC

ANG

RANBP2

IFRD2
FNTB

SPN

CGREF1

NECAB2

DDN

OR5I1

FKBP15

GTF3A

C5orf30

MLLT1

STX16

CSF1

PXN HTR6

EMD

FEZ1

CNNM2

CNOT4
CYP2D6PFKM

OSGIN2

KRT86

STX1A

PIGA

HSF1
KIF1A

TEAD3

UBL4A

ABCC8

PIK3CD

ITGAM

ARTN

B3GAT2

LOR

ARHGAP4

TRIM66

NRCAM

ACY1

E2F5

IL5RA
CLCN5

ATF7

CDC20

ST7
ITM2B

SAPS1

ZP3

BMP1

PYGM

ORC1L

NTRK2

CADM3

ABCC3

ERLIN2

UPP1

ATP6V1D

GSTA2

ZNF593

NFIC

COX10

CYP3A5

EXOSC2

CCDC69

HMX1

DNAL4

RHBDL1

HCRTR1

TACC2

CDC42 PHF20

GUCA2A

GRIK5

SLC5A2

GGT2

RP1-21O18.1
RAF1

EPHB2

FCGRT

PTH2R

CAPNS1

POU2F2

OBSL1

SMARCD3

EVPLDEPDC5

THBS3

CLINT1
FANCL

FAM13A

NUP214

DUSP7

ACR

KRTAP5-9

UTRN

CREB5

DYNC1I1

ACVR1B

BAHD1

MCRS1

TXNRD2
DGKG

SKAP1

EPS15

NCDN

CLCN6

IFNA6
ZBTB25

PAK4

ABCA2

SULT4A1

ALAS2
CELP SOCS3

UBE3B

CDK6E2F4

GPR161

ABCA1
TPI1

SLC11A1

BPHL

HSP90AB1

C12orf47TGOLN2

GALK1

TAF15

GNL1

MMP19
ADCY1

SSTR2

TTYH2

LOC201229

PIK3CB

GPR3

RGS12

MFAP2

CDC34

NFATC4H2AFX

PTK6

ARHGEF6

LIF

CNTN2

PEX6ARID3ASLC7A4

GPR35

IL7R

MYO1C

IGKC

UTF1

RELA

PTPRD
SLC6A7

RFC1

CSPG4

CDC2L5

BCL11A

PDPK1

STATH

SEMA5A

IAH1

TNPO1

PRKCE

C9orf114

KLRC3

ZNF101

HTR2B

SLC7A2

FDXR

TREX1

EVX1

PXDN

GRINA

MAGEA4

PLXND1CIZ1

JAK3

PDHA2

CROCC

SPARC

COL1A2

ATG2A

MAN1A2

KDM1

MUC5AC
KIF20B

NTRK3

PRSS16

CDR2L

TEKT2

ILVBL

STXBP1

STIM1

LGALS1

EFNA1HNRNPA3

CCNI

RBPMS

SFRS11

NUP210
TTC3

ACTB

BCAT1

ZNF134

CEBPE

DKC1

RBM4

TUBGCP4

LOC552889

CAMSAP1

TP53TG5

KDM5B

GPR19

SHBG

XRCC2

CEACAM3

GP2

SKI

CACNB4

RAB8A

FAM5C

GH1

TROAP

THRA M6PR

PPAP2C ProSAPiP1

SLURP1

KRTAP26-1

CADM4

OAS2

YME1L1

NRG2

TBX19
SLC15A2

IGFBP6

LOC100128031

VDAC2

sept-06

NONO

FAM127A
DYRK1A

MARCO

MTUS1SFRS2

CRYAB

ZFP36L2

ZNF451

CTNNA1

SUPT6H

ZMYM3

SLC4A3

TGFB1

NOMO1

CYHR1HSPB3

NAALADL1

RALYL

GIPR

NECAP1

DHX9

DNAJA1

HMGXB3

PCDHGC3

UBE2S

HIST1H2AG

WDR62

RHOB

LTK

PLEKHG3

PFKFB2
TIAM1

EIF3F

WFS1TGFBR2
CSNK1A1

LPXN

H1FX

SFRS4

OASL

SPINT1
CALR

TNFSF12

UBXN1

C12orf51

NCKIPSD

KIAA0430

SEC16A

RSAD2

NAAA

PLEC1

DCTD

SPG7

MAT1A

SLC5A5

PIK3R3

MFN1

MPV17

CD40

C9orf33

GHRH

LOC729400

SMTN

PPP1R12B

DFFB

MMP15

NBAS

IRGC

HIRIP3

DPF2

MT1A

MT1X

DCAF8

LSR

ARHGEF10

NDUFV1

DGCR2

HOXC4

NEU1

ACADVL

FGFR1

DYNC1LI2

PLXNA3

PPIH

SCAND2

HS3ST1

GNAS

LCT

MTG1

MGAT4C

EIF3CL

MXRA8

CRYBB3

CAP1

NFYB

MRC2
TRAF3IP2

UQCRC2DHCR7
SPTB

TADA3L

CLSTN3

RRAGA

EMR1
KANK3

NID1

ACTN1

POU2F3

INPP1

TNFSF9

MOGS

GABARAPL2

NOLC1

FAM38A

HPS1

KHSRP

TNFAIP6

H2AFY

VASH1

GYPC

IRF2

C1orf63

SIX6

FOXK2

EIF2C2

DHX30

BAT3
IRAK1

ZFR

HNRNPC
DNMBP

ZNF143

TCEB1

PRCP

FBXO21

PTOV1

SERPINB7

UBE2C

LIMK2

EIF3G

TLE1

DAP

ILF3

MLX

CTNNBIP1

CYP2A13

SLC25A1

PAN2

CPSF1

SLC7A8

ZBTB16

UBE4A

SLC38A10

C8orf84

TFDP1

RAE1

SMR3B

RNF185

SERBP1

LSM14A

ACTR2
PPP3R1

SLA

ADD2

MPZ

ALDH1B1

MGAT5

CAD

MAML3

FGRZER1

ZFY

CCRK

NRGN

MED24

KCNJ9

ERBB3

SAG

HSD17B8

ADCYAP1

MGAT3
D4S234E

TRA2A

MLL

DBT

ABCF2

DPH2

CD79A

BRD3

ARFIP1

BFSP2

NDUFS8

DDX23

IKBKE

SKP1

RYR3

TGFBRAP1

STX2

MAGEA5DUS4L

NOL7
LRP3

LRIT1

PRPS1L1
KCTD20

DOHH

DPH1SPG20CLIP2MAGEA9

RPS26

EIF5B

ZMYND10

SERPIND1

F8

SVEP1

ZNF259
C19orf29

MDM2

VSIG4

MEF2C

MPDU1

ZNF202

CD7

ABL2

PMS2L1

C19orf57

LOC283079

INSL3

SLC6A9

HOXC11

KRT16

PCNXL2 STBD1

ARL2

DRG1

CLDN5

HRK

PPP2R5D

CTBS

PDAP1

MGAT1

MFAP3

BNIP1

LYZL6

VPS41

HIPK3

CHP

PFKFB3

RNF113A

GPSM3

ZBTB24

MAPK9

ESR1

ATIC

SLC6A11

ABO

GYPB

GCN1L1

CHST3 NUAK1

ACP1

KLRC2B4GALT3

EMX1
ARHGEF12

DGKD

KCND3

NCAM1

PLEKHB1

C19orf36

SNX27

KRT33A

PAPPA2

FLT1

CCT4

FZD9

PTEN

ITGB3BPHTR1D

HIST1H3E

FOXE1

MLANA

RNF5

CHKA
ODF2

XRCC5HTR2A

BBC3MT1B

SLC9A1

PPP3CA

ALOX5
ERCC4

KCNA3

DNAJC7

PTPRR

PLEKHM2

ANK1

RBCK1

ZNF467

CYP2C18

HMGA2

PRKAR2A
SLC29A2

COL19A1

CNTN6
RABGGTA

PAX7C2orf24

CCR5

GCK DMP1

SSTR5

KCTD17

CHST1
OLFM1

RXRB

SLC6A4
SH3PXD2A

BZRAP1

SCN1B

PAFAH1B1

RBM4B

IGH@

MT3 ZC3H7B

DTX4
PSMC5

POLR2J

NUP155

LRCH4

CECR7
BMP8AASPHD1

NME6

MDH2DMBT1

CIITA

IMP4PRH1

IFNW1

BMI1

NEURL P2RY6

GATA2

CUBN

ARID4A

ZNF22

COBRA1

SLCO2A1

DOC2A

TNP1

TERF1

TBC1D9B

EDEM1

CRABP1

FURIN

ZKSCAN5

TUB

ABCC10

KLHL35

CHP2

KIAA1539

IL3

DGCR9

SRPK3

ARHGAP26

ERC1

XDH

ODZ4

SLC18A3

ENTPD2

DUSP14

CCDC85B

SLC17A7

RAMP3

GRB10

FGF3

KIAA0467
MFSD10

GFPT2
CXCL5

PIGR

VAMP4

FLRT2

BCAM

PRKACG

PHLDA2 EIF2B1

SH2B2

NCR3

MDK

WNT1

LOC91316

SLC16A2

PBX2

ILF2

S1PR4

ACOT8

ADCY2

KLHL25

TRIM33

KCNH2

ALPK3

PHF8

IFNGR2

CLEC11A

GABRG3

SCN8A

CYB5R1

HNF4G

MC1R

ZNF187

FSHR

SERPINA4TNPO2
REG3A

PGM3

CALCOCO1

CREB3

PTMA

YWHAQ

STIP1

TCF15

FKBP2

SGCA

EP300

SLC1A6

USF2

NDUFS7

GRIN1

C6orf120EEF1D

BGLAP

BRD2

HLA-G

MIF

DDOST

RPL8

PHB2

SCAMP5

RASGRF1

TMBIM6

GOLGA2

SUMO1ACP2

ACAA1

HSPA8

PYCR1

P4HB

PSMA2

ATP6V0E1

RNASE4

SIAH2

ERP29

IGFBP2

PSMA3

HSP90B1

GTF2A2

PDIA3

MGST3

PARK7

VWA5A

TUSC2

ATF4

ZNF132

BAT1

ERGIC3

NME3
POLD2

GJB5

OAZ1

FUS

JUNB
NUP188

GPX4

TUBB2C

DAXX

TALDO1SOX3
MMP23B

TENC1

TP53

MATR3

HIST1H2AH

ATP10B

ARFGEF2

PVRL1

ZBED1

ERCC1

IRF8

IFIT1

MPP2

KRT6A

SLC17A1

IVL
SAPS2

TNFRSF10C

TNFRSF1B

MAGEC1

BCR

TCL1A

SPINT3

PSD4

TBC1D22A

MTX1

ERF

NRG1

GIGYF2

CPZ

TPPP

C20orf194

TLE3 IQCB1

GRAMD1B

IL1RL1

AMHR2

TTLL5

HSF4

HOXD9

ZNF337

ECE2

BBS9

GBX1

MSC

RPS6KA3

BAT2D1BMP10

TTC22

ATXN3

PPP1R16B

LDB3

CASP10

HYAL2

NR6A1

MC2R

CDH16

CCNF

BTF3

E2F1

TOP2A

C9orf125

MLXIP

MAP2K4
DRD5

MYO16
GRB2

SLC9A3

AURKA

UBE2M

CCR4

CXCR5LYPLA2

F2RL3

RGS10

EXD2

C8orf71

CARS

ALDOC

PTPRN

ARR3

TBX1
WHAMMRBBP8

MRPL33

MYBPC3

LOC26102

CMA1

FLT3LG

ELAVL2

DNPEP

RPH3A

POU4F1

PPIF

TBXA2R

ZBTB7A

LSM12

ETFB

NAGPA

OSTF1

HCLS1

WWOX

CORT

CALB2

CD34
ECD

USP6
PHLDA1

GPR143

RAP1GAP

GRM4

DNAJC8

POU6F2

DNASE1

GNAT1

SLN

MEN1

SH3BP1

CYP11A1

C1orf68

CA5A

GOLGA1

POLA2

BRD8

HPGD

PLEKHM1

FGF9

FADS1

SSX1

LAD1

CNTN1

FMO4

TCF20
MOBKL1B

PI3

COL1A1 CHST2

RAD51L3

VILL

CTSC

DDX19A

TRIM16

ATP6V0A2

SOX12
ADAMTSL2

OPCML

RAB3GAP1

RMND5B

TAF1

ITPR2

JMJD6SCD

MYST2

BTBD2

NPM3

STARD5

GLE1ASMTL

XK PSG7

PRLR
H2AFB1

NPAS2SDC3
PTAFR

WDR18

DSC1

ZNF76

STK17A

MAPK12

MATN4

ST20

RTN2

TOMM34

BHMTAQP2

GJA1

ATP11A

PRPF19

SIX3 NFIX

LOC644165

MATN3

PAX9

AQP5

PCTK3

KIF22
PRB1

CDK2

MFAP4

COPS6

EIF3K
CDC25C

IFI35

MYB

H6PD

ARHGAP12
RCC1

ARID4B

HTR7

HOXD4

HCG9

OGG1

UQCRFS1 NDRG2

PCDHGA12 EML3TCAP

SLC15A1 NF1
CPNE6

DGKA

SETD2NRTN

DAGLA

GYPE

UCHL1

ARHGEF1

ZNF20

LBP
CDKN2CAHDC1

OTUB1
VAPB

SLC6A8

MYST1

RGS7

ITIH1

ZNF167

ALDH5A1

UCP3DAPK2

SFPQ

FLII
LOC729678

PGAP2

LY6G6C

BAX

AMELX

PRKACA
MFNG AVPR1B

ACHE

CASK

DKFZP564C196

PDE4C

RASSF9

KLF11

LPIN2
LLGL1

RAB3A
STAT2

DMWDAXIN1

T

SLC1A7

IL10RA

ANKRD12
HARS

KIAA0513

CCR1
C3orf51

SAMD14

ELN CHMP2A

EWSR1

KLF12

TFAP2A

HMOX1

CD99

KIAA0586
KIAA0284

C2CD2

TYMP

SEPT8

GPLD1

CHMP7

NFATC2IP

GPA33

ATP1B2

POLR2E

GRK5

TERF2

ETS1

HADHA

DSG1

EIF4BNADK

AMIGO2

CAMK2G

FOXN2

RAD54L2

TULP3

TMCC1

CADPS

MEGF6
TNFRSF25

HTRA2

INA

TFCP2

PLEKHO2

COL16A1

ADRA1A

NDST1

MAEA

PALLD

HSPB1

TPM2

TAGLN

CSRP1

FHL1SVIL

MOG

CD1C

C2

CTRL

SLC17A3

MMP25

ZFP36

IKZF1

PPP4R1

GRIN2A

VEGFC

PHKG1

LOC100131311

WWTR1

ACTG2

MYLK

MAP2K2

IGFBP5

CDX2

MAP2K5GNB3

PDLIM7
SLC20A2

INPP5B

KRT2FUBP3

PPM1E

FERMT2

FGF8

ATF3

CKB

MYH11

SYNM

ALDH1L1

PEA15

MYL9

CDC6

UTP3

MAP3K14

CCL19

AP3B2

BAIAP3

TP53I11

RND1

VPS72

PSMD14

ESPL1

SF3B2

NRP2

RGN

GPRIN2

GPR44

PCBP1

DPYSL3

SLC6A12

PVT1

PLRG1PARP2

ZMYND11

SNAPC2

FOSB

MAPKAPK3
CCHCR1

SHC1

RASSF7

MCL1

GAGE12J
PRMT2

RAB14
PHKG2

PCDH7

CEACAM4

KIAA0323

NR4A1

H3F3B

C1orf144

SCARB1

FTH1
ACTG1

CSNK2B
VIM

TPM1

FMNL1

CSK

KIAA0999

ST14

PSMD11

CDC42EP4

PKM2

LCAT

TCF7

CLIP3

RPS6KB2

NBEAL2

NPPA

AHCYL1
FAM189A2

PCBP2

ATP2A3

LDHA

COASY

FOXC2

LIPE

GLUD2

IRF5

TUBB3

ZFHX3

RBM5

ZCCHC24

CORO1A

SULT2B1

PTGIS

WDR1

ARHGAP6

ZNF783

PZP

CNN1

TRAK1
MGP

FETUB

FLNA

JAM3

C14orf1

KIR3DL3

NCF4

TRD@

USP11

RUNX2

ARL4A

FBLN1

ATP5S

EFNA2

SSH1TNFSF8

CHD8

PROL1

LASS1

BAP1

TAOK3

MAD1L1

DDIT4

MYH2GNB1
BCL2

ZNF169

TCTA

DUSP1

PLCG2

CA11

METTL3

ATP6V1A

SMG6

TTLL12

ABCB6

CBLN1

CDK5R1

SERPING1

UBC

SV2A

RREB1

CALCA

PUM2

APBB3

SEPT6

CYP3A4 TAF5

TNIP1

XPNPEP2

SNX13
HSF2

ZNF274

FMOD

GJB3
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Prostate: PCC – SN(C1) Prostate: PCC – SE(C3)

PITPNM1USP11
PSG1

SAP18
LBPTOMM34

DMWD MYO9BTUBB2B
CAMSAP1PXN

TMPRSS6
CEACAM3

IKBKG

LLGL2SLC2A1

SIM2
STMN1

CD33
KIAA0323

FAM189B
H6PD

SLC6A2
DGCR11

SLC24A1

AANAT

ACR

RUNX1

LOC91316

TUBGCP2
SULT4A1 TCOF1

AGAP8 JAG1

RP1-21O18.1 EML3

POU4F1

BCRHLA-DOB

RHBDL1
MFAP2

IGSF9B
GPR161

CACNB1
GRIK5NUDT3

MYB
KIFC3CD22

NRP2

MLANA SULT2B1
ATP6V1B1

PLIN1SCAMP5

ITM2B
AHSG

LYPD3

DOLK

MR1

NTRK3
MT4

GRIN2A

HNRNPL LRIG2

KRT33A

N4BP2L1SLC6A9

ARPC4

CCPG1

TTLL12

PRH1

ESPL1

SPN

VAT1

PIK3CB

USP9X

D4S234EANGEL1

ARHGEF12 NEUROD2

FGF7

CYP2A6MUC1
C19orf26

HMGXB3

GRB2

HIST1H3E
SLC4A3
UTP3

MFSD10

SAR1A

WWOX

PDE4C
MSC

CDK2
ADCYAP1

LEFTY1

AGPAT1

TAZ

PIM1

PAFAH1B1
FNTB

ESR1
GOLGA1PLEKHG3

TRIM58M6PR

NTNG1

MAPK8IP1

IHHRUNX2

U2AF2

ACVRL1

RPS17

KLHL18

SIX6

RPS5

RPS19

RPL18

MAGEA9

EXOSC2
STX16

MYO16

MATR3

CASP2

RAPGEF5

ST5

SEMG2

TUBB2C

TUBB3

TPM1

TUBB2A

SPINK2

SEMG1

AKR1B1

ACTG2 PIP
MYH11

GPR35SRPX

RPL29

RPSA

LUZP1

CCDC69

SEMA3F

DSG1

MYEF2

RAB11FIP5
CIAPIN1

EDIL3
ADAM20

B4GALT3

ALPPL2

CCL16
RPA2

PVT1

MYO1C

ARHGEF6

HTR4

CNNM2
MRPS12

POLA2

SEMA7A

HSF4

DMBT1

LRRC23PTGS1
SLC7A4

LOC100134331

UBE3B

SLC22A24

LY6G6CNCKIPSD

RIMS2

RAD51L3TERF2

IGHMBP2

DOK1

JAK3

EPOR

DNAH9

PRRC1
IL8RB

CHST3

ACVR1B

TBX5
WBSCR22

HPS1

KRTAP26-1

SLC30A3

NFATC3ITGA2B TGFB1
HTRA2

GTF2H3

LY6E SIX3

CNP

SSTR5

GPA33SLC6A8

AP2A2

SMYD5
CRCPRREB1

PI4KB
SLC6A7

NUPR1

OPRL1

ZBTB7A
SVEP1

DGKA

PIK3R1

TUB

ARID3A

LILRA4
NQO1

RPL31
RPS23

RPS15A
RPS12

RPS21

RNASEH2B

AFAP1GP2INA

SLC9A3R2

CDK6
RBBP8

ST20

CSK

PAX7

PPM1D

TBC1D22A

SCAMP1

HRK

RPS6KB2

SORBS3

HTR1BMDC1FST
GPR6BAHD1PIGR

ARSE
KRT6A

GARNL4XPO6
MYH2

HPR

ZNF167
CBLN1LRCH4

CRYBA4

GAGE2E

VCX3A

SLC18A3

ANKRD12

POM121L9P

CNTN6

RPS16 GNB2L1 EEF1GRPL27A MCL1 LOC100131311RPS11RPL24

VASH1

SERPINA4THBS1

GYPB
RAB8A

RABGGTATNIK
TMSB4Y

TBXA2RFOSL1

ASGR1

POL3S

TNPO1

SLA
ATP2B2

TAF15

UTRN

ENTPD2

SFTPD

CNKSR1
IFIT1

RANBP9 CHD8

SLC16A5
MMACHC

PGM3

CDK5R1

MYCL1

FUT7

FAM189A2

AQP7

SPRR2C

TUBGCP4

REG1B
LY9

LOC145678

RALYL MAGEA4
ABCA1

CCNF
GGT5

DDX51

AMIGO2
C16orf7

ADAMTSL2

ATF6B

DAPK2

RELA

SLC17A3

ELAVL2

PCTK3

IDS
STAT2

ABO
CEACAM4

GPR3

ALPK3
PAX9

XRCC2CCKAR

OR2B6

STATH

DHRS1
PSD4

THRA
KIFC1

GRINA
SHBG

NRG2
PCDH9CDR2L

KRT86GPR19
HOXC11

IFT140 HPGDSMPDL3B

DTX4ARID4B

VENTX
MC2R

CRABP1

CDH4

FAM153A

ABCC8
STXBP1

EIF5B

SMARCD2

MTX1

PXDN

LOC552889

ORC1L

RTN2

MCM2

FGF3MGP
EIF2AK2

UBE2S

ALDOC

SCARB1IGHG1 SKI

TCF7TRD@

CYP11A1

E2F1

YPEL1

CEP135DDX11

MAG

ZNF500

KRT2

MYBPC3

KCNH2
MMP25

PAXIP1
HTR7

IGF2
T

PCDHGC3

CD34
LAIR1

PRPF31

ALAS2
ZNF157

ANKRD46

NTSR2

FZR1
SPEF1

PHB

NDST1

PTPN9 KCNJ4
JMJD6

AGFG2
PLEKHM2

GUCA2ALIPE CCDC94

SLC1A7
MEGF6

UBE2C

DCISOCS3
CCDC86

FETUB
PTPN21

AP3M2

PRAMEF12

PPP3CB

NFIX

IFI35BBC3

SERPIND1

ZMYND10

MMP19
RB1

NRL

ARHGAP6 POLR2J

SAG

COL6A2

BTF3
C9orf114

C20orf194

SNUPN

RBMX2
KLHL25

KRT37

CCL22

ARHGEF17

CHKASNAPC4

HSF1

ARR3

GPR162

KATNB1CSNK1G2

BAP1

FGD1
CYP27A1

RBP3

CEL

ELOVL5TEKT2
COL6A1

CUBN RDH16

SOLH

SLC9A3

SV2A

SLC28A1

DYRK1B

MC1R

YY1

KRTAP5-9
AMHR2

SPTLC2

TCAP

KPNA6

SLC6A12

ZBTB25

TPPP

XPNPEP2

C9

IQSEC3
ATP11A

TNFSF12
LSM7

PTGES

CROCC

PCDHA3
ZFY

ARHGAP26

UTF1
NOMO1

KRT35

KIR2DL4

SEMA5A

MATN3

HIRIP3

PCDH1GRN

PAMR1

RHO

UCHL1

MAX

SMARCD3

SLC35A2

CAPN5

DDN
ZNF239

GATA4

INPP4A

RAD54L2PRPF6 CD52

ARMC6
KCNQ1

ARFIP2

TAP2
DDIT3

JAM3

ZNF593

VEGFC

RBM38
UBOX5

CA11
MFHAS1

TCF7L2

ABCB1

SMO

HLF
OPN1SWPHKG2

HSPA4

SLC25A17

TRIM3

GBX1

SERPINB7

RRP12 NCOR2
CBARA1

STX11

PDE3A

C2orf55

CADM4

E2F4OTUB1

PFKFB2

KIF20B

PAX3

DPEP1

CD40
MEF2CZKSCAN3

CARD10
RPS26

UNC5BHAUS5POU2F2 CNTN1
COPS6

EFNA3ADAM15
GTSE1 CDX2

TFF3
EPHB2

ADRBK1MYST2
GNL1SPINT3

AATKABL1

HDGF

APOBEC3CGJB5

SEMA4DTBX19

FAM102A

LTKPPP3CC
WNT10B

SLC25A11

FCGR2A

SPC25

ZBED1
TRIM33

CHST1

BCL3

PTPRN

TPMT

NUP214

FOXE1

KCTD17GIPR
NCDN

CLEC11ABMI1

NRTN

LSM4

RGS9

CPNE6
SCYL3

MEN1

KIAA0999

C2orf24

FKBP15

PPP2R5D

CAPN3

CAMK2B

SLC29A2

BCAM

SBNO2
SLC12A4

ACP1

ITPR2

PAIP2B

CYP3A5

WDR62MSX1

CSNK2A1

HHLA1

GPLD1

GJB3

IRF4

C1orf105

PRKCB
CEBPE

GART

RAB3ANCSTN

RAB40B

HCG9

MAD1L1

RNF167

COX10

EPR1

IL10RA

GPR143

DUSP7

KIAA0284

NLE1

TNK1

GNAS

SCAPER

XRCC5

ABCB6

LAS1L

MARCO

POLR2E

PPP1R8

C14orf1
GJA1 AURKA

NADK CHRNB2

IL18RAPADCY2

METTL3

SLC38A10

LOC644165

KDM1
DGCR6L

P2RX6

HIPK2

SLC8A1
NCR2

DTNA

ITGAM

ZC3H7B

WNT11

HCRTR1

PGAP2

NFATC2IP

TROAP

HMX1

P2RY6

SGCA

PTAFR ZNF264

IL17RA

NSFL1C

TERF1
SLC16A3

SOX12

CPSF1

POLG PLEKHM1

CORO1A

FLT3LG

C1orf144

KLF1

ADH1C

PSTPIP1

PLCD1

FAM5C

ATG2A

UPK2

NOC2L
CRTC1

FGF2

SEC16A

CRYBB3

GPT

CCL19

MGAT3

TREX1

PRB1

ETS1

BAIAP3 LOC652147

REM1IRF2

RBCK1

FLOT1
KIF22

SMG6

UBXN1

PDLIM7

MVDGALK1GCKR

DEPDC5

MLH1
PLEC1

RASGRP3 PTH

MAP3K3

IAH1

SAMD14PAK2

AXIN1
TOP3B

MAP2K4INSL3

FSCN2

ACAN

WNT7A

KCNF1

UBE2HFAM50A
GSTA2

CHMP7GDF5
EVPL

MAP3K14

ANG MPDU1

ALOX5

LOC26102

PSMD14

IQSEC1

CRX
C19orf50RPL3L

ERFTGFBRAP1

ITGA3
SRM

IL3

GRM4

PRPS1L1

ELAVL3

GPRIN2

TGOLN2
C19orf29

PIGC

GYPE

LPAR2

F7

RAP1GAP

ETV3

LOC729400PDAP1

PDGFRA

AIF1
SSX1

SDC3

psiTPTE22

CCBP2

GIGYF2

GNB3

USP19

RAE1

ARVCF

CYP2A13

SFPQ

POU6F2
DUS4L

HTR2A

TBX1

TRIM15

IVL
PPP3CA

CTRB2

RGS10

LMTK2

CACNA1B

ABCC10
EMR1

METTL1

BAX

EMID1

GRIN2C

AMMECR1

ACCN1RPL11
SERBP1

CREB3

SPINT1

OGG1

FDXRZNF592
PDPN

DGCR9

TNFRSF25

ENC1 ALDH4A1

PRPH

ELN

MLLT4

TULP3

RASSF7

PTGER3

BRD2
PARD3

RECQL5

MPP2
KYNU

IGH@

RPS18 RPS8

TACC2

HMGB3

TRA2A
CAD

RAGE
AQP5

KRT1

TET3

SLMO1
EPAS1

MAPKAPK2

COBRA1
ZBTB40

GUCA1ATADA3L

CDC2L5

MYST1

DCBLD2

TRAFD1
HAP1

CCHCR1

DHCR7DEFA3 RPH3A

ST14 TNP1FLT1
NFRKBFEZ1PCNXL2

ITIH4

ASPHD1
MGAT1
BZRPL1PIK3R3ARTN

PZP LGR5ZNF783CSF1
MVK

MXRA8 ZSCAN12
COL19A1

SLC5A2PPP1R10

NUP188

OCEL1ODF1

NFKB2SLC9A1

PCBP3
LOC201229

LGALS9PAX8
TYR

TLX2
LYPLA2

RELIRF5
HSP90AB1

SLC1A6
XDH RBM8A

CHIT1

UGT2B15
PSG7

ATP1B2

MTHFR
DPT

PNMTPTPRD ITGAD

AGPS

ISLR

OAS2

MAGEA1

ERBB3

GADD45B

CECR7 TYMS SIT1

GRIP2
SLN

GAD2

PLIN3

IL4

RAMP3

AFF2
CSTF3

MAGEA5

KIAA1539

CCR7
DNAJC9

ST6GALNAC4

RPRD2
GLT25D2

LOC652147

FGF2

PLCD1 COL6A2

GPT

KLF1

RB1

CHMP7

UBE2H

PTH

MAP3K14

GDF5

IAH1
PTAFR BAIAP3

TOP3B

FLOT1
MVD

GSTA2

NOC2L

TREX1

SERPIND1

FSCN2

UPK2

PHKG2

ATG2A

GALK1

IL10RA SCAPER

GCKR

POLGKIF22 CRX
ANG

GPR143

ETS1

MGAT3

AXIN1

RASGRP3
SBNO2MAP2K4

CCDC94

FGD1

AGFG2CRTC1

XPNPEP2

ARR3

ARHGAP6

CYP27A1

ACAN

SAMD14

UBXN1

CROCC

UBOX5

RNF167

ADH1C

CADM4

WNT11 LOC26102

HCG9

BTF3

NLE1

C1orf144

ARHGAP26

INSL3

REM1

ZMYND10

MMP19

WNT7A

CEACAM3

UGT2B15

ZNF167

U2AF2

MR1

SKI

TPMTMYST2

LTK

TAZ

H6PD

FOXE1

ANKRD46
ORC1L

CDK2

ADCYAP1

SPN

SLC24A1

UBE3B

ACVR1B

AGAP8
OCEL1

CAMSAP1

GPR161

LOC201229

LY6G6C

SCARB1

CD34

ARPC4RPS26

C2orf55CSF1

REL

MVK

SIM2

BMI1

JAG1

TUBGCP2

SPINT3

SLC12A4

PFKFB2

CYP3A5
EML3

TMPRSS6

PNMT

KIFC3

ALDOC

FCGR2A

OR2B6

LLGL2

CPNE6
RAP1GAP

LYPLA2

TLX2

TFF3

HTR2A

GIGYF2

MGAT1

COL19A1 RBM8A

POU2F2

MEF2C

CLEC11A
SULT4A1

TGOLN2

ABL1

MYO9B
SLC1A6

SEMG2

SEMG1

GRIP2

PIP

NTNG1

psiTPTE22 HHLA1

NTSR2
SLC5A2

TOMM34

SLC6A9SLC18A3

TYR

TBX19 IKBKG

STXBP1

RGS9

SLC4A3

TROAP

USP19

XDH

FEZ1

GRB2

MYB
TCOF1AATK

MSC
EPHB2TRIM58

KCTD17
MXRA8

CD40

RUNX2
SDC3

STMN1

LSM4

MFAP2

PAIP2B

GTSE1

FDXR

FAM102A

E2F4

DPT

APOBEC3C

CDX2

KRT86
ITGAD

WNT10B

OAS2

GRIK5

SLC6A2

HTR7

LBP

INA

ZNF500

RPL11

CNTN1

PCBP3

CARD10
LGR5

ZSCAN12
SEMA4DELAVL3

ZKSCAN3

NCDN

GIPR

PAX8

KCNJ4

FAM189B

HDGF

USP11

TUBB2B

SLC9A1

NFKB2CCPG1

MC2R
PSG7

LGALS9

ATP1B2

WDR62

BCR

PSG1

HLA-DOB

CD22

GARNL4

ADAM15
CRYBA4

GNL1

PPP3CC
CYP11A1

ADRBK1

ODF1

GRM4

COPS6

ARID4B
RHBDL1

PAXIP1

MYBPC3
SPC25

CEP135

TET3

NUDT3

CD33

SLC2A1

POU4F1

GP2

FUT7

GPA33

AQP7

PRPH

GPR35

RBBP8

ALAS2

CDK6

SLC9A3R2

IDS
B4GALT3

SPRR2CWBSCR22

LY9

DEFA3

SMYD5

KRTAP26-1

MAG

PAX9

DNAH9

YPEL1

RECQL5

AGPS

THRACOBRA1

PRRC1DDX11
NCKIPSD

RAD51L3FZR1

SLC22A24

DOK1

CDK5R1

BCL3 MTHFR
IGSF9B UNC5B

PITPNM1
CACNB1

AQP5

SAP18

ZNF157

LOC100134331

PTPRD

RP1-21O18.1

NRG2

DHRS1

TERF2

PRPF31

SCYL3

ACR

CHST3

RUNX1

IL8RB

RAGE
DGCR11

MSX1AANAT

HAUS5

EFNA3GJB5

RIMS2

ZBED1

SEMA7A

FOSL1

ACCN1 HTR4SLC30A3
AP2A2

EPAS1
EPOR

SLMO1

HTRA2 ITGA2B

ZNF592 SLC6A8
IGHMBP2

MAPKAPK2

TRAFD1

Prostate: MIC – SN(C1) Prostate: MIC – SE(C3)

IRF2BP1

PTPRS

MYOZ3

SLC16A5
RPL3L

ERGIC3

DUSP1

FAM38A GNB1

EIF3B

NAAA VSIG4TRIM28 GLT25D2

HOXD10

JUNB

C9orf114

NFATC3

ERBB2
GFAP

PTPN21ITIH4

CPNE6

REEP2ABCC8RAB14
NUDT3CRMP1

FAU ZNF76
MYL2

GCOM1

TRIM66

CHST15

TULP3
BCL2

ORC1L
CACNA1BIFRD2

POL3S

NF1

CAPN3
SMOX

RMND5B

UBE2N
CCBP2

BCL2L1

LARGE

TAF1CBX3

CCR7

GPR12 ZNF593

KCNJ6

FOXE1

PBX1
CARD10SFPQ

DTX4
SCNN1D

KIF22ZNF169

MYO9B
VCX3ASKI

C19orf29
PGAP2

CA11

MSX1

KCTD20CD40
CTSG

AKAP3

ATP11A

SERBP1
AATK

IL8

NCSTNPDE4C

DNAJA3

IRF5

TRIM3

MR1 HTR7
NFRKBHLA-DOB

OGG1

NTRK3

TUBB2B

ALOX5
SIT1

PTH

GRM4WNT11

RUNX1

SERPIND1

KCNJ4

INA

EVPL
CYP3A5

ELN

SPRR2C

AGFG2

CDR2L
LUZP1

ELAVL3

TBX5

CECR7HPGD

PTPRNGRNARPC4
AURKAHTR2A
OSGIN2

DOK1SLC6A3
USP9X

MLX
ARMC6AFAP1 RP1-21O18.1

VASH1

INPP4A

MAP3K11
MYO16ZBTB25

MAPK3

KYNU

SLC18A3
RPRD2

H6PD
BZRPL1

CD3E
PPYR1

ATP2A3

JAG1CSF1
NFIX

PARP2

LYPLA2

ARFIP2
IGFBP5

NRLLLGL2 GCK

SNUPN

NDST2

CHST3
MLANA

KDM5B

MAX

MYOG
FAM153A

IDS

EMID1

POLD2

CYP11A1
AQP5 HMX1

PHKG2
PMS2L1

SRM
DEPDC5

ITM2B
STIP1

FNTB

IFIT1

SEC14L1

CD33 MCM2

ESR2
CRX
MYBPC2RAC2

ACCN1

DDN

PISD
ATF7

ST5

PTK7

HTRA2

JMJD6

SORBS3
EPOR

CHD8
CYP2A6

EFNA3

C10orf12
NFKB1

OLFM1

CHKA

CNTN1

C19orf26

ADCYAP1

HPCAL1

SLC25A17

CLEC11A

KIR2DL4

GSTA2SLC1A7COL4A1COL4A2P4HBRPL18GAGE2ECAP2

HIST1H3E

POU6F1

GIGYF2

ADRBK1

GDI1

ZNF264

MT3

FANCL

SYNM

MYH11

MYL9

ACTG2

PTPN9ZP2 TAX1BP1 GZMMCSPG4 NADK

MTX1
CNNM2CYP3A4

SPC25

MYBPC3
LOC201229

COL1A1

NCR1

ATG4B PRPS1L1

CRCP

ALAS2

DPEP1

TFDP2

KIFC1

RREB1

KIAA0284

ST6GALNAC4

TUB

EIF2AK2

AVPR1B

CTNNBIP1

LOC145678

CLSTN3

UQCRC1

MYST1

CHRNB2

LOC91316

SIX3
STATH

IRF2

THBS1
PNMT

WNT7A

S1PR4
EIF3G

BRD2

GARNL4

ARFGEF2

RASSF9

KCNH2

NRP2

GALK1

AMMECR1

CCL22

GTF2H3
FNDC3A

GNAT1
NFATC4

LIPE
TAF5

HIPK2 MT4

TNK1

CRTC1

CCDC86

TPPP

ZMYND10

GPR18

TWF2

CCNF

TIMP3
ABCC3

TBXA2R
ARHGAP4

DCI

DNAJC9

TRPC4AP

LPCAT4LEFTY1
GAMT

FLT1

CADM4UPK2

GRINA

MFAP2
ELAVL2

SLC5A2

FURIN SMO
ANKRD12

FAM5C

DGKG

SEPT6
TOP3B

KEAP1
PPAP2C

PAX3ABL1

SLC6A8

ESR1RAB3A

C6orf120

ASGR1NCDN
LRRC23

KCTD17DUSP7
KIAA0323

COPS6KIFC3
KLF1

MAGEA5

CGB

IL10RA

TMPRSS6 ECE2
IAH1

SLC9A3R2

PCBP3
KRTAP26-1

BRCA1CAMSAP1NFKB2
OPRL1

MAGEA1

REL
CAPNS1

NOMO1

CEACAM3

RAB8A

SAR1A

psiTPTE22
TCF7L2

GTSE1

LILRA4EXOSC2

IL8RB

ENTPD2

ARSE

ATP6V1B1ZNF167
CRHR1LRRC48

PPP1R16B
DGKA

CBFA2T3

RIMS2

KLHL18

PROX1
SLC17A3

PDGFRA

CCR4

ZBED4

C16orf7

ANKRD46
KRT6A

USP6

ZNF783
NTNG1

MYO1C

CDK2

GJB3

MLL

GYPB

TYMS
HCG9

FZR1
TPMTIGHMBP2

SIM2
LGALS9

DPT

AMIGO2

RPS6KB2
PTGES

TUBGCP2GP2

MGAT3

CDK6

CROCC
SAP18 LOC652147

BTF3RHBDL1

C19orf50 SDC3

XDH

NEUROG3

FGD1OR2B6

DCBLD2

RELA

PSG1

KRT1
E2F4

MVK

COL6A2 GPA33TRIM15 F2RL3
BCAM

NCR3

CCDC69

METTL3
PRB1CYP27A1

NRTN

DUSP14

HIRIP3ANK1

MFNG

SLC4A3

IGF1R
ABCB1 MMACHC

POM121L9P

GGT5
RAD54L2ITIH3

SLC6A12BAIAP3 LYZL6
BFSP2

RNASEH2B

TNFRSF25TLX2

FCGR2A

GCKR
PFKFB2

HAUS5

IGF2

IQSEC1
PSG7

NCKIPSD
ABCB6

MYB

ITGADMYST2

AGAP8
WBSCR22ADAM15

SLC6A9

GPR35MRPL28

IGSF9B

ATG2A
SULT4A1

ZSCAN12

POU4F1

C2orf55

MTHFR

SBNO2
PPP3CC

ODF1CCHCR1RPA2HTR1B

RASGRP3
PLEC1

EPHB2

POU6F2
AHSG

CEACAM4

FLOT1

RABGGTA
SLC18A1

CAD

FEM1B

EDIL3LPAR2

MAEA

THBS3

FANCA

ALDOC SCAPER

B4GALT3
MUC1

LOC26102ABO
LY6G6C

POLR2J

LGR5ERBB3

KRT85

PRPH

RAB11FIP5
PAIP2B

UGT2B15
SLC12A4 EML3

TERT
ARHGAP6
AXIN1SEC16A

CRYBB3
PAX9TREX1

CD52

DNAJC4

DGCR11

C12orf47

TRA2A

MFAP3

CHMP7

INSL3

LRRC68PML

XPNPEP2MEGF6

C19orf21

POLG

SPN

HSF4

KHKSLC9A1

UNC5B

CYP2A13

GAD2

TNFSF12ADRA1A

C1orf144TICAM1

ITGAMRRP12

FOSL1
MVD

IFI35

TMSB4Y

SLC28A1CSTF3

OPN1SW

KLHL25

EFNA2

COX6A2

SVEP1

SLCO2A1

CCDC85B

ARHGEF12

WHAMML2

ADAMTSL2

RBP3

NTRK2

SLC16A3

CDH16

DNAL4

KATNB1

REM1

C14orf1ITGA10

GRIN2C

LALBA

GRB2

SEMA5A

LDB3

STAU1

SAMD14

RBM8A

ITGA2B

LSM7

NCR2

NTSR2

ARTN

PTGS1

DHCR7

KIR3DL3

PAMR1

SLC16A2

ABCA1

REG1BGARS

PIK3R2

SLC8A1

TGFBR2

ABTB2

GTF3A

SLC6A7

MFHAS1 LOC728849

CACNB1
ST3GAL1

IVL
AANAT GPR19

GSTM5

GNAS

MAG

SLC22A18AS

POLA2
F7

PARD3

TNPO1

COL6A1

BAT3

XRCC2

RASSF7TGOLN2

HCRTR1

ALDOB

TNKSCD72

CDH4MAPKAPK2EPAS1

GLUD2 KIAA0586RAD52

GHITM
ATF6B

TERF2

VEGFC
PCGF1
FSCN2

GPT
HAP1

TFF3

RGS9

PQBP1
YPEL1

SLMO1
MGAT1

ATP1B2
PRRC1

LSM4

ZNF592UBE3B

TGFBRAP1 RNF5
TUBGCP4

RAP1GAP

LOC100134331

SLC30A3APOBEC3C

ZKSCAN3

SLC1A4

RBBP8

MYEF2PRPF31IKBKG

GPR161

MAD1L1STK17A
PAX8

TRAFD1

CDK5R1TYR

SLC20A2

ZBTB7AKRT35GJA1

TMCC1

CIAPIN1

GRIN2ALRCH4ZNF157LBP

LOC552889

CNKSR1

SPINT3
BCL3

ACR GTF2F1TNFRSF10C

INHA

T

CCPG1
MAP2K4

LAD1

SCARB1
NRG2POU2F2

HDGFPVT1
MLH1

TROAP

RAGE
OCEL1

SEMA3A
FAM89B

COL19A1

CD22

TAZBCR
STAT2

CRYBA4
CCKAR

ACVR1B
NOC2LIGH@

NAGPA

MATR3

HOXD4

SOCS3

FAM168B

CUBN

KAT5

LOC644165

TRD@

CEBPE

GHRHR
HTR6

ZFY
KDM1

TK2

PIGC

ARR3 RFC1

CCNA2

ARVCF

POLEDCT

PAK2

GUCA2A

CCL16

SLC9A3
PLEKHM2

ZMYM3

TP53TG5

HOXC11
IGHG1

KCND3

CBARA1

BTRC

HMGA2

TRIM58

PLIN1PCTK3

ERF

NLE1

ALPPL2

NDST1

UBL3
KIAA1024

GNL1

EPR1

HSF1

ZNF500

MEN1

RB1TBX1

AIF1
SLC22A24

FAM189A2

TERF1

NRXN1

LMTK2

SMPDL3B

RECQL5

TMBIM6
PPP2R5D

ABCF2

MATN3

JAK3

DDX51

GPR3 PTGER3

PSMB8

CRHR2
FUSHSP90AB1

PIK3R1

VAPBSETD2

SIX6
MAPK8IP1

FOXN2PRKCB PYGM
E2F1ADAM20

NME6

FAM50A

OTUB1

RASSF1

KRT33A

RPL11 EWSR1

ASPHD1

IQSEC3

DDIT3PLEKHG3

KCNQ1CNTN6

GPRIN2

MRPS12

SMARCD3

ZC3H7B

ACAN

DTNA

ARHGAP26

TBC1D22A

DUS4L
SLC6A2

PLCD1

PPP1R10

PTPRD

OAS2

CDC45L

LTK

IL1RL1

SLC15A2

STK25

UBOX5

SCAMP5

SAG

FLT3LGGUCA1A

PIGR

AQP7

TNIP1

HTR4
CAPN5

USP19

CSNK1G2

TBX19 CORT

NSFL1CDOK2

VAMP5
CEP135

KRTAP5-9

FEZ1 PDPN
MELK

P2RX6

ADH1CUBXN1
D4S234E

PSMB4RAB31

CREB3

PCDH9HNF1A

EXD2
SMG6

SLC1A6

TGFB3TNP1

CDC2L5
COX10

SLNIL18RAP

GPR143VENTX

REG1A

GNB3

PITPNM1

FLJ10038

CCL19

PTPRB
CCDC94ODZ4

ITPR2

DEFA3
MLLT4

AHDC1

ADCY2
UBE2H

SLURP1STXBP1HHLA1

KRT37

PRPF6

MEF2C

GJB5

AGPS
HLF

PAFAH1B1

CASP2

FGF2

AKT3

SERPINC1

AP2A2

THRA

USP11

IL13
ARID4B
FAM189B

TCOF1

POLR2E

KRT86

MAGEA9SERPINA4

PDE3A

AQP8

FAM102A
SMYD5

HNRNPL

PRH1

SLC25A11

LRP3

GRIK5

MYT1

KRT2

ATP10B

U2AF2

IL4

TGFB1

CHIT1
CNP

RUNX2

MC2RSCYL3

FUT7

RDH16

FKBP15

PTAFR

CORO1A

ZBED1

DAPK2SEMA4D

ETV3
TM4SF5

TENC1

ATP2B2
CHRNA3

KLF11

PAXIP1WWOX
MPP2

NEUROD2

CD34

ATP6V0A2

RAD51L3

SERPINB7

DNAJC7
CBLN1

GRIP2FCER2

DDX11MED24
SV2A

GDF5
RAB40BDHRS1MAP3K14

AGPAT1

WNT10B
WDR62

DNAH9

RPH3ASLC2A1

UTP3SOX12

METTL1
ETS1

FDXR

FGF3PHF21A GPR143

RBBP8

MLANA

MLL

TBXA2R

PHF21A

ARID4B

PAXIP1

KRT2

CASP2
CPNE6

GTF2F1

GPRIN2

MYT1

STIP1
TGFB1

NSFL1CAKT3 SLC15A2COL19A1
TYMS

SCARB1

LLGL2

MGAT1

GNAT1
SLC22A18AS

C2orf55

NLE1

TM4SF5

SDC3

ATP11A

MYST2

IFI35

TERF2

PPP2R5D

CBLN1

VAPB
LEFTY1

KIAA0586

FEM1B

KRT86

ZBED1
GTF2H3

NTNG1

SAMD14

TRA2A

NCKIPSD

UBXN1

CRHR2

ADRBK1

LPCAT4

SERBP1

HIPK2

PTAFRMYO1C MYBPC2

ANKRD12

GUCA2A

LTK
MRPL28USP19

SMARCD3

CDC45L

PRPF31

NCR2

P2RX6CADM4

RBM8A

PAX9

ANK1
DGKG

VENTX
PITPNM1

KCTD17CCKAR

EWSR1

ARHGAP26

DTNA
KRT1

ADCY2

MMACHC

MVD MEF2CARSE

CCHCR1

NFKB2
KDM5B

SAGITGA2B

HOXC11

TRAFD1

SLC9A3

KIF22

CYP2A13
GJB3 SEPT6

USP9X

ABCB6
SERPIND1

VAMP5

USP11
MAP2K4

MAP3K14

FNTB
SAR1A

PTPRD

CRYBB3

SIT1

NOC2L
GRIN2A

SERPINC1

CORO1ACYP27A1

UNC5B RHBDL1
TCOF1

CHMP7CHST3ITGAM
GARNL4

GNB3

MFAP2

CHRNA3
CD52

UTP3POM121L9P

RAD51L3

RAB40B
LBP

IGSF9B

ZFY

PAIP2B

LOC652147

HLA-DOB

RELA

T

TGFB3

CSNK1G2
TREX1

MEGF6

DNAL4GRIN2C
CRMP1SFPQBCL2L1

MLLT4

GSTM5

CHIT1

ZSCAN12

ZNF169

IL8

LAD1FKBP15

LRCH4

PDE3A

LYZL6

ARVCF SKI

C12orf47

UBOX5

GRIK5
CA11HTR4 INADUSP7

HMGA2
PAFAH1B1

SLC28A1XPNPEP2
FLT3LG RDH16

TNIP1CCL16

HLFHPCAL1

UPK2

IGHG1

ZMYM3

MAGEA9

DCI

VCX3A

CD40

KCNJ4

AQP7

SLURP1 KLF1

SLC18A3
KRTAP26-1

CHRNB2

PTPN21

MAGEA1

CSTF3 MTX1

SLC25A17

ARHGAP4

EFNA3

SLC25A11

PRB1
TNFSF12

EIF3G

MFHAS1
ARMC6

SPNSEMA4D

TOP3B

ACR

CNTN1
C19orf50

KRT35

PGAP2

ADAM20

BTF3EVPLCOPS6

IL18RAP

DCBLD2TRPC4AP

PTGS1 GRINA

ELAVL2

MSX1 DNAH9

SMO

FAM38ATRIM28 ORC1LMAPK8IP1 PBX1LOC644165 HOXD4 KCNQ1 PLEKHG3RECQL5

GJA1

KHK

GAD2
RREB1

ERF COL6A1

ABL1
SRM

USP6

BAT3

CYP3A4 HIST1H3E
EPAS1

RPL11

POLR2J

FLOT1

EML3

NME6

PAMR1

POLD2

HTRA2LOC91316

CYP2A6

ERBB3

BRCA1

TFDP2

RAGE
SLC22A24

FAM189A2

CHKA

LILRA4

HCRTR1

MUC1

TENC1

EDIL3

SORBS3

POU4F1

YPEL1

LY6G6C

CRCP

ZNF593

CIAPIN1

LGR5

IDS

KIAA0284

TGOLN2FANCA

CNNM2CLSTN3

CD22

LOC201229

FANCL

MYOG

SNUPN

ALAS2

AGPAT1

FCER2

JAK3

CORT
MELK

HTR1B

DGCR11

RPS6KB2
TCF7L2

MAPKAPK2

REL

PARP2

CCR4
IRF2

KIFC1

MAEA

TMBIM6
ST6GALNAC4

MLH1

ZBTB7A

RASGRP3

GHITM

CBFA2T3

MAG
CDK2

HSP90AB1ST3GAL1 PRPS1L1SLC18A1

ENTPD2 MYO16
TUB

IGH@

TERF1 AATK

TGFBRAP1

CAMSAP1CHD8

STAT2FAM153A

TGFBR2

ZBED4

KRT33A

ALPPL2

KRT6A

DHCR7

XRCC2

ACVR1B

F2RL3

INSL3

CEP135

LRRC68
AXIN1

KDM1

HSF4

IGF2

CCL19

SLC30A3

FURIN
IQSEC1

GRIP2

PAK2

ARR3

CD33

PML

SEC16ANRTN

DCT

TBX19

IL1RL1

D4S234E

REEP2

ATP6V1B1CYP3A5

AURKA

ZMYND10

RP1-21O18.1

SLC5A2

C14orf1

TBC1D22A

PLCD1

ITPR2
ADH1C

DHRS1

SCYL3

PCDH9

SLC16A5

POU6F2THBS1
GPR12

REG1A

RNF5

REM1

TUBB2B

STAU1

TICAM1

CRTC1
CSF1

NCSTN

NEUROG3ZNF157

IFIT1

SIX6

C1orf144

POLG
ITGAD

SMG6
PMS2L1

ADRA1A

FOXE1

BFSP2 ABCC8

ARHGAP6

ATG2A

METTL3

MFNG
MYEF2

PRPH
PDPN

TPPP SULT4A1

JAG1

DPT

ZNF592
CNP

GPR35

PRRC1ASGR1

NCR3

IGHMBP2
MYO9B

EXOSC2MFAP3 NTRK3

IAH1SERPINB7

MYBPC3LYPLA2
STK17A

OSGIN2

NFRKB

CEACAM3

KRT85

SLC20A2

WWOX

RAB14

RAB8A

GPR18

PVT1

RABGGTA

PSMB4
AQP5

AGFG2
BCL3

TPMTSTXBP1

MAGEA5

AMIGO2

KYNU

UBE3B

TROAP

DEPDC5
NOMO1

TRIM15

TMCC1

IL8RB

ADCYAP1
SLC9A3R2

FSCN2FUT7

LOC552889

UGT2B15

SLMO1

PCBP3

ARTN
DNAJC4

ESR1

PTH
PTGER3

CYP11A1

CEACAM4IRF5

CCBP2ALOX5DPEP1

B4GALT3
SPC25

GP2

AGAP8

MVKRAB3A

CAPN5
EPOR

ALDOC
KIAA0323

EPHB2MTHFR
BZRPL1

OPRL1

ATP2B2

SBNO2

LPAR2

HMX1

COL6A2

MGAT3
SOX12

RGS9PPP3CC

TUBGCP2PHKG2

TBX5 SLC6A8

OR2B6

SLC6A2DNAJC7ESR2
TFF3

ZNF783STK25
H6PD

NCR1
LOC145678

TULP3

EIF2AK2

IL10RA

GIGYF2

HCG9

KRTAP5-9

DOK2

REG1B

GFAP

AANAT

CECR7 NADK

CDK5R1

COX10

RASSF7

TMPRSS6

MT3
TRIM58

FDXR

GCOM1

TWF2

SCAMP5

CARD10CNKSR1

NFKB1

MAPK3
ABCA1 MRPS12LMTK2GNAS IL4

HNRNPL

IL13PDGFRA
SETD2

CLEC11A

HPGD

GRN

ADAM15

TUBGCP4

SLC4A3

WDR62

E2F1
EMID1

DOK1

SIM2

CROCC

ATP1B2

HDGF
LRRC23

SIX3

GGT5

PRKCB
NEUROD2

PTPRN
KIFC3

HAUS5

PTGES

WBSCR22

C19orf29

OCEL1
LGALS9MAD1L1
FZR1

AP2A2

VASH1METTL1
SPINT3

IKBKG

WNT11
DDX11 RPA2

SERPINA4

GCKR

CDK6

WNT10B

HAP1

SLC12A4SAP18

SLC6A9
GNL1

ODF1

SLC1A4 ZC3H7B TYRACCN1

SLC2A1

GTSE1

SCAPER

GPA33

INPP4A

UBE2H

MYB

RAD54L2

LSM7

FCGR2A

NRG2

CAPNS1

THRA

ITIH3

SLC9A1

CCPG1

MCM2

FOSL1

XDH

ABCB1

BCR

PSG7
CRYBA4

GPR161

CRX

CDC2L5

ELAVL3

psiTPTE22

CDR2LRAP1GAP

HTR2A

ELN

MC2R
NTSR2

ECE2

FGF2

SEMA3A

TRIM3

TNFRSF25

PAX8

APOBEC3C

LOC100134331

LSM4

E2F4

TAZ

OGG1

RRP12
PRH1

PFKFB2

ATF6B

HTR7
RIMS2

ZKSCAN3

U2AF2
CD34

NCDNFGD1

GRM4

MR1

AHDC1

TNP1TLX2

ARPC4

LUZP1

PTPN9

RPH3A

PSG1RUNX2

FAM189B

RUNX1SLC6A3
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MYT1
PDGFRL WNT5A

EPS8
MLC1

FOXK2

IER2

RB1

PCNA

MRPL19

HAX1

SEPT8 COPB1

BGLAP

CYP2D6

F13A1

USP14

PTGER4

STIL

POLR2B

C2orf3

RRS1

DES

COX7B

SNRPE
AQP4

MCFD2

PSMC1
CBR1

PRIM1 ASNS
CLPS

GPA33

TNCGUK1
MUC2USP13

GIP

SUZ12
ARVCF

CPT2 JUND

RCAN1

NDUFV2

FGF13
CYP1B1

MT1P2

PKMYT1

MYB

MC1R CAMK2G

FRMPD4KLK1
HTR1E

SNRPN

MEOX2

GTF2H4

FMO2

HBEGF
ME1

GPKOW
IRS1

CDR2

CRABP2

PLP1

BTG2

HLCS
PIK3CA

RAD21

GALNS
GNL1

IL11RGN

MAN2C1FUT1

ANKRD36B

EBNA1BP2 HSPA6

ZC3H3
PCK1

MAN1A1

S100A3

STK3
AGTR2

RASA2

CLEC3B

ITGB1

COPS8

PPBPL2

PML

CTDSP2

PIGH

FOSB

SF1

SLC5A5 TSN

FCGBP

CA3

MEST

CYP4A11

CD300C

ALDOC

TAF13 PTMA

NEK4

CHRNE

KRT2

MTMR11

TAP2

DOC2A

MT1G

FDFT1

STARD3

ADRA2C

CYB561

FKBP1A

NR4A1

TNIP1

PITPNA

SFTPC

ZNF592

CTSE

TPM2

COL11A1

DPYSL3
AFAP1

ATP1B2

EDEM1
GRIA1

KIAA0226

FMO1

NELL2
UBE2A

FBN1

RUNX1

LGALS1

COL6A2

RPL28

KIF5A

GAMT

NR4A3

FN1

TSPAN8

ZAP70

RPL19

BBC3

DCT

FASLG

RPL18

COX7A1

PDGFRB
COL19A1

CD99

RNASE4
TPM1 TMEM151B

KNTC1

IGJ

NRGN
CDC5LTIMP3

THRA

TSPAN7

TGFB3

PTN

FABP5L7

PPIC

HARS

VLDLR

FUT3

COL6A1

FOLR1

ACTA2

ADAM10

TM9SF1

CYP4B1

C4A

COL6A3

CTNNB1

IGHM

ZNF135

HLA-E

GJA5

CD52

ACP5

CES1

DNMT1

C7VCAN

CKS1B

C4BPA

ADCY7

RRM1

PMCH

BMS1

GNL2

LRRC16A

HK3EPHX1

MN1

TIAL1

MEIS3P1

CXCL12

LAMA4
AGL

GRM1

LAMB1

RNASE1

TEC

KIAA0114

PAK2

LSSRAB2A

IL8RB

BCL2L2

C8A

JUNB
LAMP2

HSPA13

GTF2H1

BET1

TFPI

EMP1
ANXA3PPP6C

CHRFAM7A

ACTG2

GLRXCCL13

DNAJB1

GZMM

ELMO1

FGF2

PRKCB

PRDX6

CHAD

APOA1

GP9

PTK2B

FTH1

GUCY1A3

HSF2

GABPB1

SLC2A4

POLD2

DLGAP1

RPS27

IDS

OCM2

GDNF

CELA2B

CUGBP2

PWP2

HLA-G

FUT6

PLA2G16

FABP4

LRRC14DCHS1

H19
RPL36AL

NTRK2

OXTR

CDX1
LUM

EMP2

TNFAIP6

LTA4H

ETV5

ARHGAP5

PSMD2

TFRC

MCAM

ZNF250

CFPTALDO1

CKM
HSPA4

S100A4

ANXA1

RPS21

CD226

GPD2

HOXA1

DDX1
EFNB3MAOB

ATP6V1C1

HMGN3

CLEC2B

CHRND

ORC2L

KCNJ8

HSD11B2

SRPK3

RRM2
MPO

RDX

PSEN2

KIAA0232

LMAN2

ARHGDIG

TJP2

C21orf2

HIST1H4C
CALCRL

OMD

AGER

PDCD2

ARL4D
KRT5

SEPT5

EMG1

TRH ALOX12

RUNX2
DGCR5

SCRN1

IGFBP6

ALDH1A1PTPRM
AKAP12

FOXF1

HBB

STOM

GATA6

MAPK3

ARL6IP1

THOC1

KIAA0513

ANGPT1

CHN1

CPB2HOXB7
CD36

NMI

CSNK1G2

FPR1

ABCG1
SERPINB2

GBE1

ALDH2

GRK5

OASL EZR

KCNJ15

KCNN3

PIK3R1

ADH1C

PLIN2

CAV2

KRT4

CAT

ADARB1

EMP3

LPL

PLA2G1B

FGR

CLDN5

GPM6A

CA2

CALD1

CFD

CNN1

SPARCL1

GPC3
SFTPA1B

AGTR1

VWF

LTB

S100A9

SPOCK2

AQP1

FEZ1

TM9SF2

IL1R1

PCSK1

PPAT

SMARCA1
NT5E

CD46

TNFRSF11B

CXorf40BPZP

GSS

IL4R

NUCB2

RPS25

CDC34

FMR1

CLOCK
BMI1

PLAT

CAV1

SEMA3F

SSBP1

GBP1
SSB

PASK

TFDP2

POU6F1

SEPP1

LITAF

UBC

SELP

SERPINI1

HIST1H4E

CCR6

CNTN1

CORO2A

MYH8
LPIN1

FGFR1

MPZ

TRPC1

RUNX3

DSC3

TNNC1

ACHE
ARPC2

CYTH2
PDHX

ITGAE

CYP2A6

ENPEP

COL4A3
POU3F2TYRPPOX

MGAT3C18orf1
GYPAGNA11

PECAM1

RAC1

STATH

PCGF2

CPM

FDPS

SLC39A9

SPRR2C

DNA2

VRK2

PTPN11

COL10A1
ROR2 SQSTM1 CTSC

HLA-DPB1

LOX PTHLH
HIST2H4A

FLI1

ZNF638

PDLIM1

SCTR

CHI3L1
LYL1

SEC24CBAG1

ATP5D

SEMA3B

FGF7

TLN2

HIST1H3A

CLCN6

AP2S1

PLN

APP
EFTUD2

LBR

HERC1

HTATSF1

NUMB

PTGR1
HSPB3

ATP5J

UQCRC2

TIMM44

GCH1

RBMX

MPV17

KYNU

ELAVL4

RPP30

ABCB10

HSD17B10NUP214

TGFB1

MYOM1

SF3A1

KIF5B

SLC15A1

LOC96610

ANXA6

GALM

PCDHGA12
FAM65B

AKAP10

ATF3 MEF2A

CTBP1
ELK1

ADSS

ACSL1

RPS27A

MED21

PKN2

PSMA2

UPK1A

PNOC

ARHGAP22

ERCC2

GATA3RNASEL

AYP1p1

PTGISZFP36KRT31
MAP3K5

MCHR1

FUT4 CCNH
UBE2V2

IDUA ZCCHC11
LRRC17

H1F0

C8B

PTPN9

PBX3

GSR

SEMA4D
RXRG

E2F4

ATP2B3

ITGAL
F10

HPRT1

FBP1KTN1CACNA1DNME4

EZH2 CCL19

PTPRC

SLC9A6

TBX5ST3GAL1

OAT

PPP2R2B

CCL25

ST6GALNAC2
PPP1CC

LEP

RPLP1

DDX21

RAB5B

WEE1

KPNB1

HAS1

TWF1

GNA15

KLKB1

ACVR1

BRCA1

ABAT

CEACAM6

HNRNPC

CASP7RHEB CTSD
SPTBN1

SAT1
ADRB2

PSMA6

TFPI2

TNNT2

CD1C

GLI3

FST

PRPH

EBP

DEFB1

CYP2J2

GALK1

CDS1

SLPI

HBA2

ALDH3B1

S100A8

NR5A1

EDN2

CPA3
ABCA3

P2RY14

ETF1

RARRES2

ANXA8L2

FCGR3B

NP
C1QB

TAGLN
APBB2

WARS
PDXK

SERPINB6 CYBB
GNG11

GAL3ST1

POSTN
IL15

SIRPD

HMOX1

PGC

EIF2S1

ELN

HOXB5

ATP2B1
TBX2CTSKIQGAP1

CNN3

PEBP1

FAM189A2
NAP1L1

POLG

SPARC

EIF5A

AADAC

UGP2

CST6CCL15

TNXB

RBP4

MRC1

MYH11

OXA1L

XRCC6

COMT

MALL

ARHGEF6

SERPINA1

IGLL1

RDBP

NDUFB7

CD22
IL10RASEPT6FRZB

PPP3CB

HCLS1

MMRN1

RASGRF1

LCP1

GFER

CR2

DLG1

UGT2B4

STXBP2ITK

SEPT7

GABRA3

CTBS

FGF4

CD79B

KRT7

ACOT2

EFNB1

CSTA

AOC3

G6PD

NKG7

NR2F6MYL9
SRPX

CUL7

EDNRB

FHL1

PSMD7

FGF8

SPRR2E

GCNT2
CRYGD

TUBGCP3

ITGA5

FGFBP1

FPR2

PTGDS

CD48

BTN3A2

PCOLCE

VCAM1

PEPD

MAP4K1
NEUROG1IL13RA2

CLCN5
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