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Abstract

Background: Assigning every human gene to specific functions, diseases, and traits is a grand challenge in
modern genetics. Key to addressing this challenge are computational methods such as supervised-learning
and label-propagation that can leverage molecular interaction networks to predict gene attributes. In spite of
being a popular machine learning technique across fields, supervised-learning has been applied only in a few
network-based studies for predicting pathway-, phenotype-, or disease-associated genes. It is unknown how
supervised-learning broadly performs across different networks and diverse gene classification tasks, and how
it compares to label-propagation, the widely-benchmarked canonical approach for this problem.

Results: In this study, we present a comprehensive benchmarking of supervised-learning for network-based
gene classification, evaluating this approach and a state-of-the-art label-propagation technique on hundreds of
diverse prediction tasks and multiple networks using stringent evaluation schemes. We demonstrate that
supervised-learning on a gene’s full network connectivity outperforms label-propagation and achieves high
prediction accuracy by efficiently capturing local network properties, rivaling label-propagation’s appeal for
naturally using network topology. We further show that supervised-learning on the full network is also superior
to learning on node-embeddings (derived using node2vec), an increasingly popular approach for concisely
representing network connectivity.

Conclusion: These results show that supervised-learning is an accurate approach for prioritizing genes
associated with diverse functions, diseases, and traits and should be considered a staple of network-based
gene classification workflows. The datasets and the code used to reproduce the results and add new gene
classification methods have been made freely available.
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Introduction

In the post-genomic era, a grand challenge is to characterize every gene across the genome in terms of the
cellular pathways they participate in, and which multifactorial traits and diseases they are associated with.
Computationally predicting the association of genes to pathways, traits, or diseases — the task termed here as
“gene classification” — has been critical to this quest, helping prioritize candidates for experimental verification
and for shedding light on poorly characterized genes [1-7]. Key to the success of these methods has been the
steady accumulation of large amounts of publicly available data collections such as curated databases of
genes and their various attributes [8—18], controlled vocabularies of biological terms organized into ontologies
[19-22], high-throughput functional genomic assays [23—-25], and molecular interaction networks [26—30].

While protein sequence and 3D structure are remarkably informative about the corresponding gene’s
molecular function [3,7,31-33], the pathways or phenotypes that a gene might participate in significantly
depends on the other genes that it works with in a context dependent manner.. Molecular interaction networks
— graphs with genes or proteins as nodes and their physical or functional relationships as edges — are powerful
models for capturing the functional neighborhood of genes on a whole-genome scale [34—-36]. These networks
are often constructed by aggregating multiple sources of information about gene interactions in a
context-specific manner [29,37]. Therefore, unsurprisingly, several studies have taken advantage of these
graphs to perform network-based gene classification [38—43].

The canonical principle of network-based gene classification is “guilt-by-association”, the notion that
proteins/genes that are strongly connected to each other in the network are likely to perform the same
functions, and hence, participate in similar higher-level attributes such as phenotypes and diseases [44].
Instead of just aggregating “local” information from direct neighbors [45], this principle is better realized by
propagating pathway or disease labels across the network to capture “global” patterns, achieving
state-of-the-art results [34-36,38-41,46-56]. These global approaches belong to a class of methods referred
to here as “label propagation.” Distinct from label propagation is another class of methods for gene
classification that relies on the idea that network patterns characteristic of genes associated with a specific
phenotype or pathway can be captured using supervised machine learning [29,42,43,57-59]. While this class
of methods — referred to here as “supervised learning” — has yielded promising results in a number of
applications, how it broadly performs across different types of networks and diverse gene classification tasks is
unknown. Consequently, supervised learning is used far less compared to label propagation for network-based
gene classification.

The goal of this study is to perform a comprehensive, systematic benchmarking of supervised learning (SL) for
network-based gene classification across a number of genome-wide molecular networks and hundreds of
diverse prediction tasks using meaningful evaluation schemes. Within this rigorous framework, we compare
supervised learning to a widely-used, state-of-the-art label propagation (LP) technique, testing both the original
(adjacency matrix A) and a diffusion-based representation of the network (influence matrix I; Fig. 1). This
combination results in four methods (listed with their earliest known references): label-propagation on the
adjacency matrix (LP-A) [45], label-propagation on the influence matrix (LP-I) [52], supervised-learning on the
adjacency matrix (SL-A) [58], and supervised-learning on the influence matrix (SL-1) [57]. Additionally, we
evaluate the performance of supervised learning using node embeddings as features, as the use of node
embeddings is burgeoning in network biology.
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Our results demonstrate that SL outperforms LP for gene-function, gene-disease, and gene-trait prediction. We
also observe that SL captures local network properties as efficiently as LP, where both methods achieve more
accurate predictions for genesets that are more tightly clustered in the network. Lastly, we show that SL using
the full network connectivity is superior to using low-dimensional node embeddings as the features, which, in
turn, is competitive to LP.
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Fig. 1. Workflow for gene classification pipeline. Four methods are compared: supervised learning on the adjacency
matrix (SL-A), supervised learning on the influence matrix (SL-I), label propagation on the adjacency matrix (LP-A), and
label propagation on the influence matrix (LP-1). Model performance on a variety of gene classification tasks is evaluated
over a number of different molecular networks, validation schemes, and evaluation metrics. Additionally, the performance
of supervised learning using node embeddings as features (SL-E) is evaluated (not shown in this figure).

Methods and Data

Networks

We chose a diverse set of undirected, human gene/protein networks based on criteria laid out in [30] (Fig. 1):
1) networks constructed using high- or low-throughput data, 2) the type of interactions the network was
constructed from, and 3) if annotations were directly incorporated in constructing the network. We used
versions of the networks that were released prior to 2017 so as not to bias the temporal holdout evaluations.
We used all edge scores (weights) unless otherwise noted, and the nodes in all networks were mapped into
Entrez genes using the MyGene.info database [16,17]. If the original node ID mapped to multiple Entrez IDs,
we added edges between all possible mappings. The networks used in this study are BioGRID [28], the full
STRING network [26] as well as the subset with just experimental support (referred to as STRING-EXP in this
study), InBioMap [27], and the tissue-naive network from GIANT [29], referred to as GIANT-TN in this study.


https://www.zotero.org/google-docs/?uWfLfZ
https://www.zotero.org/google-docs/?oJvl2F
https://www.zotero.org/google-docs/?iy0Vhy
https://www.zotero.org/google-docs/?f5tXEk
https://www.zotero.org/google-docs/?YWA7zX
https://www.zotero.org/google-docs/?48lhw3
https://doi.org/10.1101/721423
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/721423; this version posted August 5, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

These networks cover a wide size range, with the number of nodes ranging from 14,089 to 25,689 and the
number of edges ranging from 141,629 to 38,904,929. More information on the networks can be found in the
Supplemental Material (Section 1.1).

Network Representations

We considered three distinct representations of molecular networks: the adjacency matrix, an influence matrix,
and low-dimensional node embeddings. Let G=(V, E, W) denote an undirected molecular network, where
is the set of vertices (genes), E is the set of edges (associations between genes), and W is the set of edge
weights (the strengths of the associations). G can be represented as a weighted adjacency matrix 4,; =W, ,
where 4 € R"M"! G can also be represented as an influence matrix, £ € R"""! which can capture both
local and global structure of the network. F was obtained using a random walk with restart transformation
kernel [41],
F=a[l-(1-a)W,]" (eqn. 1)

where, o is the restart parameter, 7 is the identity matrix, and W, is the degree weighted adjacency matrix
given by W, =4D"', where D € R"""| is a diagonal matrix of node degrees. A restart parameter of 0.85 was

used for every network in this study.

G can also be transformed into a low-dimensional representation through the process of node embedding. In
this study we used the nodeZ2vec algorithm [60], which borrows ideas from the word2vec algorithm [61,62] from
natural language processing. The objective of node2vec is to find a low-dimensional representation of the
adjacency matrix, £ € R where d << [V'|. This is done by optimizing the following log-probability objective
function:

mfax Y, logPr(Ng(u)le(u)) (eqgn. 2)

=4

where N (u)is the network neighborhood of node u generated through a sampling strategy S, and e(u) € R?
is the feature vector of node u. In node2vec, the sampling strategy is based on random walks that are
controlled using two parameters p and ¢, in which a high value of ¢ keeps the walk local (a breadth-first
search), and a high value of p encourages outward exploration (a depth-first search). The values of p and q
were both set to 0.1 for every network in this study.

Prediction methods

We compared the prediction performance across four specific methods across two classes, label-propagation
(LP) and supervised-learning (SL).

Label Propagation

LP methods are the most widely used methods in network-based gene classification and achieve
state-of-the-art results [39,48]. In this study, we considered two LP methods, label propagation on the
adjacency matrix (LP-A) and label propagation on the influence matrix (LP-I). First, we constructed a binary
vector of ground-truth labels, x € R"M where x;=1if gene i is a positively labeled gene in the training set,
and 0 otherwise. In LP-A, we constructed a score vector, S € R"!, denoting the predictions,

S =Ax (eqgn. 3)
where A4 is the adjacency matrix. Thus, the predicted score for a gene using LP-A is equal to the sum of the
weights of the edges between the gene and its direct, positively labeled network neighbors. In LP-I, the score
vector, S, is generated using eqn. 3, except 4 is by replaced by F, the influence matrix (egn. 1). In both LP-A
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and LP-I, only positive examples in the training set are used to calculate the score vector S, but both positive
and negative examples in the test set are later used for evaluation.

Supervised Learning

Supervised-learning (SL) can be used for network-based gene classification by using each gene’s network
neighborhoods as feature vectors, along with gene labels, in a classification algorithm. Here, we used logistic
regression with L2 regularization as the SL classification algorithm, which is a linear model that aims to
minimize the following cost function [63]:

min %WTW +C i log (exp (*yi (Xl.Tw + c)) + 1) (eqn. 4)
wie i=1

where w € R" is the vector of weights for a model with m features, C determines the regularization strength,
n the number of samples, yis the ground-truth label, X € R"" is the data matrix, and ¢ is the intercept. After
training a model using the labeled genes in the training set, the learned model weights are used to classify the
genes in the testing set, returning a prediction probability for these genes that is bounded between 0 and 1.
The regularization parameter, C, was set to 1.0 for all models in this study.

In this study, three different network-based gene-level feature vectors were used to train three different SL
classifiers: the rows of the adjacency matrix (SL-A), the rows of the influence matrix (SL-1), and the rows of the
node embedding matrix (SL-E). Model selection and hyperparameter tuning are described in detail in the
Supplemental Material (Section 1.2).

Geneset-collections

We curated a number of geneset-collections to test predictions on a diverse set of tasks: function, disease, and
trait (Fig. 1). Function prediction was defined as predicting genes associated with biological processes that are
part of the Gene Ontology (referred to here as “GOBP”) [19,20] obtained from MyGene.info [16,17] and
pathways from the Kyoto Encyclopedia of Genes and Genomes [10-12], referred to "KEGGBP” since
disease-related pathways were removed from the original KEGG annotations in the Molecular Signatures
Database [8,9]. Disease prediction was defined based on predicting genes associated with diseases in the
DisGeNET database [13,14]. Annotations from this database were divided into two separate
geneset-collections: those that were manually-curated (referred to as “DisGeNet” in this study) and those
derived using the BeFree text-mining tool (referred to as “BeFree” in this study). Trait prediction was defined as
predicting genes linked to human traits from Genome-wide Association Studies (GWAS), curated from a
community challenge [64], and mammalian phenotypes (annotated to human genes) from the Mouse Gene
Informatics (MGI) database [15].

Each of these six geneset-collections contained anywhere from about a hundred to tens of thousands of
genesets that varied widely in specificity and redundancy. Therefore, each collection was preprocessed to
ensure that the final set of prediction tasks from each source are specific, largely non-overlapping, and not
driven by multi-attribute genes. First, if genesets in a collection corresponded to terms in an ontology (e.g.
biological processes in the GOBP collection), annotations were propagated along the ontology structure to
obtain a complete set of annotations for all genesets. Second, we removed genesets if the number of genes
annotated to the geneset was above a certain threshold and then compared these genesets to each other in
order to remove genesets that were highly-overlapping with other genesets in the collection, resulting in a set
of specific, non-redundant genesets. Finally, individual genes that appeared in more than 10 of the remaining
genesets in a collection were removed from all the genesets in that collection to remove multi-attribute (e.g.
multi-functional) genes that are potentially easy to predict [65]. Detailed information on geneset pre-processing
and geneset attributes can be found in the Supplemental Material (Section 1.3, Table S2, and Fig. S3).
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Selecting positive and negative examples: In each geneset collection, for a given geneset, genes annotated to
that set were designated as the set of positive examples. The SL methods additionally required a set of
negative genes for each given geneset for training; both SL and LP methods require a set of negative genes
for each geneset for testing. A set of negative genes was generated by: a) finding the union of all genes
annotated to all genesets in the collection, b) removing genes annotated to the given geneset, and c) removing
genes annotated to any geneset in the collection which significantly overlapped with the given geneset (p-value
< 0.05 based on the one-sided Fisher’s exact test).

Validation schemes

We performed extensive and rigorous evaluations based on three validation schemes: temporal holdout,
study-bias holdout, and 5-fold cross validation (5FCV). In temporal holdout, within a geneset-collection, genes
that only had an annotation to any geneset in the collection after Jan 1st, 2017 were considered test genes,
and all other genes were considered training genes. Temporal holdout is the most stringent evaluation scheme
for gene classification since it mimics the practical scenario of using current knowledge to predict the future
and is the preferred evaluation method used in the CAFA challenges [3,7]. Since Gene Ontology was the only
source with clear date-stamps for all its annotations, temporal holdout was applied only to the GOBP
geneset-collection. For study-bias holdout, genes were ranked by the number of PubMed articles they were
mentioned in, obtained from [66]. The top two-thirds of the most-mentioned genes were considered training
genes, and the rest of the least-mentioned genes were used for testing. Study-bias holdout mimics the
real-world situation of learning from well-characterized genes to predict novel un(der)-characterized genes.
The last validation scheme is the traditional 5-fold cross validation, where the genes are split into 5 equal folds
in a stratified manner (i.e. in each split, the proportion of genes in the positive and negative classes is
preserved). In all these schemes, only genesets with at least 10 positive genes in both the training and test
sets were considered. More information on the validation schemes is available in the Supplemental Material
(Section 1.4).

Evaluation Metrics

In this study, we considered three evaluation metrics: the area under the precision-recall curve (auPRC), the
precision of the top K ranked predictions (P@TopK), and, for completeness, the area under the
receiver-operator curve (auROC). For P@TopK, we set K equal to the number of ground truth positives in the
testing set. Since the standard auPRC and P@TopK scores are influenced by the prior probability of finding a
positive example (equal to the proportion of positives to the total of positives and negatives), we expressed
both metrics as the logarithm (base 2) of the ratio of the original metric to the prior. More details on the
evaluation metrics can be found in the Supplemental Material (Section 1.5).

Results

We systematically compare the performance of four gene classification methods (Fig. 1): supervised learning
on the adjacency matrix (SL-A), supervised learning on the influence matrix (SL-1), label propagation on the
adjacency matrix (LP-A), and label propagation on the influence matrix (LP-1). We choose six
geneset-collections that represent three prominent gene-classification tasks: gene-function (GOBP, KEGGBP),
gene-disease (DisGeNet, BeFree), and gene-trait (GWAS, MGI) prediction. We use three different validation
schemes: temporal holdout (train on genes annotated before 2017 and test on genes annotated in 2017 or
later; only done for GOBP as it has clear timestamps), holdout based on study-bias (train on well-studied
genes and predict on less-studied genes), and the traditional 5-fold cross validation (5FCV). Temporal holdout
and study-bias holdout validation schemes are presented in the main text as they are more stringent and
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reflective of real-world tasks as compared to 5FCV [67]. To ascertain the robustness of the relative
performance of the methods to the underlying network, we choose five different genome-scale molecular
networks that differ in their content and construction. To be in concert with temporal holdout evaluation and
curtail data leakage, all the networks used throughout this study are the latest versions released before 2017.
We present evaluation results based on the area under the precision-recall curve (auPRC) in the main text and
results based on the precision at top-k (P@topK) and the area under the ROC curve (auROC) in the
Supplemental Material (Figs. S4-S8). We note that the 5FCV, P@topK, and auROC results in the

Supplemental Material are, for the most part, consistent with the results presented in the main text of this
study.
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Fig. 2. Average rank across the four methods. Each point in each boxplot represents the average rank for a
geneset-collection—network combination, obtained based on ranking the four methods in terms of performance for each
geneset in a geneset-collection using the standard competition ranking. (A) Functional prediction tasks using GOBP
temporal holdout, (B) Functional prediction tasks using study-bias holdout for GOBP and KEGGBP, and (C) Disease and
trait prediction tasks using study-bias holdout for DisGeNet, BeFree, GWAS, and MGI. The results are shown for auPRC
where different colors represent different networks and different marker styles represent the different geneset-collections.
SL methods outperform LP methods for all prediction tasks.
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Ouir first analysis was to directly compare all four prediction methods against each other for each geneset in a
given collection. For each geneset-collection—network combination, we rank the four methods per geneset
(based on auPRC) using the standard competition ranking and calculate each method’s average rank across
all the genesets in the collection (Fig. 2). For function prediction, SL-A is the top-performing method by a wide
margin (particularly clear based on GOBP temporal holdout), with SL-I being the second best method. For
disease and trait prediction, SL-A and SL-I still outperform LP-I, but to a lesser extent. In all cases, LP-A is the
worst performing method. The large performance difference between the SL and LP methods in the GOBP
temporal holdout validation is noteworthy since temporal holdout is the most stringent validation scheme and
the one employed in community challenges such as CAFA [3,7].

Example 1: SL methods > LP methods for majority of genesets and

A) no method is statistically significantly better than both methods in the
other class.
LP-| Example 2: LP-| is statistically significantly better than both

SL methods, whereas LP-A is not.

- Example 3: Both SL methods (SL-A and SL-I) are statistically
significantly better than both LP methods (LP-I and LP-A).
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Fig. 3. Testing for a statistically significant difference between SL and LP methods. A) A key on interpreting the
analysis. For each network-geneset combination, each method is compared to the two methods from the other class (i.e.
SL-A vs LP-l, SL-A vs LP-A, SL-I vs LP-l, SL-I vs LP-A). If a method was found to be significantly better than both
methods from the other class (Wilcoxon ranked-sum test with an FDR threshold of 0.05), the cell is annotated with that
method. If both models in that class were found to be significantly better than the two methods in the other class, the cell
is annotated in bold with just the class. The color scale represents the fraction of genesets that were higher for the SL
methods across all four comparisons. The first column uses GOBP temporal holdout, whereas the remaining 6 columns
use study-bias holdout. B) SL methods show a statistically significant improvement over LP methods, especially for
function prediction.

Following the observation that SL methods outperform LP methods based on relative ranking, we use a
non-parametric paired test (Wicoxon signed-rank test) to statistically assess the difference between specific
pairs of methods (Fig. 3A). For each geneset-collection—network combination, we compare the two methods in
one class to the two methods in the other class (i.e. we compare SL-A to LP-A, SL-A to LP-I, SL-I to LP-A, and
SL-I to LP-I). Each comparison yields a p-value along with the number of genesets in the collection where one
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method outperforms the other. After correcting the four p-values for multiple hypothesis testing [68], if a
method from one class outperforms both methods from the other class independently (in terms of the number
winning genesets), and if both (corrected) p-values are <0.05, we consider a method to have significantly
better performance compared to the entire other class. Additionally, we track the percentage of times the SL
methods outperform the LP methods across all four comparisons within a geneset-collection—network
combination.

The results show that, for function prediction, SL is almost always significantly better than LP when considering
auPRC (Fig. 3B). Based on temporal holdout on GOBP, both SL-A and SL-I are always significantly better than
both LP methods. Based on study-bias holdout, in the 10 function prediction geneset-collections—network
combinations using GOBP and KEGGBP, SL-A is a significantly better method 8 times (80%) and SL-l is a
significantly better method 6 times (60%). Neither LP-I nor LP-A ever significantly outperform the SL models.
The performance of SL and LP are more comparable for disease and trait prediction, but SL methods still
perform better in a larger fraction of genesets. For the 20 disease and trait geneset-collection—network
combinations, SL-I is a significantly better method 8 times (40%), and SL-A is a significantly better method 6
times (30%), LP-I is a significantly better method once (5%), and LP-A is never a significantly better method.

To visually inspect not only the relative performance of all four methods, but to also see how well the models
are performing in an absolute sense, we examined the boxplots of the auPRC values for every
geneset-collection—network combination (Fig. 4). The first notable observation is that, regardless of the
method, function prediction tasks have much better performance results than disease/trait prediction tasks
(Fig. 4B). Based on temporal holdout for function prediction (GOBPtmp), SL-A is the top-performing model
based on the highest median performance for every network. Additionally, for all networks except
STRING-EXP, SL-I is the second best performing model. For the 10 combinations of five networks with GOBP
and KEGGBP, the top method based on the highest median performance is an SL method all but once, with
SL-A being the top model 7 times (70%), SL-I being the top model 2 times (20%, GOBP and KEGGBP on
GIANT-TN), and LP-A being the top model once (10%, KEGGBP on STRING-EXP). As noted earlier, for
disease and trait prediction, SL and LP methods have more comparable performance. Of the 20
geneset-collection—network combinations, each of SL-A, SL-I, LP-l, and LP-A is the top method based on
median performance 5 (25%), 10 (50%), 4 (20%), and 1 (5%) times, respectively.

Among the two classes of network-based models — SL and LP — it is intuitively clear how LP directly uses
network connections to propagate information from the positively-labeled nodes to other nodes close in the
network. On the other hand, while SL is an accurate method for gene classification, it has not been studied if
SL’s performance is tied to any traditional notion of network connectivity. To shed light on this problem, we
investigated the performance of SL-A and LP-I as a function of three different properties of individual genesets
in a collection: the number of annotated genes, edge density (a measure of how tightly connected the geneset
is within itself), and segregation (a measure of how isolated the geneset is from the rest of the network). While
the performance of neither SL-A nor LP-I has a strong association with the size of the geneset, the
performance of SL-A has a strong positive correlation with both edge density and segregation of the geneset,
similar to what is seen for LP-I (Fig. 5). For visual clarity, Fig. 5 presents results for just the STRING network,
but very similar results are seen in the other networks as well (Fig. S9). Detailed information on how the
geneset and network properties are calculated can be found in the Supplemental Material (Section 1.3).
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Fig. 4. Boxplots for performance across all geneset-collection—network combinations. A)The performance for each
individual geneset-collection—network combination is compared across the four methods; SL-A (red), SL-I (light red), LP-I
(blue), and LP-A (light blue). The methods are ranked by median value with the highest scoring method on the left.
Results show SL methods outperform LP methods, especially for function prediction. B) Each point in the plot is the
median value from one of the boxplots in A. This shows that both SL and LP methods perform better for function
prediction compared to disease/trait prediction.
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Fig 5. Performance vs Network/Geneset properties. SL-A (A-C) is able to capture network information as efficiently as
LP-I (D-F), for the STRING network. There is no correlation between the number of genes in the geneset versus
performance (A,D), but there is a strong correlation between the performance and the edge density (B,E) as well as
segregation (C,F). The different colored dots represent function genesets (red, GOBP and KEGGBP), disease genesets
(blue, DIGenet and BeFree), and trait genesets (black, GWAS and MGI). The vertical line is the 95% confidence interval.
Similar trends can be seen for the other networks (Fig. S9).

Finally, since machine learning on node embeddings is gaining popularity for network-based node
classification, we compare the top SL and LP methods tested here to this approach. Specifically, we compare
LP-I and SL-A to an SL method using embeddings (SL-E) obtained from the nodeZ2vec algorithm [60] (Fig. 6).
For function prediction, we observe that SL-E substantially outperforms LP-I. For GOBP temporal holdout,
SL-E is always significantly better than LP-l. For the GOBP and KEGGBP study-bias holdout, out of the 10
geneset-collection—network combinations, SL-E is significantly better than LP-I 5 times (50%), whereas the
converse is true only once (10%). These patterns nearly reverse for the 20 disease/trait prediction tasks, with
LP-I performing significantly better than SL-E 6 times (30%), and SL-E significantly outperforming LP-I 3 times
(15%). The comparison between SL-E and SL-A showed that SL-A demonstrably outperforms SL-E for both
function and disease/trait prediction tasks. Among the 30 geneset-collection—network combinations, SL-A is a
significantly better model 20 times (67%), whereas SL-E comes out on top just once (3%). This shows that
although methods that use node embeddings are a promising avenue of research, they should be compared to
the strong baseline of SL-A when possible.

11


https://www.zotero.org/google-docs/?sfl2vu
https://doi.org/10.1101/721423
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/721423; this version posted August 5, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

A) Wilcoxon test SL-E vs LP-I
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B) Wilcoxon test SL-E vs SL-A
BioGRID - X X X
STRING-EXP- X X X
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Percentage of times SL-E outperforms the other method

Fig 6. Performance of SL-E vs LP-l and SL-A. We compare the performance of supervised learning on the embedding
matrix (SL-E) vs LP-l and SL-A using a Wilcoxon ranked-sum test. The performance metric is auPRC, the color scale
represents the fraction of terms that were higher for the SL-E model (with purple being SL-E had a higher fraction of better
performing genesets compared to either LP-I or SL-A) and an “x” signifies that the p-value from the Wilcoxon test was
below 0.05. A) Shows that SL-E is quite competitive with the current state-of-the-art method of LP-I and B) shows that
SL-A outperforms SL-E in a majority of cases.

Discussion

We have conducted the first comprehensive benchmarking of supervised-learning that establishes it as a
leading approach for network-based gene classification. Further, to the best of our knowledge, neither the
studies that propose new methods nor those that systematically compare existing approaches have directly
compared the two classes of methods — supervised-learning and label-propagation — against each other. Our
work, provides this systematic comparison and shows that supervised-learning (SL) methods demonstrably
outperform label-propagation (LP) methods for network-based gene classification, particularly for function
prediction.

Both SL and LP methods are, in general, more accurate for function prediction than disease and trait
prediction. This trend is likely due to the fact that molecular interaction networks are primarily intended, either
through curation or reconstruction, to reflect biological relationships between genes/proteins as they pertain to
‘normal’ cellular function. The utility of network connectivity to gene-disease or gene-trait prediction is
incidental to the information the network holds about gene-function associations. This notion is supported by
the observation that genesets related to function genesets are more tightly-clustered than disease and trait
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genesets in the genome-wide molecular networks used in this study (Fig. S3). Further analysis of prediction
accuracy of genesets as a function of their network connectivity lends credence to the use of network structure
by SL (Fig. 5 and Fig. S9). Part of LP’s appeal, widespread use, and development is this natural use of
network topology to predict gene properties by diffusing information from characterized genes to
uncharacterized genes in their network vicinity. Therefore, we expect that genes associated with
tightly-clustered pathways, traits, or diseases will be easier to predict using LP, which is observed in our
analysis (Fig. 5 and Fig. S9). On the other hand, since SL (based on the full network) is designed to use global
gene connectivity, it has been unclear if there is any association between the local clustering of genesets and
their prediction performance using SL. Here we show that the performance of SL, across networks and types
of prediction tasks, is highly correlated with local network clustering of the genes of interest (Fig. 5 and Fig.
S9). This result substantiates SL as an approach that can accurately predict gene attributes by taking
advantage of local network connectivity.

While being accurate, training a supervised-learning model on the adjacency matrix (SL-A) can take some
computational time and resources as the size of the molecular network increases, thus considerably differing in
speed for, say, STRING-EXP (14,089 nodes and 141,629 unweighted edges) and GIANT-TN (25,689 nodes
and 38,904,929 weighted edges). Worthy of note in this context is the recent excitement in deriving node
embeddings for each node in a network, concisely encoding its connectivity to all other nodes, and using them
as features in SL algorithms for node classification [60,69-74]. Although we show that SL-A markedly
outperforms supervised-learning on the embedding matrix (SL-E; Fig. 6), the unique characteristics of SL-E
methods call for further exploration. For instance, the greatly reduced number of features allows SL-E methods
to be more readily applicable to classifiers more complex than logistic regression, such as deep neural
networks (DNNs), which are typically ill-suited for problems where the number of features is much greater than
the number of training examples. Further, since the reduced number of features allow SL-E methods to be
trained orders of magnitude faster than SL-A or supervised-learning on the influence matrix (SL-1), they can be
easily incorporated into ensemble learning models, which combine the results from many shallow learning
algorithms. Akin to LP [38,75,76], node embeddings also offer a convenient route to incorporating multiple
networks into SL approaches. While methods such as SL-I and SL-A may require concatenating the original
networks or integrating them into a single network before learning, recent work has shown that SL-E-based
methods can embed information from multiple molecular/heterogeneous networks and learn gene classifiers in
tandem [77-85]. However, none of these studies have compared the variety of SL-E methods to learning
directly on the adjacency matrix. Given our finding here that SL-A greatly outperforms SL-E for function,
disease and trait prediction, we advice and urge that every new SL-E methods should be compared to SL-A for
network-based gene classification.

In past work, SL methods for gene classification have mostly relied on hand-crafting features from
graph-theory metrics, such as degree and centrality measures, or combining metrics to expand the feature set,
resulting in a feature set size of ~30 or less [86,87]. We do not include a comparison to these types of methods
in this study because predicting genes to functions or diseases based on generic network metrics such as high
degree does not capture anything unique about specific functions or diseases. On the other hand, SL models
with individual genes as features contain information biologically relevant to the specific prediction task [88,89].

Critical to all these conclusions is the rigorous preparation of diverse, specific prediction tasks and the choice
of meaningful validation schemes and evaluation metrics. Temporal holdout and study-bias holdout validations
help faithfully capture the performance of the computational methods when a researcher uses them to prioritize
novel uncharacterized genes in existing molecular networks for experimental validation based on a handful of
currently known genes. Although we provide all the results for the auROC metric in Supplemental Materials for
completion (Figs. S4, S5, and S8), we base our conclusions on metrics driven by precision: auPRC and
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P@topK. While auROC is still commonly used in genomics, it is ill-suited to most biological prediction tasks
including gene classification since they are highly imbalanced problems, with negative examples far
outnumbering positive examples [90]. Optimizing for precision-based metrics, on the other hand, helps control
for false-positives among the top candidates [91], thus making them pertinent to computational gene
classification as a viable way of providing a list of candidate genes for further study. Accompanying the results
in this manuscript, we are providing our comprehensive evaluation framework in the form of data — networks,
prediction tasks, and evaluation splits — on Zenodo and the underlying code on Github to enable other
researchers to not only reproduce our results but also to add new network-based gene classification methods
for comparison. Together, the data and the code provides the community a systematic framework to conduct
gene classification benchmarking studies. See “Availability of data and materials” for more information.

In conclusion, we have established that supervised-learning outperforms label-propagation for network-based
gene classification across networks and prediction tasks (functions, diseases, and traits). We show that
supervised-learning, in which every gene is its own feature, is able to capture network information just as well
as label-propagation. Finally, we show that supervised-learning on the adjacency matrix demonstrably
outperforms supervised-learning using node embeddings, and thus we strongly recommend that future work on
using node embeddings for gene classification draws a comparison to using supervised-learning on the
adjacency matrix.

Additional files

Additional file 1: We provide supplemental material that contains detailed descriptions of the: molecular
networks (Section 1.1), model selection and hyperparameter tuning (Section 1.2), processing steps and
properties of the geneset-collections (Section 1.3), validation schemes (Section 1.4), evaluation metrics
(Section 1.5), and results using P@topK, auROC, and 5FCV (Section 2).

Acknowledgements

We are grateful to Daniel Marbach for making the GWAS data available. We thank members of the Krishnan
Lab for valuable discussions and feedback on the manuscript.

Author Contributions

AK, RL, and CAM conceived and designed the experiments; RL and CAM performed the experiments; RL,
CAM, AY, KAJ, and AK processed the networks and geneset collections, and analyzed the data. RL, CAM,
and AK wrote the manuscript. All authors read, edited, and approved the final manuscript.

Funding

This work was primarily supported by US National Institutes of Health (NIH) grants R35 GM128765 to AK, and
supported in part by MSU start-up funds to AK and MSU Engineering Distinguished Fellowship to AY.

Availability of data and materials

The data used in this study, including the geneset-collections and networks, are freely available on Zenodo at
https://zenodo.org/record/3352348. We note that KEGG and InBioMap data are available only from the original
sources due to restrictive licences. A GitHub repository, GenePlexus, that contains code to reproduce the
results in this study as well as add new gene classification methodsy is available at
https://github.com/krishnanlab/GenePlexus.

14


https://www.zotero.org/google-docs/?9ZU6we
https://www.zotero.org/google-docs/?VyyesI
https://zenodo.org/record/3352348
https://github.com/krishnanlab/GenePlexus
https://doi.org/10.1101/721423
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/721423; this version posted August 5, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

References

1. Sharan R, Ulitsky I, Shamir R. Network-based prediction of protein function. Mol Syst Biol. 2007;3:88.

2. Pefa-Castillo L, Tasan M, Myers CL, Lee H, Joshi T, Zhang C, et al. A critical assessment of Mus
musculusgene function prediction using integrated genomic evidence. Genome Biol. 2008;9:S2.

3. Radivojac P, Clark WT, Oron TR, Schnoes AM, Wittkop T, Sokolov A, et al. A large-scale evaluation of
computational protein function prediction. Nat Methods. 2013;10:221-7.

4. Bernardes JS, Pedreira CE. A review of protein function prediction under machine learning perspective.
Recent Pat Biotechnol. 2013;7:122—-41.

5. Piro RM, Cunto FD. Computational approaches to disease-gene prediction: rationale, classification and
successes. FEBS J. 2012;279:678-96.

6. Yang J, Lee SH, Goddard ME, Visscher PM. GCTA: A Tool for Genome-wide Complex Trait Analysis. Am J
Hum Genet. 2011;88:76-82.

7. Jiang Y, Oron TR, Clark WT, Bankapur AR, D’Andrea D, Lepore R, et al. An expanded evaluation of protein
function prediction methods shows an improvement in accuracy. Genome Biol. 2016;17:184.

8. Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette MA, et al. Gene set enrichment
analysis: a knowledge-based approach for interpreting genome-wide expression profiles. Proc Natl Acad Sci U
S A. 2005;102:15545-50.

9. Liberzon A, Subramanian A, Pinchback R, Thorvaldsdéttir H, Tamayo P, Mesirov JP. Molecular signatures
database (MSigDB) 3.0. Bioinformatics. 2011;27:1739-40.

10. Kanehisa M, Sato Y, Furumichi M, Morishima K, Tanabe M. New approach for understanding genome
variations in KEGG. Nucleic Acids Res. 2019;47:D590-5.

11. Kanehisa M, Furumichi M, Tanabe M, Sato Y, Morishima K. KEGG: new perspectives on genomes,
pathways, diseases and drugs. Nucleic Acids Res. 2017;45:D353-61.

12. Kanehisa M, Goto S. KEGG: Kyoto Encyclopedia of Genes and Genomes. Nucleic Acids Res.
2000;28:27-30.

13. Pifiero J, Bravo A, Queralt-Rosinach N, Gutiérrez-Sacristan A, Deu-Pons J, Centeno E, et al. DisGeNET: a
comprehensive platform integrating information on human disease-associated genes and variants. Nucleic
Acids Res. 2017;45:D833-9.

14. Pifiero J, Queralt-Rosinach N, Bravo A, Deu-Pons J, Bauer-Mehren A, Baron M, et al. DisGeNET: a
discovery platform for the dynamical exploration of human diseases and their genes. Database [Internet]. 2015
[cited 2019 Apr 1];2015. Available from:
https://academic.oup.com/database/article/doi/10.1093/database/bav028/2433160

15. Smith CL, Blake JA, Kadin JA, Richardson JE, Bult CJ. Mouse Genome Database (MGD)-2018:
knowledgebase for the laboratory mouse. Nucleic Acids Res. 2018;46:D836—42.

16. Wu C, MacLeod I, Su Al. BioGPS and MyGene.info: organizing online, gene-centric information. Nucleic
Acids Res. 2013;41:D561-5.

17. Xin J, Mark A, Afrasiabi C, Tsueng G, Juchler M, Gopal N, et al. High-performance web services for
querying gene and variant annotation. Genome Biol. 2016;17:91.

18. Buniello A, MacArthur JAL, Cerezo M, Harris LW, Hayhurst J, Malangone C, et al. The NHGRI-EBI GWAS
Catalog of published genome-wide association studies, targeted arrays and summary statistics 2019. Nucleic
Acids Res. 2019;47:D1005-12.

19. The Gene Ontology Consortium. The Gene Ontology Resource: 20 years and still GOing strong. Nucleic
Acids Res. 2019;47:D330-8.

20. Ashburner M, Ball CA, Blake JA, Botstein D, Butler H, Cherry JM, et al. Gene ontology: tool for the
unification of biology. The Gene Ontology Consortium. Nat Genet. 2000;25:25-9.

21. Schriml LM, Arze C, Nadendla S, Chang Y-WW, Mazaitis M, Felix V, et al. Disease Ontology: a backbone
for disease semantic integration. Nucleic Acids Res. 2012;40:D0940-6.

22. Smith CL, Goldsmith C-AW, Eppig JT. The Mammalian Phenotype Ontology as a tool for annotating,
analyzing and comparing phenotypic information. Genome Biol. 2004;6:R7.

23. Edgar R, Domrachev M, Lash AE. Gene Expression Omnibus: NCBI gene expression and hybridization
array data repository. Nucleic Acids Res. 2002;30:207-10.

15


https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://doi.org/10.1101/721423
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/721423; this version posted August 5, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

24. Leinonen R, Sugawara H, Shumway M. The Sequence Read Archive. Nucleic Acids Res. 2011;39:D19-21.
25. Athar A, Fullgrabe A, George N, Igbal H, Huerta L, Ali A, et al. ArrayExpress update — from bulk to
single-cell expression data. Nucleic Acids Res. 2019;47:D711-5.

26. Szklarczyk D, Franceschini A, Wyder S, Forslund K, Heller D, Huerta-Cepas J, et al. STRING v10:
protein-protein interaction networks, integrated over the tree of life. Nucleic Acids Res. 2015;43:D447-452.
27. Li T, Wernersson R, Hansen RB, Horn H, Mercer J, Slodkowicz G, et al. A scored human protein-protein
interaction network to catalyze genomic interpretation. Nat Methods. 2017;14:61-4.

28. Stark C, Breitkreutz B-J, Reguly T, Boucher L, Breitkreutz A, Tyers M. BioGRID: a general repository for
interaction datasets. Nucleic Acids Res. 2006;34:D535-9.

29. Greene CS, Krishnan A, Wong AK, Ricciotti E, Zelaya RA, Himmelstein DS, et al. Understanding
multicellular function and disease with human tissue-specific networks. Nat Genet. 2015;47:569-76.

30. Huang JK, Carlin DE, Yu MK, Zhang W, Kreisberg JF, Tamayo P, et al. Systematic Evaluation of Molecular
Networks for Discovery of Disease Genes. Cell Syst. 2018;6:484-495.€5.

31. Altschul SF, Gish W, Miller W, Myers EW, Lipman DJ. Basic local alignment search tool. J Mol Biol.
1990;215:403-10.

32. Sleator RD, Walsh P. An overview of in silico protein function prediction. Arch Microbiol. 2010;192:151-5.
33. Whisstock JC, Lesk AM. Prediction of protein function from protein sequence and structure. Q Rev
Biophys. 2003;36:307—40.

34. Vazquez A, Flammini A, Maritan A, Vespignani A. Global protein function prediction from protein-protein
interaction networks. Nat Biotechnol. 2003;21:697—700.

35. Leone M, Pagnani A. Predicting protein functions with message passing algorithms. Bioinformatics.
2005;21:239-47.

36. Karaoz U, Murali TM, Letovsky S, Zheng Y, Ding C, Cantor CR, et al. Whole-genome annotation by using
evidence integration in functional-linkage networks. Proc Natl Acad Sci. 2004;101:2888-93.

37. Ideker T, Sharan R. Protein networks in disease. Genome Res. 2008;18:644-52.

38. Warde-Farley D, Donaldson SL, Comes O, Zuberi K, Badrawi R, Chao P, et al. The GeneMANIA prediction
server: biological network integration for gene prioritization and predicting gene function. Nucleic Acids Res.
2010;38:W214-20.

39. Kohler S, Bauer S, Horn D, Robinson PN. Walking the Interactome for Prioritization of Candidate Disease
Genes. Am J Hum Genet. 2008;82:949-58.

40. Vanunu O, Magger O, Ruppin E, Shlomi T, Sharan R. Associating Genes and Protein Complexes with
Disease via Network Propagation. PLOS Comput Biol. 2010;6:€1000641.

41. Leiserson MDM, Vandin F, Wu H-T, Dobson JR, Eldridge JV, Thomas JL, et al. Pan-Cancer Network
Analysis Identifies Combinations of Rare Somatic Mutations across Pathways and Protein Complexes. Nat
Genet. 2015;47:106-14.

42. Guan Y, Ackert-Bicknell CL, Kell B, Troyanskaya OG, Hibbs MA. Functional Genomics Complements
Quantitative Genetics in Identifying Disease-Gene Associations. PLOS Comput Biol. 2010;6:€1000991.

43. Park CY, Wong AK, Greene CS, Rowland J, Guan Y, Bongo LA, et al. Functional Knowledge Transfer for
High-accuracy Prediction of Under-studied Biological Processes. PLOS Comput Biol. 2013;9:e1002957.

44. Wang X, Gulbahce N, Yu H. Network-based methods for human disease gene prediction. Brief Funct
Genomics. 2011;10:280-93.

45. Schwikowski B, Uetz P, Fields S. A network of protein—protein interactions in yeast. Nat Biotechnol.
2000;18:1257.

46. Mostafavi S, Ray D, Warde-Farley D, Grouios C, Morris Q. GeneMANIA: a real-time multiple association
network integration algorithm for predicting gene function. Genome Biol. 2008;9:54.

47. Murali TM, Dyer MD, Badger D, Tyler BM, Katze MG. Network-Based Prediction and Analysis of HIV
Dependency Factors. PLOS Comput Biol. 2011;7:€1002164.

48. Cowen L, Ideker T, Raphael BJ, Sharan R. Network propagation: a universal amplifier of genetic
associations. Nat Rev Genet. 2017;18:551-62.

49. Zhou D, Bousquet O, Lal TN, Weston J, Schélkopf B. Learning with Local and Global Consistency. Proc
16th Int Conf Neural Inf Process Syst [Internet]. Cambridge, MA, USA: MIT Press; 2003 [cited 2019 May 31]. p.
321-328. Available from: http://dl.acm.org/citation.cfm?id=2981345.2981386

50. Zhu X, Ghahramani Z, Lafferty J. Semi-supervised Learning Using Gaussian Fields and Harmonic

16


https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://doi.org/10.1101/721423
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/721423; this version posted August 5, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

Functions. Proc Twent Int Conf Int Conf Mach Learn [Internet]. AAAI Press; 2003 [cited 2019 May 31]. p.
912-919. Available from: http://dl.acm.org/citation.cfm?id=3041838.3041953

51. Tsuda K, Shin H, Schoélkopf B. Fast protein classification with multiple networks. Bioinformatics.
2005;21:ii59-65.

52. Page L, Brin S, Motwani R, Winograd T. The PageRank Citation Ranking: Bringing Order to the Web.
[Internet]. 1999 [cited 2019 May 31]. Available from: http://ilpubs.stanford.edu:8090/422/

53. Komurov K, White MA, Ram PT. Use of Data-Biased Random Walks on Graphs for the Retrieval of
Context-Specific Networks from Genomic Data. PLOS Comput Biol. 2010;6:€1000889.

54. Deng M, Chen T, Sun F. An Integrated Probabilistic Model for Functional Prediction of Proteins. J Comput
Biol. 2004;11:463-75.

55. Nabieva E, Jim K, Agarwal A, Chazelle B, Singh M. Whole-proteome prediction of protein function via
graph-theoretic analysis of interaction maps. Bioinformatics. 2005;21:i302—-10.

56. Caceres JJ, Paccanaro A. Disease gene prediction for molecularly uncharacterized diseases. PLOS
Comput Biol. 2019;15:e1007078.

57. Lanckriet GRG, Deng M, Cristianini N, Jordan MI, Noble WS. Kernel-based data fusion and its application
to protein function prediction in yeast. Pac Symp Biocomput Pac Symp Biocomput. 2004;300-11.

58. Barutcuoglu Z, Schapire RE, Troyanskaya OG. Hierarchical multi-label prediction of gene function.
Bioinformatics. 2006;22:830-6.

59. Krishnan A, Zhang R, Yao V, Theesfeld CL, Wong AK, Tadych A, et al. Genome-wide prediction and
functional characterization of the genetic basis of autism spectrum disorder. Nat Neurosci. 2016;19:1454—62.
60. Grover A, Leskovec J. Node2Vec: Scalable Feature Learning for Networks. Proc 22Nd ACM SIGKDD Int
Conf Knowl Discov Data Min [Internet]. New York, NY, USA: ACM; 2016 [cited 2019 Mar 29]. p. 855-864.
Available from: http://doi.acm.org/10.1145/2939672.2939754

61. Mikolov T, Sutskever |, Chen K, Corrado G, Dean J. Distributed Representations of Words and Phrases
and their Compositionality. ArXiv13104546 Cs Stat [Internet]. 2013 [cited 2019 Mar 29]; Available from:
http://arxiv.org/abs/1310.4546

62. Mikolov T, Chen K, Corrado G, Dean J. Efficient Estimation of Word Representations in Vector Space.
ArXiv13013781 Cs [Internet]. 2013 [cited 2019 Mar 29]; Available from: http://arxiv.org/abs/1301.3781

63. Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, et al. Scikit-learn: Machine Learning
in Python. J Mach Learn Res. 2011;12:2825-30.

64. Choobdar S, Ahsen ME, Crawford J, Tomasoni M, Fang T, Lamparter D, et al. Open Community Challenge
Reveals Molecular Network Modules with Key Roles in Diseases. bioRxiv. 2019;265553.

65. Gillis J, Pavlidis P. The Impact of Multifunctional Genes on “Guilt by Association” Analysis. PLOS ONE.
2011;6:e17258.

66. Brown GR, Hem V, Katz KS, Ovetsky M, Wallin C, Ermolaeva O, et al. Gene: a gene-centered information
resource at NCBI. Nucleic Acids Res. 2015;43:D36—42.

67. Kahanda |, Funk CS, Ullah F, Verspoor KM, Ben-Hur A. A close look at protein function prediction
evaluation protocols. GigaScience. 2015;4:41.

68. Benjamini Y, Krieger AM, Yekutieli D. Adaptive linear step-up procedures that control the false discovery
rate. Biometrika. 2006;93:491-507.

69. Perozzi B, Al-Rfou R, Skiena S. DeepWalk: Online Learning of Social Representations. Proc 20th ACM
SIGKDD Int Conf Knowl Discov Data Min [Internet]. New York, NY, USA: ACM; 2014 [cited 2019 Feb 21]. p.
701-710. Available from: http://doi.acm.org/10.1145/2623330.2623732

70. Wang D, Cui P, Zhu W. Structural Deep Network Embedding. Proc 22Nd ACM SIGKDD Int Conf Knowl
Discov Data Min [Internet]. New York, NY, USA: ACM; 2016 [cited 2019 Feb 21]. p. 1225-1234. Available
from: http://doi.acm.org/10.1145/2939672.2939753

71. Cai H, Zheng VW, Chang KC-C. A Comprehensive Survey of Graph Embedding: Problems, Techniques
and Applications. ArXiv170907604 Cs [Internet]. 2017 [cited 2019 Mar 29]; Available from:
http://arxiv.org/abs/1709.07604

72. Cui P, Wang X, Pei J, Zhu W. A Survey on Network Embedding. IEEE Trans Knowl Data Eng. 2018;1-1.
73. Goyal P, Ferrara E. Graph Embedding Techniques, Applications, and Performance: A Survey.
Knowl-Based Syst. 2018;151:78-94.

74. Hamilton WL, Ying R, Leskovec J. Representation Learning on Graphs: Methods and Applications.

17


https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://doi.org/10.1101/721423
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/721423; this version posted August 5, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

ArXiv170905584 Cs [Internet]. 2017 [cited 2019 Mar 29]; Available from: http://arxiv.org/abs/1709.05584

75. Valdeolivas A, Tichit L, Navarro C, Perrin S, Odelin G, Levy N, et al. Random walk with restart on multiplex
and heterogeneous biological networks. Bioinforma Oxf Engl. 2019;35:497-505.

76. Zhao B, Zhao Y, Zhang X, Zhang Z, Zhang F, Wang L. An iteration method for identifying yeast essential
proteins from heterogeneous network. BMC Bioinformatics. 2019;20:355.

77. Cho H, Berger B, Peng J. Compact Integration of Multi-Network Topology for Functional Analysis of Genes.
Cell Syst. 2016;3:540-548.€5.

78. Gligorijevi¢ V, Barot M, Bonneau R. deepNF: deep network fusion for protein function prediction.
Bioinformatics. 2018;34:3873—-81.

79. Zitnik M, Leskovec J. Predicting multicellular function through multi-layer tissue networks. Bioinformatics.
2017;33:i190-8.

80. Bai J, Li L, Zeng D. HiWalk: Learning node embeddings from heterogeneous networks. Inf Syst.
2019;81:82-91.

81. Yang K, Wang R, Liu G, Shu Z, Wang N, Zhang R, et al. HerGePred: Heterogeneous Network Embedding
Representation for Disease Gene Prediction. IEEE J Biomed Health Inform. 2018;1-1.

82. Li Y, Kuwahara H, Yang P, Song L, Gao X. PGCN: Disease gene prioritization by disease and gene
embedding through graph convolutional neural networks. bioRxiv. 2019;532226.

83. Alshahrani M, Hoehndorf R. Semantic Disease Gene Embeddings (SmuDGE): phenotype-based disease
gene prioritization without phenotypes. Bioinformatics. 2018;34:i1901-7.

84. Ata SK, Ou-Yang L, Fang Y, Kwoh C-K, Wu M, Li X-L. Integrating node embeddings and biological
annotations for genes to predict disease-gene associations. BMC Syst Biol. 2018;12:138.

85. Nelson W, Zitnik M, Wang B, Leskovec J, Goldenberg A, Sharan R. To Embed or Not: Network Embedding
as a Paradigm in Computational Biology. Front Genet [Internet]. 2019 [cited 2019 Jul 8];10. Available from:
https://www.frontiersin.org/articles/10.3389/fgene.2019.00381/full#h8

86. Li X, Li W, Zeng M, Zheng R, Li M. Network-based methods for predicting essential genes or proteins: a
survey. Brief Bioinform [Internet]. 2019 [cited 2019 Feb 26]; Available from:
https://academic.oup.com/bib/advance-article/doi/10.1093/bib/bbz017/5320214

87. Zhang X, Acencio ML, Lemke N. Predicting Essential Genes and Proteins Based on Machine Learning and
Network Topological Features: A Comprehensive Review. Front Physiol [Internet]. 2016 [cited 2019 Feb 28];7.
Available from: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4781880/

88. Lee Y, Krishnan A, Zhu Q, Troyanskaya OG. Ontology-aware classification of tissue and cell-type signals
in gene expression profiles across platforms and technologies. Bioinformatics. 2013;29:3036—44.

89. Lee Y, Krishnan A, Oughtred R, Rust J, Chang CS, Ryu J, et al. A Computational Framework for
Genome-wide Characterization of the Human Disease Landscape. Cell Syst. 2019;8:152-162.€6.

90. Saito T, Rehmsmeier M. The Precision-Recall Plot Is More Informative than the ROC Plot When Evaluating
Binary Classifiers on Imbalanced Datasets. PLOS ONE. 2015;10:e0118432.

91. Davis J, Goadrich M. The Relationship Between Precision-Recall and ROC Curves. Proc 23rd Int Conf
Mach Learn [Internet]. New York, NY, USA: ACM; 2006 [cited 2019 Feb 20]. p. 233—-240. Available from:
http://doi.acm.org/10.1145/1143844.1143874

18


https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://www.zotero.org/google-docs/?Df8awS
https://doi.org/10.1101/721423
http://creativecommons.org/licenses/by/4.0/

